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Abstract

The aim of this thesis is to the design of an application for underwater surveillance
focused on sites of archaeological interest using image processing and computer vision
techniques. The project includes a camera placed placed underwater that watches a
designated area and the software that performs recognition of any possible intruder and
alarms. The application must be autonomous, run perpetually with minimum need of

maintenance or any kind of human intervention.

Taking into account everything above, this thesis designs an algorithm able to run
day and night and detecting possible threats. There are two modes of the program.
One running during the day when there is plenty of sunlight and we can perform higher
level image processing and one during the night where the brightness is below a certain

standard.

During the night we assume that a possible intruder, a scuba diver or a ROV, will
need some kind of light source in order to guide in situations of minimum light or
even absolute dark. In this case our program detects light sources inside our area or

reflections on the seabed caused from light sources outside our camera’s watching field.

During higher level of light (day) we use a pre-trained neural network that is trained
to detect divers or ROVs. Every frame taken from the camera is classified as diver,
ROV or seabed. In the case where a diver or a ROV are detected, alarm mode is
activated and a signal is sent. Furthermore a registration is created with the exact
time of the event and the type of the intruder. Since we did not have access to the
ideal resources or actual site our model is trained with images found on the web or

extracted from scuba diving videos.

The results in the light detection part are very satisfying. With proper light mea-

surements in tests from the actual environment a very high level of accuracy can be



achieved. In the diver or ROV detection part a high accuracy is achieved but not as
high as completely autonomous system would require. Possible modifications for accu-
racy improvement include a larger and more suitable data-set, a more complex CNN
architecture and higher resolution images. All these would require the use of more

powerful hardware as well.
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Yxomog NG mopovoas OIMAWUATIXAG epyactiag elvor O OYEdIOUOS WULAG EQUQUOYTC UTO-
Beiytag EMTHENONG EMUXEVIPWUEVNS OE YWEOUS OOYAOAOYIX0) EVOLIPEQOVTOC UE YeToN
TEY VWOV enelepyaciog emdvag xou computer vision. To €pyo mepthaufBdver pior xduepa
Tomo¥eTnUEV LUToBEL YL ToL TtaPAXOAOVIEL Lo X OPLOUEVT) TIERLOY T XAl TO AOYLOUIXG TTOU
exteel avary vadptor onotoudrinote mdavol eloBohéa xou EVERYOTOLEL XATOLO GY|Uo CUVAYER-
uoU. H egapuoyy| npénet va etvan autdvour, vor exXTEAEiTOL CUVEY MG UE ENSYLO TN Avaryxn YLot
cuvTtipnon 1 xde eldoug avipnhmvng TapéuBaong.

AopBdvovtog unddm dha To Topandve, auTh N epyasia oyeddlel Evay ahydprduo xavd
Vo TEEYEL MEEA xou YUY T xaik vor aviy veLel iaveg amethég. Trdpyouv 800 %aTac TACE
Aertovpylag Tou Tpoyeduuatoc. Mia mou Teéyel xatd T SidpXEl TNS NUERUS OTAY UTAEYEL
dpovo MAloaxd Pwe xou UnopoluE Vo exTeAécoupE enelepyacio exovas LPnhoTEpOL ETi-
TEBOU o Wlat GAAT) %oTd TN OLdEXELX TNG VOYTAS OTOU 1) POTEVOTNTA Elvol xdTw amd Eval

CUYXEXPWEVO ETUTEDO.

Kotd tn Sdpxeia tne voytog unotétoupe 6T évag mdavog eloBolréag, 50tng y ROV, da
YeetaoTel xdmolar uTEWVY| TNYY Yio Vo xadodnyniel oe xataoTdoelg eAdy loTOU PWTIoUOD Y
X0l AMOAUTOU OXOTABLOL. g AUTH TNV TEPITTWOT TO TEOYEUUUE YOG OVLY VEVEL TNYES PWTOG
HEoa OTNV TERLOYT EMUTAENONG 1) AVTOUVOXAACELS GTOV TUIUEVO TTOU TROERYOVTOL OO TNYES
POTOS €€W amd TO TEDIO TUPUXOAOVUNONE TNG HAUERAS.

Katd ) Sudpxeto udgmhtepou gwtiopod (nuépa) yenotdonotolue €vo VELpwvixd dixtuo
TOU €yel EXTOAUOEVLTEL EX TWV TEOTERPWY Yo var aviyveLel dUteg § ROVs. Kde ewdva
mou Aaufdveton and TNy xduepa tadvopciton wg dUTNg, ROV A Buddc. Xtnv meplntwon
mou evtomotel 6UTNg 1) ROV, evepyonoieitan 1 Aettovpylor cuvaryepuod xon amocTENAETOL
ofua. Emimhéov dnuovpyeiton eyypapn e tnv axpl3r dpa Tou cupfdvTog xou Tov TOTO TOoU

ewoforéa. Aedouévou 6T dev elyaue TpdoBacn Toug WBavViXoUE TOEOUS 1 GTOV TEAYUATIXG



TOTO, TO HOVTENO WoG EXTUOEVETAL UE €xoveG Tou Pploxovton 6To Bladixtuo ¥ e&dyovto
an6 Bivteo xatdduone.

To anoteréopata 0T0 TUU aviyveEuong guTog etvor TOAD xavomonTxd. Me Tic xatdh-
ANAEC PETENOELS TOU ETUTEDOL PWTOS UmO TO TEUYUATIXG TEPUSIANOY o ETELTa amd GELRd.
doxpwy, uropet vo emteuydel mohd uPNAS eninedo axpifetag. Ytov Turua aviyveuong U
N ROV emtuyydvetan udmir) axp{Beta, ahhd oyt 1600 uPnAH 660 ypeeldleton oe EVo EVIEAMG
autévopo cluotnua. IIavég tpomonotfoeig yia ) Bedtivwon tng axp{Belag mepthouBdvouy
o peyahbtepn Bdor BeGOUEVLY UE XATIAANAES EXOVES YOl TNV EXTILOEUGCT] TOU LOVTEAOU,
€vaL Lo TOMOTAOXO VEUPWVIXO BIXTUO, EXOVES UEYOADTERNC OVIAUCTC Xl OAAL OUTH UE TNV

Tpolndveon evog enopxd toyveol hardware.






Contents

10
Figures 13
Listings 16
(1__Introductionl 18
(1.1 TDaterature Searchl. . . . .. ... ... . o o 18

2 Image Processing| 21
[2.1 Introduction to image processing] . . . . ... ... ... ... .. 21
[2.2  Hardware (CCD/CMOS)| . . . ... ... . . . . 21
[2.2.1 Introduction to image sensors| . . . . . . .. ... ... ... ... 21

2.2.2  Color Filtering] . . . . ... ... .. ... ... ... .. 22

223 CCDI. . . .o 23

P24 CMOS|. . . . .. 24

[2.3  Software (OpenCV)| . . .. .. ... ... .. . ... .. 25
[2.4  Basic Features of Images| . . . . ... ... ... ... ... . 26
[2.4.1  Image Transtormation| . ... ... ... ... .. .. ......... 32

2.5 Histograms| . . . . .. ... . 33
[2.5.1 Introduction to Histograms| . ... ... ... ... ... ....... 33

[2.5.2  Histogram Shiding| . . . .. ... ... ... . ... ... . ..., 35

[2.5.3  Histogram stretching| . . . ... .. ... ... ... ..., .... 36

[2.5.4  Histogram Equalization| . ... ... ... ... .. ... ....... 36

2.6 Convolution and Masksl . . . . ... ... ... ... ... ... ... .. 38
[2.6.1 Blurring and Noise reduction| . . . . ... ... ... .. ... .... 39

