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AIRPLANE DETECTION AND IDENTIFICATION BASED ON MASK
REGION CONVOLUTION NEURAL NETWORK

SUMMARY

Traveling is a critical need for humans. Throughout their lives, humans need to travel
for many reasons such as improving their lives, escaping from imminent danger,
visiting their relatives, stuff transporting, and emergency cases such as giving
someone help or rescue others. There are different ways for traveling and stuff
transportation; air, land, and sea, but when comparing them through safety, cost, and

speed, the best choice for most people is flying.

The number of flights performed all-inclusive by the aircraft business increased
consistently since the mid-2000s, and it is expected to reach 40.3 million this year.
So to handle such dramatical growth, a lot of new fight routes are generated, which

puts massive pressure on airports and causes high traffic jams at airports.

To point this status, let us take Turkey as a case of study. Turkey has more than 57
airports; most of them are international airports. To be more specific, let us take the
most critical and modern airport, Istanbul airport. This airport served more than 50
million passengers last year, which is a considerable number that requires a huge
effort in organizing the air traffic. The point which is essential here is that this
number is continually increasing and is expected to reach 60 million in the future,
which seems that it could be handled according to modern technology used in this
airport, but what if this number keeps increasing!

The increasing number of flights performed per day puts excessive pressure on the

air traffic control system. Thus, providing a method to support ground traffic control
is desirable.
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One of the methods used to solve this issue is airplane detection using satellite
images with a deep learning approach where the dataset is collected from public
satellite sources[14]. Using such methods is not a universal solution because they are
using satellites as a source of their data. Also, preparing satellite images takes a long
time to prepare them using image processing techniques. Thus, these approaches
have a high cost and a long operating time. In the method used here, the drones
dataset is used, which is cheap to be acquired and fast to be processed, so any
country in the world, especially those that do not have modern technology to own a

satellite, can use this solution to help them control the traffic jam.

MASK RCNN algorithm is the technique used here. It has a faster R-CNN as its
building base with simple critical modifications on its head neural network
constructions. Then it adds masks estimation, which allows us to detect whether
there is an airplane or not, and helps in the estimation of the surface area and length

of each plane so that the traffic control will be more accurate.

In terms of image visualizations, there are perfect results of detection within scores
of 100%, 90s%, and 80s%. And there are some with low score detections, such as
50s%. The evaluation gave promised values in terms of COCO metrics compared

with other researchers' results.
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UZERINE GORE UCAK TESPIT VE TiP TANIMLAMA MASK REGION
CONVOLUTION NEURAL NETWORK

OZET

Seyahat etmek insanlar i¢in kritik bir ihtiyagtir. Insanlar yasamlarmi gelistirmek,
tehlikelerden kag¢mak, akrabalarini ziyaret etmek, esyalarmi tasimak ve acil
durumlarda birilerine yardim ulastirmak veya onlar1 kurtarmak gibi bir¢ok nedenle
yasamlart boyunca seyahat etmeye ihtiyag duyarlar. Seyahat etmek ve esya
tasimacilig1 i¢in hava, kara ve deniz gibi farkli yollar vardir; ancak bu yollarin
giivenlik, fiyat ve hiz konusunda degerlendirilmesi s6z konusu oldugunda, insanlar

icin en iyi segenek havaciliktir.

2000’11 yillarin ortasindan itibaren, hava tasiti isletmeleri tarafindan uygulanan her
sey dahil ugak seferleri de devamli olarakartmistir ve bu uygulamalarin 40.3 milyona
varmasi beklenmektedir. Ugak seferlerindeki bu carpici biiylime, yeni varis noktalari
ortaya c¢ikarir. Bu, ayrica havalimanlarina biiyiik baski yiikler ve ucak seferlerinde

trafik sikisikligina neden olur.

Tiirkiye’yi bu durumun 6nemine isaret etmek i¢in ¢alisma 6rnegi olarak ele alalim.
Tirkiye cogunlugu uluslararasi olmak tizere 57°den fazla havalimanina sahiptir.
Daha kesin ve acgik olmasi icin en kritik ve modern havalimani olan Istanbul
Havalimani’ndan bahsedelim. Istanbul Havalimani gecen yil 50 milyon yolcuya
hizmet vermistir, ki bu biiyiik bir sayidir ve hava trafigi organizasyonunda biiyiik bir
caba gerektirir. Buradaki asil Onemli nokta ise bu sayr hala artmaktadir.
Aragtirmalara gore, bu say1 60 milyonlara varabilir, ve goriilen o ki havalimaninda
kullanilan modern teknoloji de bu durumla bas edebilir; ancak ya bu say1 artmaya

devam ederse, ne olur!

Giinden giine artan ucak seferleri sayis1 hava trafik kontrol sistemleri iizerinde bas
edilmesi gii¢, biiyiik bir baski yaratir, bu yakin gelecekte de artacagi tahmin edilen
bir sayidir, nitekim hava trafik kontrolii i¢in farkli bir method temin etmek bu

giinlerde istek uyandirmaktadir.
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Bu sorunu ¢dzmek icin kullanilan yaklasimlardan biri, uydu goriintiilerini derin
O0grenme yaklasimiyla ve kamu uydu kaynaklarindan toplanan veri kiimeleriyle
birlikte degerlendiren ugak algilama yontemidir [14]. Bu tiir ¢6ziim yontemleri
verilerinin kaynagi olarak uydu kullandiklarindan dolayr evrensel degildir. Bununla
birlikte, uydu goriintiilerini hazirlamak goriintii isleme teknikleri kullanimi yiiziinden
¢ok zaman alir, dolayisiyla bu ¢6ziim maliyette ve zamanda kayip igerir. Burada,
insansiz ucak veri kiimesini kullanan yontem yerine, diinya iizerindeki kendi uydusu
icin modern teknolojiye sahip olmayan herhangi bir iilke bu ¢éziimii ucuslardaki

trafik sikigikliginda kendilerini giivenli hale getirmek icin kullanabilir.

Burada kullanilan teknik daha hizli RCNN’yi bas sinir ag yapilarinda basit, kritik
degisikliklerle yapi1 tabani olarak alir ve ucak olup olmadigini tespit etmeye izin
veren maske kestirimi ekler, yiizey alani ve her ugagin uzunlugunu kestirir, buMASK

RCNN algoritmasidir, boylece trafik kontrol dogru ve kesin olur.

Goriintli gorlintiilleme agisindan 100%, 90% ve 80% skorlarima varan miikemmel
algilama sonuclar1 vardir; ancak %50 gibi diisik bazi skorlar da mevcuttur.
Degerlendirme COCO metrik acisindan, uydu goriintiileri kullanan diger

aragtirmacilarin sonuglari ile kiyaslandiginda vaat edilen degerleri vermektedir.

Arastirmanin benzersiz yonii, burada kullanilan teknigin diinyanin herhangi bir
havaalaninda uygulanabilmesidir. Havalimaninin  ihtiyaclart  dogrultusunda
belirlenen, her zaman diliminde sisteme sabit goriintliler saglayan insansiz hava
araclarina havalimaninin belirli yerlerinde gerek duyulmaktadir. Diger teknikler bunu
yapabilmek i¢in maliyet ve karmasiklik acisindan biiyiik farka neden olan uydulara
ihtiya¢ duyarlarken, insansiz hava aracglar1 herkes tarafindan her yerde kullanilarak
bu goriintiileri elde edebilir. Uydu ile goriintiileri elde etmek, farkli gereksinimlere

cevap vermek ve calismak daha zordur.

Burada kullanilan teknik, havaalanindaki her bir u¢agin yiizey alanim kesin olarak

belirlemede 6nemli bir avantaj saglar. Bu avantaj, son derece hassas ugus kontroliine
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imkan verir. Havaalan1 gorevlileri ucagin yilizey alani hakkinda bilgi sahibi olarak,

ucak tipini, lireticisini ve zelliklerini belirleyebilirler.

Bu c¢alismada esas olarak insansiz hava ugak goriintiileri veri kiimesi olarak
kullanilmistir. Dolayisiyla, dogrudan goriintiilerle ilgili bir ¢aligma yoktur, ek olarak
bir kiyaslama noktasi olusturmak i¢in uydu goriintiileri de degerlendirilmistir. Bu
calisma, uydu goriintiileri kullanilarak yapilan ¢alismalara kiyasla yakin sonuglar

vermistir.
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1. INTRODUCTION

Obiject detection is a process that aims to differentiate between objects based on data
extracted from images or videos. Different objects have different patterns that make
them different. For frames that contain random patterns, they considered as noise, so
the ability to separate these patterns and identify the object is the ultimate goal for

target detection.

Specialists and image processing experts always want to identify whether an object
exists or not. For example, petrol engineers look for oil in the same area on earth.
Laboratory guys search for disease, and weather guys work to find actions or

conditions to determine or predict the future weather situation.

The basic idea is comparing data with a threshold so that they can determine an
object's existence or action's happening If the limit is exceeded. The basic clear
example is the detection process that occurs in the human visual system. This process
looks for signatures that make objects different than background. And this difference
between background and objects must be more significant than the threshold to be
detectable. In technology, a clear example of that is a Facebook automatic tagging; it

could recognize and identify faces directly from images.

Going deeply into image processing and understand its needs is not just concerning
classification different images, but also put great attention on finding a precise
estimation of objects’ locations and their concepts. This complicated task is the
function of object detection. That’s why this function always divided into different
subtasks like face detection, pedestrian detection, and skeleton detection. Object
detection gives us high accurate information for semantic understanding of images,

videos, or any such kind of data.



Working in this field develops indeed its building block, which is the neural network
(NN). The neural network considered a building block for different kinds of learning
systems, including deep learning (DL). This development in neural network effects a
positive impact on object detection techniques.

In fact, from object detection’s function requirements, there is a specification for two
problems. The first one is determining where objects are located in an image, which
is called object localization, and the second one is object classification. These two

problems construct DL's network and configure its pipeline model.