10



CONTENTS 11
[2.6.2  Edge Detection and Sharpness| . .. ... ... ............ 40
3__Neural Networks| 43
3.1 Introduction to Neural Networks| . .. ... ... .. ... ... ... ... 43
[3.2_Architecture of neural networksl . . . . ... .. ... ... . o000 45
[3.2.1 Feed-forward networks| . . . .. ... ... ... ... ... .. ... 45

3.2.2 Feedback networks| . ... .... ... ... .. 00 . 45

[3.2.3 Network layers| . . . . ... ... ... . 46

3.3  Learning Process| . . . . . . . ... ... 47
[3.4 Deep Learning and Convolutional Neural Networks (CNNs)[ . . . .. . .. 50
[3.4.1 Deep Learning| . . . . . . ... .. o 50

[3.4.2  Convolution Neural Networks (CNNs)|. . ... ... ... .. .. .. 51

3.4.3  Software and Frameworks| . ... ... ... ... ... .. ... ... 55

BAZ Kerad . . . o oot 56

4 Algorithm Design| 60
4.1  Nighttime Mode] . . . . .. . . ... 62
[4.2 Daytime Mode| . . . . .. .. . 69
[4.2.1  Model Training] . . . ... ... ... ... . ... ... ... 69

422 Run-timel . . ... ... . 78

[ Testing Results| 83
.1 Training Process Evaluation| . . . . ... ... ... .. ... .. ... ..., 83
5.2 Nighttime Mode Results| . .. ... ... .. ... .. ... ... .. ..... 85
5.3 Daytime Mode Results| . . ... ... .. ... .. . ... . ... ..... 87
6 Conclusions and Future Workl 96
6.1 Conclusions . . ... ... . 96
6.2 Future Workl . ... ... 96



12



List of Figures

2.1 CCDI . . . . 22
2.2 CMOS| . . . 23
2.3 Gray-scale Transformation| . . . . . ... ... ... . ... ... ... . ... 29
2.4 Weighted Gray-scale Transtformation| . . . . ... ... ... ... ... ... 30
[2.5  Gray-scale Einstein| . . . ... .. ... .. 34
[2.6  Einstein Histogram|. . . . . ... ... ... ... ... . . 34
[2.7  Shitting Histogram Rightwards| . . .. ... .. ... ... ... .. ..... 35
[2.8 Shifting Histogram Leftwards| . . .. ... ... ... ... .......... 35
[2.9  FEinstein after Histogram Stretching|. . . . . . .. ... ... ... ... ... 36
[2.10 Histogram Stretching| . . . .. ... ... .. ... . ... ... ... ..., 37
[2.11 Histogram Equalization| . . . . . ... ... ... ... ... .. ... 38
[2.12 Image Blurring| . . . . . . .. . ... .. 41
[2.13 Edge Detection| . . . . . . ... ... 42
BI Feed-forward ANNI. . . .. ... ... 45
B2 Teedback ANNl . . . . . ... .. 46
3.3 ANN’'s Weight Learning|. . . . . . ... ... ... ... 0. 48
[3.4 Al Machine Learning and Deep Learning Relationship| . . . . . ... ... 50
3.5 CNN Block Diagram|. . . . .. ... ... ... .. .. ... ... . ...... 52
3.6 Input Layer| . . . . .. ... 52
3.7 Convolution with a 5x5x3 Filter . . . . . ... ... ... ... ........ 53
[3.8  Convolution with Multiple 5x5x3 Filters| . . . . . .. ... ... ... ... 53
3.9 Convolution of an 6x6x3 Image with a 3x3x3 Filter| . . . . ... ... ... 54
[3.10 Convolution of an 4x4 Image with a 2x2 Filter and Max-pooling| . . . . . 55

13



14 LIST OF FIGURES
.11 Keras” Work-flowl . . . . .. ... ... ... L 57
M1 Flow-chartl. . . . .. ... ... . . 61
4.2 Types of Thresholding|. . . . . ... ... ... .. . ... ... ... ... 63
4.3 Light Detection in Image with Divers|. . . . . . ... .. ... ... ..... 68
4.4 Light detection in Image with ROV|. . . .. ... ... ... ... ... ... 69
4.5  Over-fitting and Under-fitting| . . . . . . ... ... ... ... ... ..... 73
[4.6  Comparison of Optimization Algorithms|. . . .. ... ... ... ... ... 77
47 Result Plot] . . ... ... 78
4.8 Diver Detection|. . . . . . . . . .. 81
4.9 ROV Detection| . . . ... ... 82
EI0 Seabedl . . . . . oot 82
b1 Result Plotl . ... ... 84
[5.2  Light Detection in Image with Divers|. . . . . .. ... ... ... ... ... 85
[5.3  Light detection in Image with ROV|. . . ... .. ... ... ... ... ... 86
[5.4 No light detection in very dark environment| . .. ..... ... ... ... 86
[5.5 Light detection in very dark environment| . . . .. ... ... ... ..... 87
5.6 Light detection Record| . . .. ... ... ... .. ... . ... .. ..., 87
[5.7  Light detection in Image with diver (1)| . . ... ... ... ... ... ... 88
[5.8  Light detection in Image with diver (2)| . . .. ... ... ... ....... 89
[5.9  Light detection in Image with diver (3)| . . . ... ... ... ........ 89
[5.10 Light detection in Image with ROV (1)[ . .. ... ... ... ..... .. 90
[5.11 Light detection in Image with ROV (2)[ . .. ... ... ... ..... ... 90
[5.12 Light detection in Image with ROV (3)] . . . ... ..... ... ... ... 91
[5.13 Light detection in Image with seabed (1) . . . .. ... .. ... ... ... 91
[5.14 Light detection in Image with seabed (2)] . . . .. .. ... ... ... ... 92
[5.15 Light detection in Image with seabed (3)] . . . .. .. ... ... ... ... 93
b.16 False classification of a diverl . . . . .. .. ... ... .. Lo L. 93
b.17 False classification of a ROVI . . . . .. ... ... .o o 0L 94
b.18 False classification of seabed! . . . . . . .. ... .. o oo oL 94
[5.19 Diver detection registration|. . . . . . . . ... ... ... L. 95
[5.20 ROV detection registration| . . . . . . . ... .. ... ... ... ... 95




15



Listings

3.1 Model Compile| . . . .. ... 58
[3.2 Inmitiation of Training Process| . . . ... .. ... .. ... .. ... ..... 59
4.1 BGR to Grayscale Conversion and Calculation of Average Pixel Value|. . 60
4.2 Histogram Equalization and Gaussian Blur| . . . . ... ... ... ... .. 62
4.3 Thresholding| . . .. .. ... .. . ... . ... 62
4.4 Custom Thresholding Function| . . ... ... ... ... .. ... ..... 62
4.5 Frode and Dilatel . . . .. ... oo o 64
[4.6  Thresholded Image Analysis| . . . . . .. ... ... ... ... ... 64
4.7 White Spots Marking| . . . .. ... .. ... . 65
4.8 Messages’ Creation|. . . . . . . . . . . . . ... ... 66
4.9 'The Message Function|. . . . . . .. .. .. ... .. ... ... .. ..... 67
4.10 Model Architecturel . . . . ... ... ... L L L 70
411 Arguments|. . . . . . . .. 71
[4.12 Epochs Initial Learning Rate and Batch Size] . . . . . . .. ... ... ... 72
[4.13 Data-set Loading and Shuffling] . . . ... ... ... ... ... ... ... 72
|4.14 Image Reading and Labeling| . . . . .. .. ... ... .. .. ... ..... 73
[4.15 Training and Testing Datal . . . . ... ... ... ... ... ... ...... 74
[4.16 Data Augmentation| . . . . . .. ... ... 75
4.17 Model Training| . . . . . . . . . ... 75
[4.18 Generating Training Process Plot| . . . . . ... ... ... ... ... ... 77
[4.19 Arguments|. . . . . . .. e e e 78
[4.20 Image Processing|. . . . . . . . . .. 79
421 Perform Classificationl . . . . . ... ... .. ... oL 79
4.22 Label Drawing| . . . .. .. .. .. 79