The pipeline constructed from three stages. Informative region selection is the first
stage, which focuses on different objects with different sizes and aspect ratios. It is
done by scan the whole image with a sliding window. The second stage is feature
extraction to recognize different objects to extract visual features. These because
these features can produce representations associated with complex cells in the
human brain. The last stage is classification to distinguish the target object from all
other categories[1].

Considering milestones that make object detection DL-based more clear by focusing
on most significant publications, which led to surprising results nowadays. As
mentioned above, there is a pipeline for DL's model. The first stage in this pipeline is
the region proposals, regions of interest(Rol), which aim to generate region on an
image that could belong to an object. They use a selective research algorithm that

generates sub-segmentations of images based on color, texture, size, and shape.

The next step is feature extraction from region proposals, which uses a convolution
neural network (CNN) to generate a multidimensional feature vector for each region
proposal for every image. The training of CNN passes through supervised pre-
training now called (AlexNet) which has five convolutional two fully connected
layers. It has been trained through image classification among a large number of

images so it can learn basic features. Then the CNN passed through fine-tuned to
2



learn to identify classes belonging to the detection task from region proposals. Then
the final classification from pre-training replaced with the N+1 SOFTMAX

classification layer, here N represents object classes, and one is for the background.

Each image input converts into a fixed-size by fixed aspect ratio. And the labels for
training are done by authors map each object proposal to a ground-truth instance with
which has max intersection over union (loU) overlap. The loU has a threshold, so if
this threshold exceeded one box, then the rest boxes treated as background class. The
training of pipelines done by using stochastic gradient descent (SGD) with an
approximately one-tenth learning rate. It is doing iteration for every positive and

negative window over all classes. The negative ones are the background classes.

The second stage is object classification. Some of the most popular publications use
a support vector machine classifier which used to detect whether the object exists or
not. This stage consists of feature vector input that produced from the first stage of
the region proposal. It labels each loU overlap less than the least threshold with
negative and any loU overlap grater than that threshold positive. Finally, the third
stage is the bounding box regression to improve localization performance [1][2][3].

Based on what mentioned above, it is fair enough to summarize the most building
unit techniques work as following: Region-based CNN (RCNN), it takes an input
image then does extraction around 2000 bottom-up region proposals after that, it
computes features for each proposal using a vast convolutional neural network
(CNN), finally classifies each region using SVMs. R-CNN achieves a mean average
precision (MAP) of 53.7% on PASCAL VOC 2010 [2].

Fast R-CNN is no longer using SVMs just uses CNNs (single-stage). It does one
single feature extraction per image instead of doing it per region, making it much
faster 9x faster at training, 213x quicker at test[3]. Faster RCNN introduces RPNs
(Region Proposal Networks), which are one type of fully convolutional network.

They take an image of any size as input and output a set of rectangular object



proposals, each with an objectness score. Using an RPN instead of SS (selective
search) slightly improved mAP from 66.9% to 69.9% on Pascal VOC[4].

MASK RCNN continues from where faster RCNN left and added some
augmentations aim to make-instance segmentation. It has been designed for pixel-to-
pixel alignment between network inputs and outputs by replacing RolPool in faster
RCNN by RolAlign.Its result got AP 37.1 on COCOI5].

Based on this introduction about DL so far, this thesis aims to use DL technologies to
introduce an efficient contribution to support flight control to decrease flight jams at
the airport. Through using airplane detection with surface area estimation using

drones images as a dataset.

1.1 Purpose of the Thesis

Due to fast development in technology, several facilities are increasing in each field
of modern life which depend on technology. One of these facilities is fly traveling
since it is the favored way to go for most people due to several things such as safety

and speed.

Applicants' numbers increase dramatically to this service lead to an increase in
airplanes used; consequently, these lead to flight traffic Jams. The flight ground
control has difficulties once the traffic increases, So providing a method of traffic

control to support current traffic control is desirable nowadays.

One of the methods used to solve this issue is airplane detection using satellite
images with the DL approach with a dataset collected from public satellite
sources[6]. Using such kind of methods is not a universal solution, because they are
using satellite as a source of their data. Instead, This thesis uses drones dataset, so
any country in the world, especially those countries which do not have modern

technology or do not own satellite, can use this approach to solve fly traffic jam.



The technique used here is not just to detect whether there is an airplane or not. Still,
also it determines the surface area of each plane, so the traffic control will be more
accurate and could be joined to the database of airplane companies to know which

type of aircraft depending on its surface area.

1.2 Unique Aspect

The technique used here could be applied at any airport in the world. It needs just
drones at specific locations in airports to supply the system with fixed images every
period determined by the airport's need. Whereas other techniques need satellites, so
there is a vast difference in terms of cost and complexity. Drones are everywhere,
and anyone can obtain them, but for satellite, it's hard somehow to purchase and
operate due to complicated requirements and modern technology.

The technique used here also provides an essential advantage for precisely
determines the surface area of each plane at the airport. This advantage will leads to
highly accurate flight control. Drone images do not need extra pre-processing; they
are typical images. These images could be forwarded directly into the system. In
contrast, satellite images need pre-processing steps such as removing noises or
graphical corrections, so this solution has less time to perform airplane detection
task. By knowing the surface area and length of the airplane, the airport officers will
be able to determine airplane type, name, manufacturer, and its specifications.






2. LITERATURE REVIEW

This chapter provides a comprehensive summary of concepts, methods, and selected
studies in object detection. The goal is to provide reliable base information and gain

powerful knowledge that allows reaching the ultimate purpose of this work.

2.1 Neural Network
They are computing systems vaguely inspired by the biological neural networks that

constitute human brains. Such systems learn to perform tasks by considering
examples, generally without being programmed with task-specific rules.

2.1.1 Perceptrons

It is a type of neurons that takes several inputs and produces a single binary output. It
is the first and oldest building unit block of the neural network. The easiest way to
compute its output had done by Rosenblatt, who proposed a simple rule to compute
the output. He introduced weights (w_1, w_2 etc) and these weights are associated
with inputs (x_1, x_2..etc). Weights represent the importance of such input to affect

the output result.

Outputs have two values either “1” or “0”, it could be calculated from a weighted
sum ¥;w; x; concerning a threshold value. If the weighted sum is higher than the

threshold value, then the output is “1” else output is “0”".

It is better to change the summation notation },; w; x; to dot product notation w.x

where w and x are vectors, for simplicity purposes. Besides moving the threshold to
the other side. Then dealing with it as bias instead of a threshold [7].

output =w.x + b 2.1)



2.1.2 Sigmoid neurons

Learning's algorithm, in simple words, means small changes in weights and biases
lead to small changes in output. This idea could not be addressed with perceptron,
because small changes in weights or bias of any perceptron in the network can cause
a complete change situation for perceptron’s output; it may completely flip from “0”

to “I” or reversed.

So there is a need for a smart way that enables small change in the weighted input to
make corresponding small changes in output. The sigmoid neuron offers a solution to
do that. It is the same as the perceptron except for its data and outputs; they are not
just two values. Its inputs may be any value in the range (0-1) and also its outputs.

1

2.2
14+e2 22)

o(z) =

Sigmoid neurons could be considered as a smooth face for perceptron. In
mathematics language, it could be represented in terms of graphs and equations, as
shown below.

doutput doutput

T AW 4+ —— A 2.2
(')Wj w; + b (2.2)

Voutput =

small change in any weight (or bias)

causes a small change in the output

w4 Aw

—— output+Aoutput

/

Figure 2.1: Learning algorithm [7].



sigmoid function
1 — stepfunction

Figure 2.2: Sigmoid vs. perceptron neurons [7].

2.2 Methodology and Structure

The methodology and structure of a neural network could be best described through a
handwritten digit's recognition example. The figure shown below is a handwritten
number for 3, in a low-resolution picture of 28 x 28 pixels. However, the human
brain has no problem recognizing it as a 3, even if there are different types of writing
styles. Although different writing styles mean different values for each pixel, the

brain could consider this number is 3 easily.

Figure 2.3: Handwritten digit with a low-

resolution image [40].

Brain's functionality inspires engineers in developing neural networks. Like the
brain, a neural network consists of neurons connecting. The neuron here defined as a

thing that holds a decimal number from 0-1 to represents the grayscale value of the



pixels, then values 1s are assigned to white pixels and Os for black pixels. These

values called activations.

In a handwritten digit example, the image has 28 x 28-pixel resolution. In total, this
image has 784 pixels, which, in turn, represent the input neurons for the neural
network, and they construct the first layer, the input layer. The ultimate goal of the
neural network is to distinguish numbers from 0-9, so the final layer formed by ten
neurons, the output layer. Between the input layer and the output layer, there are

essential layers called hidden layers.

The key idea which enables neural network to distinguish between these ten digits is
that the activations in one layer determine the activation in the next layer, so a group

of neurons which have fired cause the next group of neural to be fired.

The brightness values of the image fire the input neurons; each pixel has its
brightness value. This step forms a firing pattern, then each pattern of firing or
activation causes another trend in the next layer for activations, which causes another
type of activations in the next layer, and so on until reaching the output layer.
Finally, according to the values of activations, the maximum value represents the

neural network decision about which digit is that.

The structure of the above neural network could be constructed from two hidden
layers. According to this structure, the second hidden layer may recognize patterns of
loops and sticks, which they build the digits. These patterns could be broken into
basic ones. Such as circles could be grouped of different curves, lines could be
formed from more than two small lines. Neurons of the first hidden layer may

recognize these smaller curves and lines.
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Figure 2.4: Neural network methodology and structure [40].

As a result, It could be generalized neural networkability of recognizing simple
handwritten images to do recognition of complicated images. This conclusion relays
on the fact of an image; each image consists of specific patterns; once recognizing
these patterns, it acknowledges the whole image.

Figure 2.5: Recognizing a complicated image [40].

2.3 Learning Techniques

Learning operation in neural network aims to adjust neuron’s weights of hidden
layers. It means learning without being programmed, it learns from information

examples and last data then processed current data in precision accuracy.