LISTINGS

17

14.23 Setting Alert Mode|




Chapter 1

Introduction

The main purpose of this thesis is the design of an application for underwater surveil-
lance focused on sites of archaeological interest using image processing and computer
vision techniques. The project includes a camera placed placed underwater that watches
a designated area and the software that performs recognition of any possible intruder
and alarms. The application must be autonomous, run perpetually with minimum need
of maintenance or any kind of human intervention.

The algorithm divides the problem in two situations, daytime where the brightness
is higher and night where brightness is lower or even zero. During the night we assume
that a possible intruder, a scuba diver or a ROV, will need some kind of light source in
order to guide in situations of minimum light or even absolute dark. In this case our
program using image processing tools detects light sources inside our area or reflections
on the seabed caused from light sources outside our camera’s watching field. During
higher level of light (day) we use a pre-trained neural network that is trained to detect
divers or ROVs. Every frame taken from the camera is classified as diver, ROV or
seabed. In the case where a diver or a ROV are detected, alarm mode is activated and
a signal is sent. Furthermore a registration is created with the exact time of the event

and the type of the intruder.

1.1 Literature Search

Several studies have been performed in the field of underwater computer vision for

exploration and mapping purposes [19]. scientists are now turning to the oceans to dis-
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cover new possibilities for telecommunications, biological and geological resources and
energy sources. Underwater vehicles play an important role in this exploration as the
deep ocean is a harsh and unforgiving environment for human discovery. Unmanned
underwater vehicles (UUV) are utilized for many different scientific, military and com-
mercial applications such as high resolution seabed surveying, mine countermeasures,

inspection and repair of underwater man-made structures and wreck discovery and.

One of the most challenging problems in underwater robotics is the processing of
underwater images. Besides the well known problems to automatically interpret an
image in order to interact with the environment, underwater robotics needs to deal
with additional problems caused by the degradation of the image due to the light
transmission in water. A real time deep learning solution for image dehazing is proposed
and compared with other state of the art alternatives. in [18].

When working on underwater computer vision applications the need to to detect
certain objects or patterns and classify them emerges. In [17] supervised machine
learning methods to automatically detect and recognize coral reef fishes in underwater
HD videos are presented. The first method relies on a traditional two-step approach:
extraction of HOG features and use of a SVM classifier, while the second method is
based on Deep Learning [6].

Another study on underwater image classification is presented in [20].Underwater
surveillance cameras collect data which then are used by a video processing software to
detect and recognize fish species. This footage is processed on supercomputers, which
allow marine biologists to request automatic processing on these videos and afterwards
analyze the results using a web-interface that allows them to display counts of fish
species in the camera footage.

Computer vision has many applications in other fields as well like autonomous
vehicle and face recognition.

KITTTI Vision Benchmark [21] takes advantage of their autonomous driving platform
to develop novel challenging benchmarks for the tasks of stereo, optical flow, visual
odometry / SLAM and 3D object detection. The recording platform is equipped with
four high resolution video cameras, a Velodyne laser scanner and a state-of-the-art
localization system. The cameras, laser scanner and localization system are calibrated

and synchronized, providing accurate ground truth.
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In the field of face recognition, apple started using deep learning for face detection
in i0S 10. With the release of the Vision framework, developers can now use this tech-
nology and many other computer vision algorithms in their applications. [22] discusses
the algorithmic approach to deep-learning-based face detection, and how it successfully

meets the challenges to achieve state-of-the-art accuracy.



Chapter 2

Image Processing

In this chapter we will discuss the fundamentals about image processing. We will focus
on the features of image processing used in this paper, as well as, image processing from

the hardware perspective. Special attention will be given to convolution and masking.

2.1 Introduction to image processing

An image is considered to be a function of two real variables, for example, f(x,y) with
f as the amplitude (e.g. brightness) of the image at the real coordinate position (z,y).

Image processing is a method to perform some operations on an image, in order to
get an enhanced image or to extract some useful information from it. It is a type of
signal processing in which input is an image and output may be image or characteristic-
s/features associated with that image. Nowadays, image processing is among rapidly
growing technologies. It forms core research area within engineering and computer

science disciplines too.

2.2 Hardware (CCD/CMOS)

2.2.1 Introduction to image sensors

When an image is being captured by a network camera, light passes through the lens
and falls on the image sensor. The image sensor consists of picture elements, also
called pixels, that register the amount of light that falls on them. They convert the

received amount of light into a corresponding number of electrons. The stronger the

21
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light, the more electrons are generated. The electrons are converted into voltage and
then transformed into numbers by means of an A /D-converter. The signal constituted
by the numbers is processed by electronic circuits inside the camera.

Presently, there are two main technologies that can be used for the image sensor in a
camera, CCD (Charge-coupled Device)shown in figure 2.1 and CMOS (Complementary

Metal-oxide Semiconductor)shown in figure 2.2.

[CCD ]
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Figure 2.1: CCD

2.2.2 Color Filtering

Image sensors register the amount of light from bright to dark with no color infor-
mation. Since CMOS and CCD image sensors are /’ color blind/’, a filter in front of
the sensor allows the sensor to assign color tones to each pixel. Two common color
registration methods are RGB (Red, Green, and Blue) and CMYG (Cyan, Magenta,
Yellow, and Green). Red, green, and blue are the primary colors that, mixed in different
combinations, can produce most of the colors visible to the human eye.

Another way to filter or register color is to use the complementary colors, cyan,
magenta, and yellow. Complementary color filters on sensors are often combined with

green filters to form a CMYG color array, see Figure 2 (right). The CMYG system



2.2 Hardware (CCD/CMOS) 23

[CMOS Sensor]
Light

{0

Amplifier

Metal wire

Figure 2.2: CMOS

generally offers higher pixel signals due to its broader spectral band pass. However, the
signals must then be converted to RGB since this is used in the final image, and the
conversion implies more processing and added noise. The result is that the initial gain
in signal-to-noise is reduced, and the CMYG system is often not as good at presenting
colors accurately. The CMYG color array is often used in interlaced CCD image sensors,
whereas the RGB system primarily is used in progressive scan image sensors. For more

information about interlaced CCD image sensors and progressive scan image sensors.

2.2.3 CCD

In a CCD sensor, the light (charge) that falls on the pixels of the sensor is transferred
from the chip through one output node, or only a few output nodes. The charges are
converted to voltage levels, buffered, and sent out as an analog signal. This signal is
then amplified and converted to numbers using an A /D-converter outside the sensor.
The CCD technology was developed specifically to be used in cameras, and CCD
sensors have been used for more than 30 years. Traditionally, CCD sensors have had

some advantages compared to CMOS sensors, such as better light sensitivity and less
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noise. In recent years, however, these differences have disappeared.