2.3.1 Unsupervised learning techniques

This technique does not use labeled data, so it has a save time advantage. It uses
clustering ways to group samples according to how much they close to each other.K-
means clustering, and Restricted Boltzmann Machines (RBMs) are well-known

techniques [8]. Taking k-means clustering as a clear example to show how does these
11



techniques work, It creates k-number of centroids randomly with multiple iterations
to find the best ones. Then any data close to the particular cluster centers, centroid,

will be assigned to that cluster.

O = argminy|lx? — 2.

p = Yy Hc® = j} x® (2.5)
g > 1{c® =j}

Where x® is the training set € R™, ¢® is a cluster label, and p; the centroid.
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Figure 2.6: K-means cluster workflow [37].

Applications in remote sensing (RS) use these techniques, such as airplane
detection using Deep Belief Network (DBN), which has been constructed by RBMs
stacking [9]. Aircraft and car detection using the k-means clustering method through
the Scale-Invariant Feature Transform  (SIFT) features [10]. Unsupervised
convolution neural network used for extracting spectral and spatial features [11].

Ships detection using optical satellite images with deep autoencoder structure [12].

12



2.3.2 Supervised learning techniques

This technique used training over manually labeled data, which is the main reason
that makes supervised methods give more accurate results in the estimation of the
new sample. The support vector machine (SVM ) is the most popular technique. It
used for classification tasks by developing a function that separates sample data into
different categories. SVM aims to define a hyperplane between feature vectors

extracted from samples and considering it as a margin that needs to be maximized.

fX)=WTx+b=y

(2.6)
Ify>1-vxeclassl, ify<—1-Vxeclass2:
Margi 2 (2.7)
arginm = —— -
7 Il

Convolution neural network (CNN) is an interesting supervised technique nowadays.
It is a neural network that works with two-dimensional image data. The convolution
process that takes place inside is the main reason for its naming. The convolution is a

linear operation that implies multiplication of weights with input. These weights
called a filter or kernel as usual.

Filters always are smaller than input in size. The dot product process takes place
between filter and image. After multiplication, a summation process takes place to
produce a single value. The filter goes through the entire image as a sliding window;
thus, it discovers the feature anywhere in an image.

Filter Convolved
o Feature
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Figure 2.7: Convolution layer workflow [41].
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There are different applications used in this field, like object detection in RS with
Deep Network (HDNN) [13]. Using SVM to detect airports and airplanes [14]. As
they did in ship detection, they used SIFT extracted previously to feed SVM using
panchromatic images [15]. Using CNN for application on satellite images to aircraft
and vehicle detection, like Zhong Yang, G.Hu, J.Han, L.Huang, they replaced the
selective search by saliency. Due to many negative samples in the generated region
proposal for RCNN, which will affect the model detection precision, saliency uses
the human visual attention mechanism to achieve bottom-up object detection [16].
Lin Lei, T.tang, H.Zou, and Z. Deng treated with two problems in Faster RCNN.
RPN layer has poor performance for small-sized objects localization, and a classifier
is not reliable enough to distinguish vehicles and background, so they employed a
hyper region proposal network (RPN) and replaced the classifier by a cascaded of
boosted classifiers [17]. S.Zhang, R.Wu, K.Xu, and W.Sun, they introduced a fast
region-based convolutional neural network (R-CNN) method to detect ships from
high-resolution remote sensing imagery [18][19]. M.SOYDAS used a dataset
collected from public satellite sources. He used SSD, faster RCNN, and YOLO
object detection models, his results shown proper detection for faster RCNN and
YOLO models according to COCO metrics [37] B. TRAORY used deep learning
methods with high-resolution satellite images with two types of object detection
models (SSD and faster RCNN). His dataset collected from public satellite sources
such as WPU-RESISC45, WHURS19, and aerial image datasets. His results shown
proper detection for SSD models according to COCO metrics. M.Khan, A.Yosef,
and S.Nadeem used EdgeBoxes to produce proposals at the beginning, and then
proposals have been filtered by geometric checking. Finally, CNN used for feature

extraction and classification[38].
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3. LEARNING ALGORITHMS

Neural networks have a lot of excitement, as they are quickly proving to be a
promising and practical form of machine intelligence. This chapter simplifies the

fundamentals of learning algorithms to get the idea behind the learning process.
3.1 Details on Detection Edges in The First Layer

Suppose that a neuron in the next layer after the input has to recognize edges from
the input layer. The idea is assigning weights connecting each neuron in the input
layer with the specified neuron. Then taking all activations of the input layer and
computing their weighted sum.

X =wja; + wya, +wsaz + --wpa, (3.2)

where w,, represents weights and a,, represents activations. The input image is a
pixels-based grid. Each pixel assigns its value to the input neuron. Some of these
values are positives, and others are negatives, then equalizing those negative values

with zeros will produce edges detection.

Computing a weighted sum might be any number in the number line. There is a need
to make this value in the range (0-1) in the neural network. So there is a need for a
function to squeeze results between zero and one. A sigmoid function could be used
to do that.

__ 1 (3.2)
o(x) = 1+e7X
o (wya; + wya, + wiag + - wpa,) = 0(x) (3.3)
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Assuming that neuron needs to be lighted up when the weighted sum is more
significant than 10, then it needs adding a bias 10 to the weighted sum before

plugging it to the squeeze function.

o (wja; + wya, + wiag + ---wpa, + 10) (3.4)

These processes are just for one neuron. Other neurons have the same number of
processes. Of course, these steps are complicated and confusing, thus if the first layer
after the input has 16 neurons and each one has 784 connection weights and 16

biases, then in total

784 x16 + 16 = 12560 (3.5)

for the previous neural network which contains 784 x 16 x 16 x 10

(784x 16 + 16) + (16 x 16 + 16) + (16 x 10 + 10) = 13002 (3.6)

3.2 Learning Process Details

Using linear algebra, it could organize all activations in the previous layer as a
column vector, and all weights as a matrix within each row represent the connection
for each neuron in the current layer to the last layer. It means taking the weighted
sums for activations in the previous layer and assigns them to neurons in the current
layer by arrays multiplication process. The next step is organizing biases as a column

vector and adding them to the result. Then finally, enter all of them to a sigmoid

function.
WO,O WO,l . WO,TL aOO bo
0([W1,0 Wi e Wl,n] e+ [b1] )= al (3.7)
Wko Wi Wgn a,’ b,
al = oc(Wta® +b?) (3.8)
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Where a® represents the activation vector of the second layer, W weights matrix, and
b biases. It is beneficial for coding and makes it easier and faster. So, it would be
useful to consider a neuron as a function instead of dealing with it as a thing that
holds a number. Finally, the overall neural network is a complicated function that

takes the input as activations and transforms it into output.

Yo
] (3.9
Yo

f(ag, ay..a7g3) =

It is essential to mention that sigmoid function not used frequently nowadays;
because it makes the learning process slow. There is another function that fits the
speed required in a neural network. This function called ReL; it does a rectification
job with a linear behavior. It takes the maximum value between the zero and a

specified amount.
ReLU(a) = max(0,a) (3.10)

So how does the neural network learn, what are the appropriate values for weights?
At this moment, we think that each neuron is connected to all neurons in the previous
layer. Its weights represent the strength of these connections, and the bias is indicated

whether this neuron tends to be active or not.

The critical solution is initializing all these weights and biases randomly. This
process, for sure, gives bad results at the output layer. Then it is needed to a way of
telling the computer that this result is not correct. It could be addressed through a
cost function. The basic form of a cost function is the squared error root; it adds the
squared differences of random activation neurons and desired values. The value of
this function is small when the network recognizes images correctly because the

differences will be small.

Cost value has to be calculated for every single training example. Nowadays, they

use the train batches approach; in consequence, the average cost value has to be
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calculated every single step of training. This function is a substantial
multidimensional function consists of multiple variables; weights and biases. The
cost function of the previous neural network has 13002 variables; This gives a feel of

how much is it big!
Cost function: C(wy, Wy ... Wy3002) (3.11)

Simplification of the complexity of cost function may be addressed by assuming it
has just one input and one output, such as y(x) = x2 + 10. The purpose of learning is
minimizing cost value. In this case, it is trivial; it could be solved by making a cost
function derivative equals to zero. Increasing inputs to two variables like the X-Y
plane makes the cost function appears like a plane graph on the top of that X-Y plane.
Here the complexity becomes higher than one input due to more than two directions
to step into according to their slopes. For more complicated functions, it is not easy
to find its minimum value as it had done above. But it could somehow get benefits
from slopes and to make small steps, stepping to the left if the slop is positive and to
the right, if it is negative. With repeating this process a few times, it could reach a
local minimum of this function, but there is no grantee that this minimum is the

smallest one.

Figure 3.1: One variable vs. two variables cost [40].

In the calculus of multivariable, there is a term called Gradient VC(x,y), which
gives the direction of the steepest increase. If we take the contrary direction— VC, it
will lead to the most precipitous decrease, which may be applied to cost function to
find its minimum value. Repeating this step by taking a small step in— VC direction,

over and over, the minimum of the cost function will be reached.
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Backward to cost function, which consists of 13002; weights and biases as inputs.

Organizing them in one vector W then the negative gradient is a vector that contains

13002 values to adjust direction and amount of stepping. comparing the values of W

with —W indicates which weights have critical effects for decreasing cost rapidly
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(3.12)

Backpropagation is an algorithm to compute the gradient efficiently, which is

effectively the heart of how the neural network learns. Taking a deep focus on the

effect of —VC(W) on weights and biases. —7C(W) gives a lot of information about

whether some weights have to decrease or increased in different amounts.

To clarify this point, by considering the two-dimensional cost example below, Then

compute its gradient at point (1,1). The result indicates that the x component 3 has

more effects on cost function comparing to the y component.

Figure 3.2: VC(W) effect.
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Until this point, the neural network has been initialized with random weights and
biases; after that, they have been modified and adjusted many times based on the
gradient descent process. The question that jumps to mind is how it behaves with

images that it has not seen before!

It behaves incredibly to identify them, yes, not all of them, but it reaches more than
80%. Yes, it is incredible since we do not tell the network which patterns that it looks
for. For the previous system, the structure of two hidden layers with 16 neurons each,
one input layer 784 neurons and one output layer with ten neurons. It is expected that
the first layer after input recognizes edges, and the second one indicates patterns, but

there is no guarantee wither this behavior occurs or not; in most cases, no.

Suppose the input is a random input image. As expected behavior of intelligence, the
neural network must give uncertain results such as deactivate all output neurons or
activating them all at the same time. But what happens sometimes, in reality, is
offering a non-sense answer; It decides for an appropriate response as it is fed into
the system. In conclusion, even if the neural network able to recognize images,

ideally, it has no idea how they can draw them.

3.3 Back Propagation

As mentioned before, it is an algorithm that could compute the complicated gradient
of neural networks. -PC (All weights and biases) could be considered as a direction
in 13002 dimensions. But it is not easy to think in terms of 13002 dimensions;
instead, we can think about it in terms of its amplitudes. As each amplitude in -IiC

gives information about how much it is sensitive to each weight and bias.

Cost function involves costs averaging per each example for tens of thousands of
training examples. The way, which weights and biases adjusted for a single gradient
descent step, depends on the example itself. Figures below demonstrate this process

for one example. It is for recognizing digit 2.
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Figure 3.3: Backpropagation, for one example [40].

In the beginning, the network still not trained yet, so the activations in the output
layer will be random, and it cannot directly change this activation. Instead, it is
helpful to track which adjustment we wish should take to obtain the correct result at
the output. In this example, the goal is to classify the image as 2. It implies raising
the activation of neuron 2 in the output layer to 1 while decreasing others to 0. The
sizes of nudges should be proportional to how far away each value from the targeted
values.

The value of activation for neuron 2 equals the weighted sum and biases of all
previous layers plugged into the ReLU function. Three parameters affect the

activation of a current neuron, which are weight, previous activation, and bias.

Let us take the weight as a case study; increasing weights joined neuron 2 to the
previous neurons will help to increase the activation value current neuron. Taking
into consideration that weights that are connected from high activated neurons from
the previous neuron to the current neuron have much effect on increasing the current
activation. For previously talking about - I'C, there was no need to talk about nudges.

It just cares about which one gives the most effect.

Another way to increase the current neuron activation is by making every previous
neuron connected with negative weight got dimmer and vice versa. And doing that

backward to uninterested neurons. It is the point where the idea of propagation
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backward comes in. By adding all desired effects together, it produces a list of
nudges that suppose to happen in the previous layer. The previous explanation is just
for the single neuron in the output layer, Neuron 2. Other neurons have the same

processes.

Figure 3.4: Nudges increasing and decreasing —backpropagation [40].

In practice, it takes an extremely long time to add up the influence of each training
example every single gradient descent step. Instead, a random shuffle process applied
for training data and then divided it into a whole bunch of mini-batches, let us say
that each mini-batch has ten training examples. It is then computing a step for each
mini-batch instead of doing it for each image. This will not give the actual gradient
of a cost function, which depends on all training data, not on the subset so, it does

not produce the most steps downhill, but it is a good approximation for that.

The previous idea is not 100% accurate, but it gives us a significant computational
speed up. So if we plot the trajectory of our neural network under the relevant cost
surface, it will be like a drunk man stumbling downhill with taking quick steps.
Rather than a carefully calculating man determining the exact downhill direction of
each step before taking a prolonged and careful step in that direction, this gives the
fast speed advantage to this technique. It is called stochastic gradient descent (SGD).
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In summary, backpropagation is a process to determine how a single training
example behaves to nudge the weights and biases. It is not just in terms of whether
they should go up or down, but also, what relative proportions to those changes cause
the most rapid decrease to the cost function. The correct gradient descent step will
involve doing this process for all tens of thousands of training examples and
averaging the desired changes that resulted, but this process is slow. Instead, a
random subdivide process for data into mini-batches and compute each step
concerning mini-batch. Then repeatedly calculating all steps for these mini-batches

and tracking their adjustments until reaching a local minimum for the cost function.

=V, wp,... wr3000) =

Figure 3.5: Backpropagation with SGD technique [40].

3.4 Back Propagation Calculus

It is preferred to simplify the neural network into a simple one so that each layer has
just a single neuron, to make calculus easy. Three weights and three biases would
determine the simplified network. The goal is to understand how sensitive the cost
function is to these variables, then knowing which adjustment to these variables is
going to cause the most decrement in the cost function. Here the focusing is on the

last two neurons, which are the output neuron and the neuron before it.
Let the label of activation for the last neuron be a® then the activation of previous

layer neuron is @~V | and let the desired value for a given training example is y

then the cost function is
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Co(.) = (a —y)? (3.15)

As mentioned earlier, activation of the next layer depends on the activation of the

previous layer multiplied by weight connection and additive bias, then apply ReLU

function.
70 = D a@-1) 4 p@) (3.16)
a® = gwWal-D 4 pL) (3.17)
a® = o(z®) (3.18)

In the end, all variables w,z, a and ¢ number, and the goal is understanding how

sensitive the cost function is to a small change in weight w®, in mathematics

ac,

PR It could be translated to nudge actions, so any tiny nudge in w®causes

some nudge to z), consequently causes change to a® which influences the cost

directly Cy .

ac, _ 0zW 9a™ ac,
owd) — aw® 9z g

(3.19)

This a chain rule; multiplication of these three ratios equals the sensitivity of Cq to a

small change in w®.

ac, _ a(a®W-y? L 3.20
= =2(a® —y) (3.20)

Nudge size is proportional to the difference between output value and the desired
value. Note that if the output’s value is so small, there will a significant impact on

the cost function.

9a®  9o(zM)
9z 9z

— O_I(Z(L)) (321)
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070 wBal-D 4 p1)y
ow® aw®

- (3.22)

Which means that any amount of nudge weight changing that influences the last
layer, depends on how much previous neuron strong is. All of these effects are just
for the cost derivative concerning w per training example. The cost function
involves averaging together all those costs across many training examples. It is just

for a single component of the gradient vector.

Figure 3.6: Parameters of gradient vector[40].

For sensitivity to the bias,

ac, 9z aa™ ac, (3.23)
bW apD 9z g

9z0  awDal-D 4 p0)) (3.24)
pD b =1
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aC , (3.25)
S = 0@ 2@ =)
For sensitivity to the activation of the previous layer,
aC, az® 9a® ac, ,
9aC-D ~ 94D 97O gg© wBo’(z1) 2(a® - y) (3.26)

There is no ability to influence the activation directly. It’s helpful to keep track of
using chain relation backward. For networks that have more than one neuron, there is
no significant difference differs from increasing indexes under those symbols. For
example, instead of just a’™V & a®, there will be ay® P, a,& V. etc &
a,®, a;® etc. It may be easy to index the layer (L-1) by k and J to the index layer
L.Summing up squares of differences between the last layer activations and the

desired output.

n-1 (3.27)
Co = z (" —y)?
=0

Let a weight that connects the K™ neuron to the J* neuron be ij(L) . This indexing

might feel a little backward at first, but it lines up with how it would index the
weight matrix. It is good to give a name to a relevant weighted sum like z, so that the

activation of the last layer is just a particular function, like sigmoid applied to z.

zi® = w;,Ma,t + le(L)al(L—1)Wj2(L)az(L—l)bj(L) (3.28)

a;® =o(z®) (3.29)

At the final, the chain rule is the same as seen before except it has a complicated

indexes
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aC, _ 9z® aqY ac, (3.30)
aW]k(L) N awjk(l‘) aZJ(L) aa](l‘)

But this chain rule changed concerning activation in the previous layer because one
activation can feed more than one activations in the second layer, so the chain

becomes

np—1

ac, 9z® aa,® ac, (3.31)

da D £4 00,070 050 90,

Figure 3.7: Chain rule[40].
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4. DEEP LEARNING

The neural network gives a fantastic performance, but it is not understandable how it
could do that. It initialized randomly, trained by many samples, then could recognize
images that it has not seen before! There is no idea about weights and biases values

since these values discovered automatically.

The main goal of the neural network is to discover the mind algorithm. Thus why
inventors who were working on neural networks developed artificial intelligence to
know how the mind works; unfortunately, that adds another challenge, which is how

does neural network work also.

The human face detection task could be addressed without using a learning algorithm
or neural network directly. The problem could be divided into sub-problems like:
does the image have an eye in the top left? Or in the top right? Mouth down the
image? Noise in the middle? So that if the answer for most of these subproblems is

yes, then this image is a human face image probably.

Since neural networks can address these subproblems, then it is better to assign a
neural network to them. The subproblems are not as simple as they supposed to be.
They have to be decomposed into more straightforward and simpler subproblems.
For example, for an eye on the top left, is there an iris, eyebrow.. etc. until they reach
the pixel scale. Doing these for many series of layers means “Deep neural
Network™[7]
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input layer Is there an eye in the top left?

(image pixels)

Is there an eye in the top right?

Is there a nose in the middle? » Is this a face?

Is there a mouth at the bottom?

Is there hair on top?

Figure 4.1: Deep learning [42].

4.1 Convolutional Neural Network (CNN)

It is a neural network that works with two-dimensional image data. The convolution
process that takes place inside is the main reason for its naming. The convolution is a
linear operation that implies multiplication of weights with input. These weights

called a filter or kernel as usual.

The filters always smaller than input in size, and the multiplication happened in the
dot product. After multiplication, a summation process takes place to produce a
single value. This filter goes through the whole image as a sliding window. It can

discover the feature anywhere in an image.
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The workflow of the convolution process used in CNN could be simplified by
illustrate edge detector using 3 x 3 filter with weights chosen specifically to detect

vertical edges for a grayscale image from light to dark.