The disadvantages of CCD sensors are that they are analog components that require
more electronic circuitry outside the sensor, they are more expensive to produce, and
can consume up to 100 times more power than CMOS sensors. The increased power
consumption can lead to heat issues in the camera, which not only impacts image quality

negatively, but also increases the cost and environmental impact of the product.

CCD sensors also require a higher data rate, since everything has to go through

just one output amplifier, or a few output amplifiers.

2.2.4 CMOS

Early on, ordinary CMOS chips were used for imaging purposes, but the image quality
was poor due to their inferior light sensitivity. Modern CMOS sensors use a more
specialized technology and the quality and light sensitivity of the sensors have rapidly

increased in recent years.

CMOS chips have several advantages. Unlike the CCD sensor, the CMOS chip
incorporates amplifiers and A /D-converters, which lowers the cost for cameras since it
contains all the logics needed to produce an image. Every CMOS pixel contains con-
version electronics. Compared to CCD sensors, CMOS sensors have better integration
possibilities and more functions. However, this addition of circuitry inside the chip
can lead to a risk of more structured noise, such as stripes and other patterns. CMOS
sensors also have a faster readout, lower power consumption, higher noise immunity,

and a smaller system size.

Calibrating a CMOS sensor in production, if needed, can be more difficult than
calibrating a CCD sensor. But technology development has made CMOS sensors easier
to calibrate, and some are nowadays even self-calibrating.

It is possible to read individual pixels from a CMOS sensor, which allows windowing,
which implies that parts of the sensor area can be read out, instead of the entire sensor
area at once. This way a higher frame rate can be delivered from a limited part of the
sensor, and digital PTZ (pan/tilt/zoom) functions can be used. It is also possible to
achieve multi-view streaming, which allows several cropped view areas to be streamed

simultaneously from the sensor, simulating several virtual cameras.
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2.3 Software (OpenCV)

The program is written in Python [3], [4] using OpenCV (Open Source Computer
Vision) [1], [2], [5] which is a library of programming functions mainly aimed at real-
time computer vision. Originally developed by Intel, it was later supported by Willow
Garage then Itseez (which was later acquired by Intel). The library is cross-platform
and free for use under the open-source BSD license. It is written in C++4 and its primary
interface is in C++4, but there are bindings in Python, Java and MATLAB/OCTAVE.

OpenCV’s application areas include:

e 2D and 3D feature toolkits

e Facial recognition system

e Gesture recognition

e Human-computer interaction (HCI)
e Segmentation and recognition

e Stereopsis

e Motion tracking

e Augmented reality

OpenCV also includes a statistical machine learning library that contains:
e Boosting

e Decision tree learning

e Expectation-maximization algorithm
e k-nearest neighbor algorithm

e Naive Bayes classifier

e Artificial neural networks

e Support vector machine (SVM)

e Deep neural networks (DNN)
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2.4 Basic Features of Images

Pixels

Pixel (PEL) is the smallest element of an image. Each pixel correspond to any one
value. In an 8-bit gray scale image, the value of the pixel between 0 and 255. The value
of a pixel at any point correspond to the intensity of the light photons striking at that
point. Each pixel store a value proportional to the light intensity at that particular
location. The number of PEL would be equal to the number of rows multiply with

number of columns.This can be mathematically represented as below:

Total Number Of Pizels = (Number Of Rows) - (Number Of Columns) (2.1)

Or we can say that the number of (z,y) coordinate pairs make up the total number
of pixels.

The value of the pixel at any point denotes the intensity of image at that location,

and that is also known as gray level.

Colors

Bpp or bits per pixel denotes the number of bits per pixel. The number of different
colors in an image is depends on the depth of color or bits per pixel.
If we devise a formula for the calculation of total number of combinations that can

be made from bit, it would be like this:

Total Number Of Colors = 2PPP (2.2)

Therefor 8 Bpp would correspond to 256 colors
0 pixel will always be the black color as it is the lowest number. On the other
hand the white does not have a fixed value. The value that denotes white color can be

calculated as:

W hite Color = 25PP~1 (2.3)
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Image size

The size of an image depends upon three things.

e Number of rows
e Number of columns

e Number of bits per pixel

The formula for calculating the size is given below:

Size = Rows - C'ols - Bpp (2.4)

Types of Images

There are many type of images, and we will look in detail about different types of

images, and the color distribution in them.

Binary Image The binary image as it name states, contain only two pixel values, 0
and 1. The resulting image that is formed hence consist of only black and white color
and thus can also be called as Black and White image. Binary images have a format

of PBM ( Portable bit map ).

2, 3, 4, 5, 6 bit color format The images with a color format of 2, 3, 4, 5 and
6 bit are not widely used today. They were used in old times for old TV displays, or
monitor displays. Each of these colors have more then two gray levels, and hence has
gray color unlike the binary image. In a 2 bit 4, in a 3 bit 8, in a 4 bit 16, in a 5 bit

32, in a 6 bit 64 different colors are present.

8 bit color format 8 bit color format is one of the most famous image format. It
has 256 different shades of colors in it. It is commonly known as Grayscale image. The
range of the colors in 8 bit vary from 0-255. Where 0 stands for black, and 255 stands
for white, and 127 stands for gray color. This format was used initially by early models
of the operating systems UNIX and the early color Macintoshes. The format of these
images are PGM
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Binary Imagel6 bit color format It is a color image format. It has 65,536 differ-
ent colors in it. It has been used by Microsoft in their systems that support more then 8
bit color format. Now in this 16 bit format and the next format we are going to discuss
which is a 24 bit format are both color format. The distribution of color in a color
image is not as simple as it was in grayscale image. A 16 bit format is actually divided
into three further formats which are Red, Green and Blue, also known as channels. The

famous (RGB) format.

The most usual distribution of 16 bit is done like this:

5 bits for R, 6 bits for G, 5 bits for B.

The additional is added into the green bit. Because green is the color which is most
soothing to eyes in all of these three colors. Note this is distribution is not followed by

all the systems. Some have introduced an alpha channel in the 16 bit.

24 bit color format 24 bit color format also known as true color format. Like 16
bit color format, in a 24 bit color format, the 24 bits are again distributed in three
different formats of Red, Green and Blue. Since 24 is equally divided on 8§, so it has
been distributed equally between three different color channels. Unlike a 8 bit gray
scale image, which has one matrix behind it, a 24 bit image has three different matrices

of R, G, B.

It is the most common used format. Its format is PPM (Portable pixMap) which
is supported by Linux operating system. Windows has its own format for it which is

BMP (Bitmap).

Grayscale to RGB Conversion

Very often in image processing we tend to work on grayscale format instead of the
RGB. This happens because working on one channel is much faster than working on
three different channels. In order to do that we need to convert the image from the
RGB format to grayscale, process it and then convert back to RGB. There are two

methods to convert it. Both has their own merits and demerits. The methods are:

e Average method
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e Weighted method or luminosity method

Average method is the most simple one. You just have to take the average of three
colors. Since its an RGB image, so it means that you have add r with g with b and
then divide it by 3 to get your desired grayscale image. The formula for this method

is the following.

Grayscale=(R+G+ B)/3 (2.5)

We can see the results of applying this equation to an image in figure 2.3

I« SERA . L

Figure 2.3: Gray-scale Transformation

As we can see the outcome is not as expected. We wanted to convert the image into
a gray-scale, but this turned out to be a rather black image.This problem arise due to
the fact, that we take average of the three colors. Since the three different colors have
three different wavelength and have their own contribution in the formation of image,
so we have to take average according to their contribution, not done it averagely using
average method. Right now what we are doing is this, 1/3 of Red, 1/3 of Green and 1/3
of Blue. That means, each of the portion has same contribution in the image. But in
reality that is not the case. The solution to this has been given by luminosity method.