9(9]9|0|0]0 o |-271-27] o

919(9(0|0]0

alalalololo -110 |1 0 |-27(-27| 0

1011

9(9]9|0(0]0 R 0o |-271-271 o

9(9]9|0(0]0 -

9fofofofo]o 0 |-27(-27] O
Input (6x6) Conv Filter (3x3) Qutput (4x4)

Figure 4.2: Vertical edge detector [41].

4.1.1 Padding process

The convolution process results in a smaller width and height than the original input.
Feeding the convolutional layer's output to another one consequently causes size
shrinking. Then the neural networks will have a limitation in the number of their
layers if there is no treatment for this shrinkage. A popular treatment is to pad the
entire image with enough zeroes such that the output shape will have the same width
and height as the input, called the SAME padding. Leaving convolution without a
treat its shrinking effect also called valid padding.

ojofofofo]oO]oO 27 |36 |27 [21 |18
0f4(4]2(3]2]0
o=l 22T0 41314 49 |75 |58 | 54 | 41
of4f0
0]3]3[4[3(3]0 AFIE 51 | 60 | 53 | 44 | 40
olsf{o|2f2]4]0
ooz 21210 43 |42 |50 |59 | 51
ojojofof0|O0]O 19 (28 [22 [ 38 | 36
Padded Input (7x7) Conv Filter (3x3) Output (5x5)

Figure 4.3: Padding effect [41].



4.1.2 Stride size

Stride refers to the number of pixels jumped by the filter in the width and height
dimension every time for scanning to compute the dot-product.

Figure 4.4: Stride size =1[41].

4.1.3 Effect of the input depth

It leads to extending the filter’s depth to match the depth dimension of the input. For
the following figure, the input depth is two; then the filter has much the same depth.
The point here is the increased number of values to be added up for each point in

output.

Input (5x5x2) Conv Filter (3x3x2) Output (3x3x1)
Figure 4.5: Input and filter depth [41].

4.1.4 Output depth controlling
Output depth may be controlled by stacking up multiple convolutional filters. While

computing its results, each filter acts independently. All results are stacked together
to create the output. As a result, adding or removing convolutional filters leads to

control of the output depth.
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Input (5x5x2) 2 Conv Filters (3x3x2) Output (3x3x2)

Figure 4.6: Output layers stacking [41].

4.1.5 Max pooling layer

It is a layer that resulted from sliding a window along with the input and simply take
the max value at each point. The following figure illustrates this process of an input
size 4 x 4, kernel “filter” size of 2 x 2 and stride size 2.This layer introduced to
downsample the massive computations resulted from convolutions, especially when

processes go deeper and deeper.

416(1]|1

113[1]3 613
410(0|8 8 | s
8 | 5 S

Input (4x4) Output (2x2)

Figure 4.7: Maxpool layer [41].

The Generalized dimensions of output layer for each input with n x n x dy, Filter with
f x f x d, padding p and stride s is

n +2p-— n +2p— )
Output dimz—pf +1 X +f (4.1)

S +1 X # filters

Where d, and ds are the input and filter depths.
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Generally, in the convolution neural network (ConvNet), there are three types of
layers which are convolution layers, pooling layers, and fully connected layers. It is

common to consider the convolution layer with the pooling layer as a single layer.

$
o) —» ) \—> > = |J|—>|—>||—>0O

l t=§ v t=2 g - . L fit
[ \/ . _ ‘ = = 3 . softmax
& 1=5 . '5;22 s=1 s=2 ]
R g s=1 i 14X14X6 10X10X 10 5X5X10 400 120 84
Convl Pooll Conv2 Pooll EC3 EC4
Layer 1 ‘ l Layer 2 ‘

Figure 4.8: Convnet structure with dimentions [41].

There are two significant advantages for convolutional layers over the fully
connected layers, which are the parameter sharing and sparsity of connections.for
example number of parameters of fully connected layers are huge; dimensions'

multiplication. For ConvNet, it deals with filter dimensions and depth.

# FC parameters = (n Xn X ng)ix, X(n Xn X ng)out 4.2)

# ConvNet parameters = (f Xf+1) X f; 4.3)

4.2 Classic Network Examples

LeNet-5: Its inputs are grayscale images. Once they passed through a combination of
convolution and pooling layers, the outputs will be passed through fully connected

layers and classified into corresponding classes[20].

Table 4.1: Lenet summary table.

LeNet-5
Parameters 60k
Layers flow Conv -> Pool -> Conv -> Pool -> FC -> FC -> Output
Activation functions Sigmoid/tanh and ReLU
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AlexNet: Its inputs are images. It had the same structure as LeNet-5 but with more
convolution and pooling layers[21].

Table 4.2: Alexnet summary table.

AlexNet
Parameters 60 million

Activation functions RelLU

VGG-16: This network uses a more straightforward network structure. The
convolution layers have the SAME padding with 3 x 3 filters. The max pool layers

have 2 x 2 filter and stride size = 2; this makes a half size reducing each time. The
total parameters are 138 milion[22].

—— 224x224x64— 112x112 x64 —— 112x112 %128 —» 56x56 2128
[COMV 84] POOL [CONV 128) POOL
X2 %2

224x224 x3

——» 5656 256 ———» 28x28 X256 ——» ZBxIZ8 %512 —» 14x14x512

[CONV 2586] POOL [CONV 512] POOL
x3 x 3
—— 14x14 %512 ———» TxTx5H12 > FC » FC »  Softmax
[cOonv 512] POOL 4096 4096 1000
X3

Figure 4.9: VGG-16 structure.

ResNet: It solves vanishing and exploding gradients issues while training intense

neural networks. It uses residual blocks which skip connections by two layers as

following [23]
alt+1]
alll —» — —» ql'+2]

Figure 4.10: Residual blocks.
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LU+ = i+l gl 4 pli+] (4.4)

all +11 = §(zlL+1) (4.5)

Sll+2] = 1421 [1+1] 4 pli+2] (4.6)

a[l +2] — 6(Z[l +2]) (47)

alt+21 = §(zI1+21 + a' ) residual (4.8)

Figure 4.11: Resnnet structure.

Inception: many computations “dot multiplications” when using a large size filter is
big. Introducing a 1 x 1 filter at the beginning is helpful to reduce input depth then

reducing the computations cost. As illustrated below

# computations -dot multiplications

— 28x28x32x5x5x192 =
GONK
e 120 million

same,
32 28 x 28 x 32

28 x 28 x 192
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28x28x16x1x1x192+ 28
X28x32x5x5x16=12.4

million

> >
CONV CONV
I1x1, Sx5,
16, 32,

9 4 B - - N
Ix1x192  Bx28x16 545x16

28 x 28 x 32

28 x 28 x 192

Figure 4.12: Number of dot multiplications for different filters.

Instead of choosing the filter size to use, or whether to use the convolutional layer or

pooling layer, inception uses all of them and stacks all the outputs[24].

S MAX-POOL—"
28 X 28 X 192 28 X 28 X 256

Figure 4.13: Inception network structure.

4.3 Object Detection Algorithm

Region-based Convolutional Neural Networks(R-CNN): It uses an object proposal

algorithm, called Selective Search, which reduces the number of bounding boxes that
are fed for the classifier; approximately 2000 region proposals. The selective search
uses local cues like texture, intensity, and color to generate all the possible locations
of an object. These boxes could be introduced to the CNN based classifier. Keeping
in mind that, fully connected part of CNN takes a fixed-sized input so, all generated
boxes should have a fixed size (224x224 for VGG) and feed to the CNN part[2].
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Apply bounding-box regressors

Bbox reg || SVMs Classify regions with SVMs

Bbox reg || SVMs
D o

Bbox reg | | SVMs Forward each region

ConvNet through ConvNet

ConvNet

ConvNet
AW \:ped image regions

P

Regions of Interest (Rol)
from a proposal method

. ,\L‘{k‘? (~2k)

Input image

Figure 4.14: RCNN object detection algorithm [43].

Fast RCNN: It inputs images into ConvNet directly, which in turn generates Rol. As
mentioned before, fully connected layers needed fixed-size inputs. The pooling layer
is applied on Rol (Rol Pooling layer) to make this Rol ready to pass through a fully
connected network then softmax layer, which determines classes and regression

layer, which determines boxes[3].

Regions of

Interest (Rols)
from a proposal
method

ConvNet

Figure 4.15: Fast RCNN object detection algorithm [43].
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Faster RCNN: It replaces selective search with a tiny convolutional network called
Region Proposal Network (RPN)to generate regions of Interest(Rol). It introduces
the idea of anchor boxes with different scales (128x 128, 256x256 and 512x512.)
and different aspect ratio (1:1, 2:1 and 1:2) to handle the variations in aspect ratio

and scale of objects[4].
classifier

proposals

Region Proposal Network
feature maps

conv layers /

T 7T

Figure 4.16: Faster RCNN object detection algorithm [43].

Mask RCNN: Extends Faster R-CNN by adding a branch for predicting segmentation
masks on each Region of Interest (Rol) and replaces RolPool by RolAlign. RolAlign
does not adjust the input proposal to fit the feature map correctly. It merely takes the
object proposal and divides it into equal four bins: Top left, Top right. Bottom left
and Bottom right using the bilinear interpolation, then It applies the average or

maximum function to get the value[5].

Figure 4.17: Mask RCNN object detection algorithm [5].






5. DETECTION PRACTICAL WORK AND EXPERIMENTS

Experiments of airplanes detection using drones images are explained in this chapter
at the beginning describing the dataset collection and related works, including
enhancing processes. They are then introducing training models configurations.
Finally concluded with visible and evaluation results.

5.1 Dataset

A dataset could be defined as a group or collection of useful data that relates to a
specific field. Or basically, it is a group of correlated sets of information that is
consists of individual elements and could be dealing with them as a single unit in the
computer world. The simple example is tabular data, which its information related to
one or several database tables. In these tables, every single column corresponds to a
single variable which maybe indicates any kind of properties such as height, width,
or thickness of an object. Each information of this called datum, and we can
generalize this concept to make data sets consist of a collection of files, images, and

documents.

In general, drones should avoid flying around or near airport areas due to air traffic.
Aircraft have difficulties avoiding a drone while it is flying; thus, why drone
operators have been assigned responsibility for any safety hazard their drone creates
in the airport environments[25]. Fortunately, there is an open-access dataset for
airplanes dataset for airport view with high spatial resolution 3.14cm/px. This dataset
has been taken for Le Bourget airport in Paris. It collected by two eBee Classic

drones flying simultaneously[26].
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Table 5.1: Airplane dataset collected by drones [26].

Technical data

Ground resolution 3.14 cm (1.23 in)/px
Coverage 0.66 sqg. km (0.25 sg. mi)
Flight height 120 m (393.7 ft)
Number of images 557

Dataset has been categorized into two categorizations; high-resolution images and
low-resolution images. The high-resolution images contain more information to be
extracted, but it causes slow training. The low-resolution category is divided into two
groups; the first one is the general one, which contains all images; the other one is
containing just airplane objects. There is a last external dataset of satellite images
used here for evaluation reliability of algorithms used in this thesis. Two hundred
images have been taken randomly from airplane categorization of the NWPU-
RESISCA45 dataset, which is a collection of public data available for Remote Sensing
Image Scene Classification (RESISC)[39].

Table 5.2: Sorting dataset according to interesting objects.

Dataset Categorizations Resolution (px) # Images
General drone dataset-high resolution 922 x 864 557
General drone dataset-low resolution 369 x 259 557
Airplane Objects drone dataset-low resolution 369 x 259 94
Satellite Dataset 256 x 256 200

There is another step done in this thesis; to enhance the performance of the deep
learning model. It is an augmentation step for the dataset that is already existed.
Usually, deep learning frameworks have their own built-in data augmentation steps,
but some times they are not sufficient or lacking the required functionality. Figure
5.1 shows images contain different kinds of airplane objects. These objects have

different sizes, shapes, and colors, which gives an additional challenge to this
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research. Besides, it is clearly illustrated that the existence of an airport’s
environment with different buildings, vehicles, and backgrounds will give a key
feature for training steps to identify airplanes. It will detect them with high efficiency

in the real-world environment.

Figure 5.1: Dataset samples.

Each image in the original dataset has one augmented image inside high-resolution
and general low-resolution categorizations. For the airplane-object low-resolution
dataset, there are six augmented images. Different augmentation methods used for
augmentation steps such as rotational, cropping. Hue means changing in color.
Elastic trans means a water-like effect. The coarse drop means to set some image
areas to zero and Gaussian noise, but some of these effects made some images not
proper to be considered as good images for training, so a final manual sorting had
been done to choose the good ones. Figure 5.2 shows below the effects of each image

augmentation process.
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Figure 5.2: Image augmentation.

Table 5.3: Images number per dataset.

Dataset Categorizations Resolution (px) # Images
General drone dataset-high resolution 922 x 864 1114
General drone dataset-low resolution 369 x 259 1114
Airplane Objects drone dataset-low resolution 369 x 259 689
Satellite Dataset 256 x 256 200

5.2 Dataset Annotations

The annotation process aims to mark objects and to outline them on images. It offers
various keywords for classification purposes, thus could be read by the computer. It
is an essential task that helps computer vision models working in a real-world
scenario. The image annotation could be implemented using different annotation
tools such as 2D bounding boxes, semantic segmentation, or cubic annotation. The
image annotation is mainly done manually using any kind of available software. In
this work, I am using ‘labellmg’ software to generate bounding boxes around each
plane object.
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Figure 5.3: Bounding boxes, the annotation.

Figures 5.4-5.6 below is showing the bounding box annotations over both train and
test datasets. For low resolution- airplane object dataset, the training dataset has a
total of 1401 examples with areas that vary between small, medium, and large. The
validation dataset has 211 examples with different areas small, medium, and large.
For both high resolution and global datasets, the training dataset has a total of 623
examples, and the validation dataset has 215 examples with different areas.
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Figure 5.4: Bounded boxes statistics, low-resolution airplane object.
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For other kinds of annotations, | used the Pixel Annotation Tool, which is a semantic
segmentation software that annotates every single pixel within an image. This kind of

annotation is mandatory for mask object detection.

Figure 5.7: Mask annotations.

5.3 Training

The whole experimental work, related to this thesis, has been done by a computing

machine, a laptop, which has the following specifications.

Table 5.4: Training machine.

Technical Data

Processor Intel(R) Core(TM) i7-7500 U CPU
Speed 2.70 GHz - 2.9 GHz
RAM 8.00 GB

Graphics Data

Chip Type GeForce 940MX
Memory 6030 MB

Together with the machine's specification, there is some software used to allow the

machine to performs its best efficiency work to do training processes. For example,
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CUDA, which is a platform created by Nvidia to allows software developers and

software engineers to use a CUDA-enabled graphics processing unit for general

purpose processing. cdDNN, which is a GPU-accelerated library for deep neural

networks training purposes.Jupyter which is open-source software and services for
interactive computing across multi-programming languages. Google Colab is an
online free cloud service that offers running a deep learning or machine learning
models. Anaconda is an open-source for Python and R programming languages. Its
goal is to simplifying package management, and deployment.python is high-level for
general-purpose programming language. Atom: is an open-source code editor for
macOS, Linux, and Microsoft Windows operating systems. TensorFlow is a well-
known research platform for deep learning and can modify and implement different

types of deep learning models.

5.3.1 Training Models

The ultimate goal of this thesis is not just airplane detection but also estimate its
surface area; thus, models here specified, for Instance, segmentation purpose.
According to recent publications related to Instance segmentation purpose, the Mask
R-CNN model gave perfect results compared to other results such as MNC [28 ],
FCIS[29]+OHEM and FCIS+++ + OHEM. Also, It has a reliable performance for
overlapping objects, and since it has approximately the same speed as faster RCNN,
which used as a detection model by other’s work related to airplane detection (0.2s),

models used here are masks RCNN models[5].

Table 5.5: Mask R-CNN instance segmentation results[5].

backbone AP APs0 AP75 APs APM APL

MNC ResNet-101-C4 24.6 44.3 24.8 4.7 25.9 43.6

FCIS+OHEM ResNet-101-C5-dilated 29.2 49.5 - 7.1 31.3 50.0
FCIS+++,0HEM ResNet-101-C5-dilated 33.6 54.5 - - - -

Mask R-CNN ResNet-101-C4 33.1 54.9 34.8 12.1 35.6 51.1

Mask R-CNN ResNet-101-FPN 35.7 58.0 37.8 15.5 38.1 52.4

Mask R-CNN ResNeXt-101-FPN 37.1 60.0 39.4 16.9 39.9 53.5
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Figure 5.8: Overlapped objects.

mask_rcnn_inception_v2_coco configurations had been used from TensorFlow
models. It is the base configuration for the training process which used in this
research. The configurations of hyperparameters have no optimal values, and their
values change as datasets change [7]. Thus different changes have been made on
base configurations. The changes have been categorized into seven additional
models, as shown in table 5.5.

Table 5.6: Models.

Model 2
Dataset Low resolution with airplane object
Image resize (230 x 350) px
Model 3
Dataset Low resolution with airplane object
first_stage features_stride 8
height_stride 8
width_stride 8
Model 4
Dataset Low resolution with airplane object

Manual_Step_Learning_Rate = 0.002

Learning rate
Schedule=0.0002 , 0.00002

Model 5

Dataset Low resolution with airplane object
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first_stage_max_proposals 100

Model 6

Dataset Low resolution with airplane object
Manual_Step_Learning_Rate = 0.00002

Learning rate
Schedule=0.000002 , 0.0000002

Model 7

Dataset High resolution

Model 8

Dataset Low resolution

5.3.2 CPU vs. GPU

GPU considered now as the heart of deep learning . in terms of hardware, it is a
single-chip processor that is used for extensive graphical and mathematical
computations. And this makes CPU free to do other functions assigned to it. GPU
has a large number of simple cores that allow parallel computing, but for CPU, it has
complicated cores run processes sequentially. For machines that have GPU, the host
code will be run on CPU, whereas the CUDA code will be run on GPU. In addition
to that, the GPUs are bandwidth optimized, but CPUs are memory access time

optimized.

Figure 5.9: GPU vs. CPU training.
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5.3.4 Hyperparameters selections

The configurations of hyperparameters have no optimal values, and their values
change as datasets change. Different modifications of the hyperparameters had been
done with the scope of hardware capabilities of the computational environment.
These different iterations had been done until they reached satisfying accuracies

based on coco metrics.

a) Learning Rate

It is so essential to select an optimal value for the learning rate within the model
configurations. This hyperparameter considered the most important one that needs to
be configured in the model. The learning rate interacts with other aspects of
optimization operation. Smaller values assigned to the learning rate need more
training steps. They give higher efficiency of extracting the information; Thus, in the
beginning, the initial learning rate was 0.0002 for model 1, then it has been decreased
by ten times in model 6; so the initial learning rate became 0.00002. Additional
decreasing has been made for additional models, but model 6 was the best among
them, so they have been removed. To see the effect of increasing the value of
learning rate, which in general needs fewer training steps, and increasing by ten
times has been done for model 4, so the initial learning rate became 0.002. Also,
increments of value by 2,5, 15, and 20 times have been made, but they were not as

good as model 4 in their evolutions’ metrics.

b) Type of optimizer

Optimizers are algorithms used to adjust weights and activation values in the neural
network to decrease the losses. Gradient descent (GD) is the most popular one used
in deep learning fields, and we can find implementations of GD in most state-of-the-
art libraries such as lasagne, Caffe, and Keras. Stochastic gradient descent with
momentum has been used in this work, which is a moving average that speeds up the
process of finding the minimum valley. It is better than stochastic gradient descent
due to its better estimation for the direction of stepping, and Its Beta is a

hyperparameter which its value usually set as 0.9.
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c) Feature extractor

Convolution neural networks work as feature extractors, as it has been clarified in
chapter 4. There are many feature extractors which could be used such as ResNet-
101, ResNet-50, ResNetXt-101, ResNet-100 and inception networks. The processing
of ResNet networks is too heavy due to a large number of computations compared
with the inception network. Due to the scope of hardware capabilities, the inception

network has been used within this work.

d) Stride size

Stride refers to the number of pixels jumped by the filter. Smaller stride size means
more information to encode, therefore better change for better representation. Larger
stride size means higher step sides and, consequently, fewer computations. Thus the
stride size has been reduced to 8 pixels in model 3 compared with 16 pixels in model
1. Unfortunately, this gave instant improvements but then turned out too bad results

in evolutions; thus, no additional experiment had done to stride size.

e) Batch size
It refers to the number of examples forwarded to the neural network in one iteration.