Since red color has more wavelength of all the three colors, and green is the color that
has not only less wavelength then red color but also green is the color that gives more
soothing effect to the eyes. It means that we have to decrease the contribution of red
color, and increase the contribution of the green color, and put blue color contribution

in between these two. So the new equation that form is:

Grayscale = (0.3- R) +(0.59-G) + (0.11- B) (2.6)
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According to this equation, Red has contribute 30 per cent, Green has contributed
59 per cent which is greater in all three colors and Blue has contributed 11 per cent.

We can see the results of applying this equation to an image in figure 2.4

Figure 2.4: Weighted Gray-scale Transformation

As we can see here, the image has now been properly converted to gray-scale using
weighted method. As compare to the result of average method, this image is more

brighter.

Resolution

Resolution can be defined in many ways. Such as pixel resolution, spatial resolution,
temporal resolution, spectral resolution. Out of which we are going to discuss pixel and
spatial resolutions.

In pixel resolution, the term resolution refers to the total number of count of pixels
in an digital image. For example. If an image has M rows and N columns, then its

resolution can be defined as M X N.

Size = Pizel Resolution - bpp (2.7)

If we define resolution as the total number of pixels, then pixel resolution can be
defined with set of two numbers. The first number the width of the picture, or the
pixels across columns, and the second number is height of the picture, or the pixels
across its width. We can say that the higher is the pixel resolution, the higher is the
quality of the image.

The size of an image can be defined by its pixel resolution. Lets say we have an

image of dimension: 2500 X 3192. Its pixel resolution = 2500 * 3192 = 7982350 bytes.
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Dividing it by 1 million = 7.9 = 8 mega pixel (approximately).

Another important concept with the pixel resolution is aspect ratio. Aspect ratio
is the ratio between width of an image and the height of an image. It is commonly
explained as two numbers separated by a colon (8:9). This ratio differs in different
images, and in different screens. The common aspect ratios are: 1.33:1, 1.37:1, 1.43:1,
1.50:1, 1.56:1, 1.66:1, 1.75:1, 1.78:1, 1.85:1, 2.00:1, e.t.c. Aspect ratio maintains a
balance between the appearance of an image on the screen, means it maintains a ratio
between horizontal and vertical pixels. It does not let the image to get distorted when
aspect ratio is increased.

Spatial resolution states that the clarity of an image cannot be determined by the
pixel resolution. The number of pixels in an image does not matter. Spatial resolution
can be defined as the smallest discernible detail in an image. Or in other way we can
define spatial resolution as the number of independent pixels values per inch.

In short what spatial resolution refers to is that we cannot compare two different
types of images to see that which one is clear or which one is not. If we have to compare
the two images, to see which one is more clear or which has more spatial resolution, we
have to compare two images of the same size.

Since the spatial resolution refers to clarity, so for different devices, different measure

has been made to measure it:

e Dots per inch (DPI) usually used in monitors
e Lines per inch (LPI) usually used in laser printers

e Pixels per inch (PPI) usually used for different devices such as tablets , Mobile

phones e.t.c.

Zooming

Zooming simply means enlarging a picture in a sense that the details in the image
became more visible and clear. We can zoom something at two different steps. The
first step includes zooming before taking an particular image. This is known as pre
processing zoom. This zoom involves hardware and mechanical movement. The second

step is to zoom once an image has been captured. It is done through many different
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algorithms in which we manipulate pixels to zoom in the required portion. There are

two types of zoom. Optical zoom and digital zoom

Optical Zoom: The optical zoom is achieved using the movement of the lens of your
camera. An optical zoom is actually a true zoom. The result of the optical zoom is far
better then that of digital zoom. In optical zoom, an image is magnified by the lens in
such a way that the objects in the image appear to be closer to the camera. In optical

zoom the lens is physically extend to zoom or magnify an object.

Digital Zoom: Digital zoom is basically image processing within a camera. During
a digital zoom, the center of the image is magnified and the edges of the picture got
crop out. Due to magnified center, it looks like that the object is closer to you. During
a digital zoom, the pixels got expand , due to which the quality of the image is com-
promised. The same effect of digital zoom can be seen after the image is taken through

your computer by using an image processing toolbox / software, such as Photoshop.

Brightness and Contrast

Brightness is a relative term. It depends on your visual perception. Since brightness
is a relative term, so brightness can be defined as the amount of energy output by a
source of light relative to the source we are comparing it to. In some cases we can easily
say that the image is bright, and in some cases, its not easy to perceive. Brightness
can be simply increased or decreased by simple addition or subtraction, to the image
matrix.

Contrast can be simply explained as the difference between maximum and minimum

pixel intensity in an image.

Contrast = Mazimum Pixel Intensity — Minimum Pixel Intensity (2.8)

2.4.1 Image Transformation

Consider this equation:

G(z,y) =Tf(x,y) (2.9)
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In this equation,

F(x,y) = input image on which transformation function has to be applied.

G(x,y) = the output image or processed image.

T is the transformation function.

This relation between input image and the processed output image can also be

represented as:

s=T(r) (2.10)

where r is actually the pixel value or gray level intensity of f(x,y) at any point. And

s is the pixel value or gray level intensity of g(x,y) at any point.

2.5 Histograms

2.5.1 Introduction to Histograms

A histogram is a graph. A graph that shows frequency of anything. Usually histogram
have bars that represent frequency of occurring of data in the whole data set. A
Histogram has two axis the x axis and the y axis. The x axis contains event whose
frequency you have to count. The y axis contains frequency.

Histogram of an image, like other histograms also shows frequency. But an image
histogram, shows frequency of pixels intensity values. In an image histogram, the x axis
shows the gray level intensities and the y axis shows the frequency of these intensities.

For example we have figure 2.5

The histogram of this image would be something like figure 2.6

The x axis of the histogram shows the range of pixel values. Since its an 8 bpp
image, that means it has 256 levels of gray or shades of gray in it. That is why the
range of x axis starts from 0 and end at 255 with a gap of 50. Whereas on the y axis,
is the count of these intensities.

As we can see from the graph, that most of the bars that have high frequency lies
in the first half portion which is the darker portion. That means that the image we
have got is darker. And this can be proved from the image too.

Histograms has many uses in image processing. The first use as it has also been

discussed above is the analysis of the image. We can predict about an image by just
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Figure 2.5: Gray-scale Einstein

Figure 2.6: Einstein Histogram

looking at its histogram. Its like looking an x ray of a bone of a body. The second use
of histogram is for brightness purposes. The histograms has wide application in image
brightness. Not only in brightness, but histograms are also used in adjusting contrast
of an image. Another important use of histogram is to equalize an image. And last but
not the least, histogram has wide use in thresholding. This is mostly used in computer

vision.
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2.5.2 Histogram Sliding

In histogram sliding, we just simply shift a complete histogram rightwards or leftwards.
Shifting an histogram to the right will result in a brighter image (figure 2.7). In order

to do that we need to add a fixed value to the image.

Old image New image

85553

R

Figure 2.7: Shifting Histogram Rightwards

Respectively Shifting an histogram to the left (figure 2.8) can be done by subtracting

a fixed value from them image and it will result in a decrease of brightness.

New image. Original image.

New Histogram,

800

‘600

. & % B B % 3 3

Figure 2.8: Shifting Histogram Leftwards
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2.5.3 Histogram stretching

There are two methods of enhancing contrast. The first one is called Histogram stretch-
ing. The formula for stretching the histogram of the image to increase the contrast is

the following:

g(l’,y)= f(xay)_fm.@n'QBpp (211)
fmazx - fmin

The formula requires finding the minimum and maximum pixel intensity multiply
by levels of gray. In our case the image is 8bpp, so levels of gray are 256. The minimum

value is 0 and the maximum value is 225. So the formula in our case is

f(x7y)_0 .

255 (2.12)
255 -0

9(z,y) =

where f(x,y) denotes the value of each pixel intensity. For each f(x,y) in an image ,
we will calculate this formula. After doing this, we will be able to enhance our contrast.

The figure 2.9 is created after applying histogram stretching.

Figure 2.9: Einstein after Histogram Stretching

The stretched histogram of this image can be shown in figure (2.10).

We can notice that the histogram is now stretched or in other means expand.

2.5.4 Histogram Equalization

Another method of enhancing the contrast of an image is Histogram Equalization. It
is not necessary that contrast will always be increase in this. There may be some cases

were histogram equalization can be worse. In that cases the contrast is decreased.
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Figure 2.10: Histogram Stretching

This method usually increases the global contrast of many images, especially when
the usable data of the image is represented by close contrast values. Through this
adjustment, the intensities can be better distributed on the histogram. This allows
for areas of lower local contrast to gain a higher contrast. Histogram equalization

accomplishes this by effectively spreading out the most frequent intensity values.

The method is useful in images with backgrounds and foregrounds that are both
bright or both dark. In particular, the method can lead to better views of bone structure
in x-ray images, and to better detail in photographs that are over or under-exposed.
A key advantage of the method is that it is a fairly straightforward technique and
an invertible operator. So in theory, if the histogram equalization function is known,
then the original histogram can be recovered. The calculation is not computationally
intensive. A disadvantage of the method is that it is indiscriminate. It may increase

the contrast of background noise, while decreasing the usable signal.
The results after histogram equalization can be shown in figure 2.11

As we can clearly see from the images that the new image contrast has been en-
hanced and its histogram has been equalized. There is also one important thing to
be note here that during histogram equalization the overall shape of the histogram

changes, where as in histogram stretching the overall shape of histogram remains same
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Figure 2.11: Histogram Equalization

2.6 Convolution and Masks

In image processing, a kernel, convolution matrix, or mask is a small matrix. It is used
for blurring, sharpening, embossing, edge detection, and more. This is accomplished
by doing a convolution between a kernel and an image. The mask is usually of the
order of 1x1, 3x3, 5x5, 7x7 . A mask should always be in odd number, because other
wise you cannot find the mid of the mask.

Convolution is the process of adding each element of the image to its local neighbors,
weighted by the kernel. This is related to a form of mathematical convolution. It should
be noted that the matrix operation being performed - convolution - is not traditional
matrix multiplication, despite being similarly denoted by *.

Convolving mask over image is done in this way. We place the center of the mask
at each element of an image, multiply the corresponding elements and then add them
, and paste the result onto the element of the image on which you place the center of

mask.
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For example, if we have two three-by-three matrices, the first a kernel, and the
second an image piece, convolution is the process of flipping both the rows and columns
of the kernel and then multiplying locally similar entries and summing. The element
at coordinates [2, 2] (that is, the central element) of the resulting image would be a
weighted combination of all the entries of the image matrix, with weights given by the

kernel:

a b c 1 2 3
d e fl*|4 5 6 [2,2] = (i-1)+(h-2)+(g-3)+(f-4)+(e-5)+(d-6)+(cT)+(b-8)+(a9)

g h i 78 9
(2.13)

A mask is a filter. Concept of masking is also known as spatial filtering. The
process of filtering is also known as convolving a mask with an image. As this process
is same of convolution so filter masks are also known as convolution masks. The general
process of filtering and applying masks is consists of moving the filter mask from point
to point in an image. At each point (x,y) of the original image, the response of a filter
is calculated by a pre defined relationship. All the filters values are pre defined and are
a standard.

Generally there are two types of filters. One is called as linear filters or smoothing
filters and others are called as frequency domain filters.Filters are applied on image for

multiple purposes. The two most common uses are as following;:

e Blurring and noise reduction

e Edge detection and sharpness

2.6.1 Blurring and Noise reduction

Filters are most commonly used for blurring and for noise reduction. Blurring is used
in pre-processing steps, such as removal of small details from an image prior to large
object extraction. In the process of blurring we reduce the edge content in an image
and try to make the transitions between different pixel intensities as smooth as possible.

Noise reduction is also possible with the help of blurring.
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Blurring can be achieved by many ways. The common type of filters that are used

to perform blurring are

e Mean filter
e Weighted average filter

o Gaussian filter

In this paper we focus on Gaussian blur since it is the method used in our project.
Gaussian blur (also known as Gaussian smoothing) is the result of blurring an image by
a Gaussian function. It is a widely used effect in graphics software, typically to reduce
image noise and reduce detail. The visual effect of this blurring technique is a smooth
blur resembling that of viewing the image through a translucent screen, distinctly
different from the bokeh effect produced by an out-of-focus lens or the shadow of an
object under usual illumination. Gaussian smoothing is also used as a pre-processing
stage in computer vision algorithms in order to enhance image structures at different
scales—see scale space representation and scale space implementation.

Mathematically, applying a Gaussian blur to an image is the same as convolving the
image with a Gaussian function. This is also known as a two-dimensional Weierstrass
transform. By contrast, convolving by a circle (i.e., a circular box blur) would more
accurately reproduce the bokeh effect. Since the Fourier transform of a Gaussian is
another Gaussian, applying a Gaussian blur has the effect of reducing the image’s
high-frequency components; a Gaussian blur is thus a low pass filter.

An example of blurring is shown in figure 2.12

2.6.2 Edge Detection and Sharpness

Masks or filters can also be used for edge detection in an image and to increase sharpness
of an image. Edge detection includes a variety of mathematical methods that aim at
identifying points in a digital image at which the image brightness changes sharply
or, more formally, has discontinuities. The points at which image brightness changes
sharply are typically organized into a set of curved line segments termed edges. The
same problem of finding discontinuities in one-dimensional signals is known as step

detection and the problem of finding signal discontinuities over time is known as change
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Figure 2.12: Image Blurring

detection. Edge detection is a fundamental tool in image processing, machine vision and
computer vision, particularly in the areas of feature detection and feature extraction.
The purpose of detecting sharp changes in image brightness is to capture important
events and changes in properties of the world. It can be shown that under rather
general assumptions for an image formation model, discontinuities in image brightness

are likely to correspond to:

e discontinuities in depth
e discontinuities in surface orientation
e changes in material properties

e variations in scene illumination

Applying an edge detection algorithm to an image may significantly reduce the
amount of data to be processed and may therefore filter out information that may be
regarded as less relevant, while preserving the important structural properties of an
image. If the edge detection step is successful, the subsequent task of interpreting the
information contents in the original image may therefore be substantially simplified.
However, it is not always possible to obtain such ideal edges from real life images of
moderate complexity.

An example of edge detection is shown in figure 2.13
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Figure 2.13: Edge Detection



Chapter 3

Neural Networks

In this chapter we will make an introduction to neural networks [16]. We will present
different types of neural networks’ architecture, the learning process and finally focus
on deep learning [14], [15] and convolutional neural networks (CNNs), which is the type

of network used for this project.