Due to the scope of hardware capabilities, | used just a batch size of 1.

f) Maximum number of proposals

Proposals are regions where objects may be found, and the next stage tries to detect
objects in these regions. So increasing the number of proposals may lead to increase
accuracy but needs more computational processing. The maximum number of
proposals had been increased at the beginning to 320 and 350. There were not any
clear or slight improvements. Trying to reduce the number of maximum proposals
gave me a perfect result, and the optimal value of the try and error experiments was
100 for model 5.
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5.3.5 Training results

This thesis uses TensorBoard to measure different kinds of loss's arguments such as
classification_loss, localization_loss mask_loss, objectness_loss, and Total Loss.
Which gives a clear representation of training.

Classification_loss is loss resulted from the classification of a detected object as a

plane. Localization_loss due to bounding box regressor for RPN or box classifier.

Objectness_loss: loss due to classification whether bounding boxes are planes or
background.Mask_loss: loss due to error pixels assignment of one class to another

different class.Total loss: It is the summation of all losses.

Table 5.7: Training results parameters.

Models
Training Results Parameters
1 2 3 4 5 6 7 8
R 9.9x 9.77 x 6.4 x
@ classification_loss 0.022 0.016 0.019 0015  5x10°
< - 10°% 10°% 10%
Qo
2 — 5.35 x 8.8
&a. localization_loss 0.019 0.013 0.017 0.011 0.013 0.018 .
=Y - 10° 10°
@
5 mask_loss 0.42 0.42 0.42 0.35 0.4 0.4 0.096 0.19
w
-~ 488x  3.21x 6.4 x 6.11x 2.9x 4.3x 2.2 34 x
Y localization_loss s s . . . . .
3 - 10 10 10 10 10° 10° 10 10°
T . 3.4x 6.5 x 5.1x 2.7x 8.6 x 2.7x%
a objectness_loss 4x10° . . . 3x10° .
o - 10 10 10 10° 10* 10°
Total Loss 0.47 0.45 0.46 0.36 0.44 0.45 0.1 0.2

Table 5.7 shows that model 7 has the best performance during the training process.
Its box classifier losses and total loss are the smallest comparing with other models.
Model 4 has an interesting response to its RPN loss. In total, the best performance
obtained by model 7 then four then 8. Table 5.8 below gives details about each loss

progress during training.
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Table 5.8: Training results_ loss graphs.

Training Results

Box Classifier Loss_

classification_loss

Box Classifier Loss_

Localization _loss

Box Classifier Loss_ Mask
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5.4 Evaluation

This thesis implements an evaluation process to measure the performance of plane
detection models. Before going into it, there are some essential points needed to be
highlighted.

There are multi metrics defined for object detections performances, which have been
adopted by popular competitions such as PASCAL VOC, COCO, and Open image
challenges[30][31][32]. All of them use mean average precision as a fundamental
metric; however, there are some variations in definitions. Besides, COCO uses

average recall as a new metric.

Confidence score and Intersection over Union (loU) are fundamentals concepts in the
evaluation process. The confidence score is the probability that the classifier's
probability of finding an object inside an anchor box. These two terms used to
determine whether detection is a true positive TP, a false positive FP, a true negative

TN, or a false negative FN.

TP occurs if three conditions have been satisfied; confidence score higher than a
threshold, a predicted class matches a class of ground truth, and loU greater than a
threshold. However, if one of the last two conditions has not met, then FP occurs. If a
confidence score that has to detect a ground-truth is lower than the threshold, then it
causes a false negative detection FN. Whereas if a confidence score that has not to
detect anything is lower than the threshold, then it causes a true negative detection
TN.

For analytical purposes, precision and recall terms are introduced. Where precision is
the number of true positives divided by the sum of true positives and false positives,
recall is the number of true positives divided by the sum of true positives and false

negatives (number of ground-truths)
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TP (5.1)

precision = W

TP TP (5.2)
TP+ FN  # ground truths

recall =

Making multi-variation in a threshold value of confidence score produces multiple
values for both recall and precision. Mapping these values with x-y axis forms a

precision-recall curve, which indicates the association between the two metrics.

1.04 confidence threshold: 0.48
= 08
he]
@
(]
(]
.
O

0.6

0.00 0.25 0.50 0.75 1.00

recall

Figure 5.10: Precision-recall curve.

There is another curve that has a particular advantage to evaluate the effectiveness of

detection proposals. It formed by making variations in the loU threshold, which lead
to different related values of recall.

1.00 4 loU threshold: 0.96

0.754

0.50 4

recall

0.254

0.004

05 06 07 08 09 10

Figure 5.11: Recall-loU curve.



Since there are different detectors used in object detection, then introducing other
numerical metrics is needed, such as average precision (AP), Mean average precision
(mAP), Average recall(AR), and Mean average recall (mAR). AR is the precision
averaged over all recall levels. It is preferred to reduce wiggles in the curve using
interpolated precision pinserp at a specific recall level, r then calculate the area under
the resulted curve.mAP is the average of AP over all classes C. AR is the recall
averaged over all loU in the interval [0.5, 1.0]. mAR is the average of AR over all

classes C

1.0+

<o
)

curve

— interpolated

precision

original

o
o

000 025 050 075 100
recall

Figure 5.12: Average precision

Pinterp = ngﬁ(p(r') (5.3)
n-1
AP = Z(ri+1 - 1) pinterp(ri+1) (54)
i=1
map = 2= AR 55
C
1
AR =2 f recall(IoU) dloU (5.6)
0.5
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_ Ziz1 AR, (5.7)

In this thesis, coco metrics have been used for evaluation purposes. COCO has multi
mAP metrics defined by multi loU- thresholds.
Table 5.9: COCO metrics' description 1.

Metrics loU Description
mAP 0.50:0.5:0.95 10 loU thresholds (i.e., 0.50,
0.55, 0.60, ..., 0.95)
mAP 0.50 Pascal VOC metric
mAP 0.75 strict metric
Total # metrics 12
Metrics loU Description
MAP Small 0.50:0.5:0.95 objects with area < 32°
mAP Medium 0.50:0.5:0.95 32%< objects with area< 96°
mAP Large 0.50:0.5:0.95 objects with area > 967
Total # metrics 30
Metrics max Description
mAR 1 Max 1 object / image
mAR 10 Max 10 objects / image
mAR 100 Max 100 objects / image
Total # metrics 3
Metrics area Description
mAR small obj ects with area < 32°
mAR Medium 32°< objects with area< 96°
mAR Large objects with area > 96°

Total # metrics

3

Table 5.10: COCO metrics' description 2.

Metric
Average loU Area
NO
1 Average Precision 0.50:0.95 all maxDets=100
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2 Average Precision 0.50 all maxDets=100
3 Average Precision 0.75 all maxDets=100
4 Average Precision 0.50:0.95 small maxDets=100
5 Average Precision 0.50:0.95 medium maxDets=100
6 Average Precision 0.50:0.95 large maxDets=100
7 Average Recall 0.50:0.95 all maxDets= 1
8 Average Recall 0.50:0.95 all maxDets= 10
9 Average Recall 0.50:0.95 all maxDets=100
10 Average Recall 0.50:0.95 small maxDets=100
11 Average Recall 0.50:0.95 medium maxDets=100
12 Average Recall 0.50:0.95 large maxDets=100
Table 5.11: 12 performance metrics of COCO using the training set.
Metrics
Model
1 2 3 4 5 6 7 8 9 10 11 12
1 0.899 099 098 0848 0917 0931 0369 0927 0.927 0.882 0.947 0.952
3 0.898 099 098 0819 0918 0978 0.399 00918 0918 0.849 0.943 0.985
4 0.269 0577 0.205 0053 0311 0688 0.197 0.348 0389 0.157 0448 0.755
5 0.892 099 099 0875 0.903 0903 0389 0924 0924 0.908 0931 0.925
6 092 099 099 0863 0943 0961 0403 0940 0941 0.888 0963 0977
7 0.921 099 0983 0875 0937 0969 0402 0942 0943 0.901 0958 0.982
8 0.902 099 099 0582 0897 0914 0434 0926 0928 0.580 0924 0.939
9 0.816 0.965 0.928 0.737 0.896 0935 0.412 0.840 0.842 0.772 0.922 0.957
Table 5.12: 12 performance metrics of COCO using the validation set.
Metrics
Model
2 3 4 5 6 7 8 9 10 11 12
1 0.568 0945 0614 0416 0617 0791 0.284 0614 0619 0502 0.664 0.821
3 0.542 0928 0570 0.367 0597 0.808 0.278 0588 0595 0459 0.647 0.829
4 0.240 0533 0.174 0.054 0287 0710 0.187 0.304 0.349 0.147 0418 0.742
5 0.554 0.936 0.605 0.389 0.611 0766 0.284 0598 0.603 0.467 0.664 0.796
6 0570 0927 0652 0413 0628 0801 0287 0615 062 0484 0677 0.829
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7 0.573
8 0.525

9 0.364

0.938

0.955

0.767

0.645

0.556

0.335

0.426

0.00

0.175

0.627

0.781

0.289 0.617 0.625 0.504 0.672

0.440 0.610 0.216 0.586 0.593

0.51

0.00

0.51

0.829

0.672

0.756 0.174 0419 0435 0.274 0573 0.791

Table 5.13: 12 performance metrics of COCO using satellite set.