3.1 Introduction to Neural Networks

An Artificial Neural Network (ANN) is an information processing paradigm that is
inspired by the way biological nervous systems, such as the brain, process information.
The key element of this paradigm is the novel structure of the information processing
system. It is composed of a large number of highly interconnected processing elements
(neurons) working in unison to solve specific problems. ANNs, like people, learn by
example. An ANN is configured for a specific application, such as pattern recognition or
data classification, through a learning process. Learning in biological systems involves
adjustments to the synaptic connections that exist between the neurons.

Neural networks, with their remarkable ability to derive meaning from complicated
or imprecise data, can be used to extract patterns and detect trends that are too
complex to be noticed by either humans or other computer techniques. A trained
neural network can be thought of as an "expert” in the category of information it has
been given to analyze. This expert can then be used to provide projections given new

situations of interest and answer ”what if’ questions. Other advantages include:

e Adaptive learning: An ability to learn how to do tasks based on the data given

43
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for training or initial experience.

e Self-Organisation: An ANN can create its own organisation or representation of

the information it receives during learning time.

e Real Time Operation: ANN computations may be carried out in parallel, and spe-
cial hardware devices are being designed and manufactured which take advantage

of this capability.

e Fault Tolerance via Redundant Information Coding: Partial destruction of a net-
work leads to the corresponding degradation of performance. However, some

network capabilities may be retained even with major network damage.

Neural networks take a different approach to problem solving than that of con-
ventional computers. Conventional computers use an algorithmic approach i.e. the
computer follows a set of instructions in order to solve a problem. Unless the spe-
cific steps that the computer needs to follow are known the computer cannot solve the
problem. That restricts the problem solving capability of conventional computers to
problems that we already understand and know how to solve. But computers would be
so much more useful if they could do things that we don’t exactly know how to do.

Neural networks process information in a similar way the human brain does. The
network is composed of a large number of highly interconnected processing elements
(neurons) working in parallel to solve a specific problem. Neural networks learn by
example. They cannot be programmed to perform a specific task. The examples must
be selected carefully otherwise useful time is wasted or even worse the network might
be functioning incorrectly. The disadvantage is that because the network finds out how
to solve the problem by itself, its operation can be unpredictable.

On the other hand, conventional computers use a cognitive approach to problem
solving; the way the problem is to solved must be known and stated in small unam-
biguous instructions. These instructions are then converted to a high level language
program and then into machine code that the computer can understand. These ma-
chines are totally predictable; if anything goes wrong is due to a software or hardware
fault.

Neural networks and conventional algorithmic computers are not in competition but

complement each other. There are tasks are more suited to an algorithmic approach like
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arithmetic operations and tasks that are more suited to neural networks. Even more,
a large number of tasks, require systems that use a combination of the two approaches
(normally a conventional computer is used to supervise the neural network) in order to

perform at maximum efficiency.

3.2 Architecture of neural networks

3.2.1 Feed-forward networks

Feed-forward ANNs allow signals to travel one way only; from input to output. There
is no feedback (loops) i.e. the output of any layer does not affect that same layer.
Feed-forward ANNs tend to be straight forward networks that associate inputs with
outputs. They are extensively used in pattern recognition. This type of organization
is also referred to as bottom-up or top-down. The structure of such a network can be

shown in the figure 3.1.

Hidden layer Qutputs

Figure 3.1: Feed-forward ANN

3.2.2 Feedback networks

Feedback networks can have signals traveling in both directions by introducing loops in
the network. Feedback networks are very powerful and can get extremely complicated.
Feedback networks are dynamic; their ’state’ is changing continuously until they reach

an equilibrium point. They remain at the equilibrium point until the input changes
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and a new equilibrium needs to be found. Feedback architectures are also referred to
as interactive or recurrent, although the latter term is often used to denote feedback
connections in single-layer organizations. The structure of such a network can be shown

in the figure 3.2.

MNeurons Neurons Neurons

Figure 3.2: Feedback ANN

3.2.3 Network layers

The commonest type of artificial neural network consists of three groups, or layers,
of units: a layer of ”input” units is connected to a layer of "hidden” units, which is

connected to a layer of ”output” units.

e The activity of the input units represents the raw information that is fed into the

network.

e The activity of each hidden unit is determined by the activities of the input units

and the weights on the connections between the input and the hidden units.

e The behavior of the output units depends on the activity of the hidden units and

the weights between the hidden and output units.
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This simple type of network is interesting because the hidden units are free to
construct their own representations of the input. The weights between the input and
hidden units determine when each hidden unit is active, and so by modifying these
weights, a hidden unit can choose what it represents.

We also distinguish single-layer and multi-layer architectures. The single-layer orga-
nization, in which all units are connected to one another, constitutes the most general
case and is of more potential computational power than hierarchically structured multi-
layer organizations. In multilayer networks, units are often numbered by layer, instead

of following a global numbering.

3.3 Learning Process

The memorization of patterns and the subsequent response of the network can be

categorized into two general paradigms:

Associative mapping in which the network learns to produce a particular pattern on
the set of input units whenever another particular pattern is applied on the set of input

units. The associative mapping can generally be broken down into two mechanisms:

e auto-association: an input pattern is associated with itself and the states of input
and output units coincide. This is used to provide pattern completion, i.e. to
produce a pattern whenever a portion of it or a distorted pattern is presented.
In the second case, the network actually stores pairs of patterns building an

association between two sets of patterns.

e hetero-association which is related to two recall mechanisms: nearest-neighbor re-
call, where the output pattern produced corresponds to the input pattern stored,
which is closest to the pattern presented, and interpolative recall, where the
output pattern is a similarity dependent interpolation of the patterns stored cor-
responding to the pattern presented. Yet another paradigm, which is a variant
associative mapping is classification, i.e. when there is a fixed set of categories

into which the input patterns are to be classified.
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Regularity detection in which units learn to respond to particular properties of the
input patterns. Whereas in associative mapping the network stores the relationships
among patterns, in regularity detection the response of each unit has a particular 'mean-
ing’. This type of learning mechanism is essential for feature discovery and knowledge
representation.

Every neural network possesses knowledge which is contained in the values of the
connections weights. Modifying the knowledge stored in the network as a function of

experience implies a learning rule for changing the values of the weights (figure 3.3).
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Figure 3.3: ANN’s Weight Learning

Information is stored in the weight matrix W of a neural network. Learning is
the determination of the weights. Following the way learning is performed, we can

distinguish two major categories of neural networks:

e fixed networks in which the weights cannot be changed, i.e. dW/dt=0. In such

networks, the weights are fixed in advance according to the problem to solve.

e Adaptive networks which are able to change their weights, i.e. dW/dt not= 0.

All learning methods used for adaptive neural networks can be classified into two

major categories:

Supervised learning which incorporates an external teacher, so that each output
unit is told what its desired response to input signals ought to be. During the learning

process global information may be required. Paradigms of supervised learning include
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error-correction learning, reinforcement learning and stochastic learning. An impor-
tant issue concerning supervised learning is the problem of error convergence, i.e. the
minimization of error between the desired and computed unit values. The aim is to
determine a set of weights which minimizes the error. One well-known method, which

is common to many learning paradigms is the least mean square (LMS) convergence.

Unsupervised learning uses no external teacher and is based upon only local infor-
mation. It is also referred to as self-organization, in the sense that it self-organizes data
presented to the network and detects their emergent collective properties. Paradigms

of unsupervised learning are Hebbian learning and competitive learning.

A neural network learns off-line if the learning phase and the operation phase are
distinct. A neural network learns on-line if it learns and operates at the same time.
Usually, supervised learning is performed off-line, whereas unsupervised learning is
performed on-line.