Model

2

3

4

5

Metrics

6

7

8

9

10

11

12

0.448

0.405

0.244

0.397

0.456

0.472

0.393

© 00 N oo o1 A W P

0.314

0.911

0.845

0.531

0.813

0.902

0.932

0.852

0.693

0.384

0.317

0.174

0.300

0.398

0.430

0.250

0.244

0.226

0.184

0.061

0.188

0.209

0.260

0.245

0.106

0.477

0.434

0.29

0.427

0.495

0.499

0.436

0.360

0.637

0.611

0.465

0.575

0.637

0.687

0.456

0.491

0.230

0.221

0.157

0.209

0.241

0.240

0.211

0.190

0.505

0.466

0.334

0.455

0.520

0.530

0.480

0.380

0.520

0.484

0.375

0.482

0.524

0.538

0.506

0.409

0.386

0.329

0.234

0.335

0.343

0.387

0.374

0.224

0.540

0.508

0.394

0.506

0.555

0.560

0.540

0.441

0.697

0.659

0.579

0.656

0.709

0.738

0.532

0.612

Model 6 shows the

best performance among other models. As expected, due to its

lower learning rate. Model 5 shows perfect results due to a decrease in the max

proposal regions to 100. In general, table 5 and table 6 give promise values in terms

of COCO metrics with comparing to other researchers' results, which implement

satellite images.

Table 5.13 is a benchmark that shows the detection accuracy for all eight models on

satellite images; 200 images have been taken randomly from airplane categorization
of the NWPU-RESISC45 dataset [39]. Although Satellite images are different from

drone images, the accuracy values seemed to be close to others' results [37], which

indicates the reliability of “Airplane detection using deep learning algorithms with

drone images.”

Figures (5.13-5.20) give some visual implementations for these results, including TP,
FP, TN, and FN.
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Comparing the evaluation results for model 1 vs. model 8, There is no improvement
of accuracies associated with an increase in the number of images in the dataset.
Given that the additional images do not contain airplane objects, but they had taken

from the same environment, i.e., the airport.

Comparing the evaluation results for model 7 vs. model 8, we can see the
improvements of accuracies with model 7 associated with using high-resolution
images, except small scale areas metrics they missed, and some accuracies did not

improve.
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Figure 5.15: Detection samples - model 6.
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Figure 5.18: Detection samples - model 3.
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Figure 5.19: Detection samples - model 7.

Figure 5.20: Detection samples - satellite images.
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5.5 Plane Surface Area Calculation

The eBee perfect drone had taken the dataset images. This type of drones has one
option to mount its camera, which makes its direction looking straight down or
pointing to the nadir direction or the point directly below the camera [26]. The
following figure introduces a visual representation of the camera sensor and field of
view (FOV). Using camera sensor width (W;), image width (W,) focal length(FL),
and drone altitude (h), the ground sample distance GSD or ground resolution can be
calculated[33][34].

sensor width

focal length

camera lens

altitude

ground

width of camera footprint

Figure 5.21: GSD calculation parameters.

Table 5.14: Camera spesifications.

SensorFly S.O0.D.A camera

Sensor 1inch (12.75mm x 8.5 mm)
RGB lens F/2.8-11, 10.6 mm (35 mm equivalent: 29 mm)
RGB resolution” 5,472 x 3,648 px
Exposure compensation +2.0 (1/3 increments)
RGB shutter Global Shutter 1/30 — 1/2000s
White balance Auto, sunny, cloudy, shady

*Downloaded dataset has the size of 4608 x 3456 px
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Wy xh X100 12.75mm X 120m X 100

= = = 3. (5.8)
GSD FL xW, 10.6 mm X 4608 px 313 em/px

Considering this opportunity of GSD, This thesis approximately calculates a surface
area (Aappr) for detected planes by multiply the total number of pixels (# px) for each
airplane by GSD value. The total number of pixels for each airplane determined by
detected masks since masks have tolerances with edges coverage; these calculations

are approximated.

Aappr = px X GSD (5.9)

Due to images resizing, there is a need to rescale the approximate areas to match the
original dimensions. For the first seven models, the input images were with size 304
x 231 px. Thus the reducing scale is 1:15 for each width and hight. As a result, the

multiplication factor 152 be applied to each approximate area.

Most airplane manufacturers do not offer precise numbers about their planes’ surface
area. Instead, they offer the plane’s dimensions. Airports may have calculated
surface areas for each plane within the airports' database. Airports may do that kind
of calculations using data extracted from dimensions of airplanes, or may they have
officers who have sufficient sense and experience to compare measured
approximated surface area with real ones. The benefits of approximated area data

will be used and not be lost.
Figure 5.22 illustrates an example of surface area dimensions. Companies usually

give wings surface area, but the remaining area is left without calculations. Figures

(5.23- 5.26 ) give some visual implementations for surface area detection.
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Figure 5.22: Airplane dimensions example-airbus a320 [35].

Figure 5.23: Area detection - model 1.
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Figure 5.25: Area detection with one object lost — model 4.

Figure 5.26: Area detection - model 8.



If the airport has a poor database, then this thesis offers an additional feature to
detect the type of airplane using its length since most manufacturers offer planes
length. This approach inherited from the previous one by finding the shortest
pairwise distances between pixels within the masked area, then finding the furthest
distance. The furthest distance could be computed between pixels, which are located
as vertices in a convex hull, thus using the convex hull algorithm reduces

computations for a fewer number of pixels.

10 1

0.8 1

0.6

0.4 -

0.2 1

0.0 1

00 02 04 06 08 10

Figure 5.27: Convex hull algorithm.

Fortunately, there is a list of aircraft offered by the International Paris Air Show.
This show happens in the same airport in which this thesis uses its dataset [36]. Thus
the evaluation of detection performance could be performed according to airplanes’

lengths through averaging detected length over the original validation set.

X1 % (5.10)

Detected length avg =

Where j is the number of validation images, x is the validation image, and n is the

total number of validation set used in the evaluation.
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Table 5.15: Length detection evaluation.

Length Detection Accuracy %

Model
plane

1 2 3 4 5 6 7 8

LockheedMartin-LM100J 98 99 98 98 99 99 98 99
GULFSTREAM-G-280 91 99 93 98 98 99 91 80
GULFSTREAM-G-550 78 78 73 75 78 78 71 78
GULFSTREAM-G-650 86 95 92 91 91 90 86 98

Cessna-Citation CJ4 91 97 - 96 91 91 85 77
Cessna-Citation M2 77 85 - 85 92 73 96 69
Boeing 787-8 97 99 99 99 95 99 60 96
Airbus A-380 99 98 99 100 99 100 88 95
Airbus A-320 53 53 - 56 56 56 43 53
Avrage 86 89 - 89 89 87 80 83

According to statistics provided in table 5.15, experiments showed that Best
estimation for lengths was for models 2, 4, and 5 with average accuracy 0f 89%.
Model 6 has approximately the same average, 87%, and it has a perfect detection
performance, as discussed in the previous section. Model 3 failed in detection with
some airplane types, so its results have been ignored. The following figures (5.28-

5.33) give visual implementations for these results.

Figure 5.28: Length detection - model 1.
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Figure 5.31: Length detection - model 2.



j Jﬁ /m / #«W

Figure 5.33: Length detection - model 8.
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Detected length values have been assigned to the closest actual lengths to determine
the airplane’s type. Shortcut names used to make proper output annotations. Finally,

the confusion matrix provided to add a quantitive evaluation.

Figure 5.34: True assigned airplane’s type for Bo787and
Cm2; but false assignment for G-550 instead of G-650

100

150

200

Figure 5.35: True assigned airplane’s type for Bo787,
G-550, Cm2, G-280 and CJ4
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Table 5.16: Airplanes full names, shortcut names, and actual lengths.

Plane Full Name

Plane Shortcut

Actual length

Lockheed-Martin-LM100J LM100J 35
GULFSTREAM-G-280 G-280 20
GULFSTREAM-G-550 G-550 29
GULFSTREAM-G-650 G-650 30

Cessna-Citation CJ4 Cl4 16
Cessna-Citation M2 CM2 13
Boeing 787-8 Bo787 57
Airbus A-380 A-380 73
Airbus A-320 A-320 38
Table 5.17: Airplane type identification-confusion matrix.
LM100J G-280 G-550 G-650 CJ4 CM2 Bo787 A-380 A-320
LM100J 9 2 1
G-280 20 4 2 2
G-550 1 10 3 1
G-650 2 2 8 1
Cl4 3 11 3
CM2 31
Bo787 12 2
A-380 6
A-320 2 1 2 4

Through the confusion matrix, we can see some errors in airplanes' type

identifications. These errors are associated with airplanes that have close lengths, for

example, G-550 and G-650, with a difference of 1 meter. Another reason is that some

images contain cropped airplanes which affect the lengths detection. So proper

choosing of place and time while acquiring the images is so important, which could

be solved by scheduling the drone flights at specific times and proper places. In the

future, additional detection for wings surface area will be provided to enhance the

airplane type identification.
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6. CONCLUSION

Inside this thesis, an easy and low-cost approach had been provided to support
airplane traffic control in airports. The suggested approach is using a deep learning
model with aerial images collected by drones to detect airplanes as a first step. The
next step is using data provided to identify the airplane type according to its surface

area then to its length.

This approach adds a universal contribution to any country in the world can use it. It
needs just drones to feed the system with aerial images rather than a satellite

approach that needs advanced and high-cost technology.

The flow of this thesis provides a clear explanation, taking that this work is a year
recap of working in the research field, and it may be used as a reference for other
research and publications. The thesis starts by introducing some terminologies and
clarify some headlines in the introduction section, then goes through deep learning
background and theory, simplifies different concepts with a broad, straightforward
explanation for different mathematical formulas, and finally ending by practical

implementation and results.

Evaluation gives promise values in terms of COCO metrics with comparing to other
researchers' results, which their results based on satellite images. Although Satellite
images are different from drone images, the accuracy values seemed to be close to

others' results as a benchmark, which indicates the reliability of this approach.
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