The behavior of an ANN (Artificial Neural Network) depends on both the weights
and the input-output function (transfer function) that is specified for the units. This

function typically falls into one of three categories:

e linear, (or ramp) where the output activity is proportional to the total weighted

output

e threshold, where the output is set at one of two levels, depending on whether

the total input is greater than or less than some threshold value.

e sigmoid, where the output varies continuously but not linearly as the input
changes. Sigmoid units bear a greater resemblance to real neurons than do linear

or threshold units, but all three must be considered rough approximations

To make a neural network that performs some specific task, we must choose how
the units are connected to one another and we must set the weights on the connections
appropriately. The connections determine whether it is possible for one unit to influence
another. The weights specify the strength of the influence.

In order to train a neural network to perform some task, we must adjust the weights

of each unit in such a way that the error between the desired output and the actual
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output is reduced. This process requires that the neural network compute the error
derivative of the weights (EW). In other words, it must calculate how the error changes
as each weight is increased or decreased slightly. The back propagation algorithm is

the most widely used method for determining the EW.

3.4 Deep Learning and Convolutional Neural Networks

(CNNs)

3.4.1 Deep Learning

To understand what deep learning is, we first need to understand the relationship deep
learning has with machine learning, neural networks, and artificial intelligence. The
best way to think of this relationship is to visualize them as concentric circles (figure

3.4):

Field of Artificial Intelligence

Field of
Machine Learning

- Deep
- Learning

Figure 3.4: AI, Machine Learning and Deep Learning Relationship

Deep learning is a specific subset of Machine Learning, which is a specific subset of

Artificial Intelligence. For individual definitions:

e Artificial Intelligence is the broad mandate of creating machines that can think
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intelligently

e Machine Learning is one way of doing that, by using algorithms to glean insights

from data

e Deep Learning is one way of doing that, using a specific algorithm called a Neural

Network

Deep Learning is just a type of algorithm that seems to work really well for pre-
dicting things. Deep Learning and Neural Nets, for most purposes, are effectively
synonymous. Computer vision is a great example of a task that Deep Learning has
transformed into something realistic for business applications. Using Deep Learning to
classify and label images is not only better than any other traditional algorithms but

it is starting to be better than actual humans.

3.4.2 Convolution Neural Networks (CNNs)

Deep CNNs work by consecutively modeling small pieces of information and combining
them deeper in network. One way to understand them is that the first layer will try
to detect edges and form templates for edge detection. Then subsequent layers will try
to combine them into simpler shapes and eventually into templates of different object
positions, illumination, scales, etc. The final layers will match an input image with
all the templates and the final prediction is like a weighted sum of all of them. So,
deep CNNs are able to model complex variations and behavior giving highly accurate

predictions.

A CNN typically consists of 3 types of layers:

e Convolution Layer
e Pooling Layer

e Fully Connected Layer

A CNN used to identify handwritten numbers is shown in figure 3.5.
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Figure 3.5: CNN Block Diagram

Convolutional Layer

Since convolution layers form the crux of the network, we will consider them first. Each
layer can be visualized in the form of a block or a cuboid. In order to explain it better
we will use the example of CIFAR-10 a data-set which has 60,000 images with 10 labels
and 6,000 images of each type. Each image is colored and 32x32 in size.So for this

example the input layer would have the following form (figure 3.6):

Figure 3.6: Input Layer

Here you can see, this is the original image which is 32x 32 in height and width. The
depth here is 3 which corresponds to the Red, Green and Blue colors, which form the
basis of colored images. Now a convolution layer is formed by running a filter over it.
A filter is another block or cuboid of smaller height and width but same depth which
is swept over this base block. Lets consider a filter of size 5x5x3 (figure 3.7).

We start this filter from the top left corner and sweep it till the bottom left corner.
This filter is nothing but a set of eights, i.e. 5x5x3=75 + 1 bias = 76 weights. At each
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convolution

Sx5x3
filter

28

1 activation map

Figure 3.7: Convolution with a 5x5x3 Filter

position, the weighted sum of the pixels is calculated as WTX + b and a new value is

obtained. A single filter will result in a volume of size 28x28x1 as shown above.

Multiple filters are generally run at each step. Therefore, if 10 filters are used, the
output would look like figure 3.8.

10 activation map
stacked

32 10 filters 28
E—

5x5%3

Figure 3.8: Convolution with Multiple 5x5x3 Filters

The filter weights are parameters which are learned during the back-propagation
step. We notice that we got a 28x28 block as output when the input was 32x32. The

following example will help us understand why.

Suppose the initial image had size 6x6x3 and the filter has size 3x3x3. Since depth
is same it is also irrelevant to the outcome. A front view of how filter would work is

shown in figure 3.9.

Here we can see that the result would be 4x4x1 volume block. We notice there is a

single output for entire depth of the each location of filter.

A generic formula for the size of the output image will be:
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position 1 position 2 position 3 position 4

Figure 3.9: Convolution of an 6x6x3 Image with a 3x3x3 Filter

S

OutputSize = +1 (3.1)

where:

e N: dimension of our original image

e F: dimension of our filter

e S: stride, the number of cells to move in each step

If we use this formula to our original example with N=32, F=5, S=1 we can see it
validates.

We notice that the size of the images is getting shrunk consecutively. This will be
undesirable in case of deep networks where the size would become very small too early.
Also, it would restrict the use of large size filters as they would result in faster size
reduction. To prevent this, we generally use a stride of 1 along with zero-padding of
size (F-1)/2. Zero-padding is nothing but adding additional zero-value pixels towards

the border of the image.

Pooling Layer

When we use padding in convolution layer, the image size remains same. So, pooling
layers are used to reduce the size of image. They work by sampling in each layer using
filters. Consider the following 4x4 layer. So if we use a 2x2 filter with a stride value
of 2 and max-pooling, we get the response shown in figure 3.10.

Here we can see that 4 2x2 matrix are combined into 1 and their maximum value
is taken. Generally, max-pooling is used but other options like average pooling can be

considered.
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Figure 3.10: Convolution of an 4x4 Image with a 2x2 Filter and Max-pooling

Fully Connected Layer

At the end of convolution and pooling layers, networks generally use fully-connected
layers in which each pixel is considered as a separate neuron just like a regular neural
network. The last fully-connected layer will contain as many neurons as the number of
classes to be predicted. For instance, in CIFAR-10 case, the last fully-connected layer

will have 10 neurons.

3.4.3 Software and Frameworks

Many of the advances in practical applications of Deep Learning have been led by the
widespread availability of robust open-source software packages. These let developers
on-board easily and efficiently, which expands the number of people actively push-
ing development forward. As Data Science in general has been moving more towards

Python lately, most of these packages are most developed for that language.

TensorFlow [10], [11] is an open source software library for numerical computation
using data flow graphs. Nodes in the graph represent mathematical operations, while
the graph edges represent the multidimensional data arrays (tensors) communicated
between them. The flexible architecture allows you to deploy computation to one or

more CPUs or GPUs in a desktop, server, or mobile device with a single API.

Caffe aims to provide an easy and straightforward way for you to experiment with
deep learning and leverage community contributions of new models and algorithms.
You can bring your creations to scale using the power of GPUs in the cloud or to the

masses on mobile with Caffe2’s cross-platform libraries



56 Chapter 3. Neural Networks

Torch is a scientific computing framework with wide support for machine learning
algorithms that puts GPUs first. It is easy to use and efficient, thanks to an easy and
fast scripting language, LuaJIT, and an underlying C/CUDA implementation.

Theano is a Python library that lets you to define, optimize, and evaluate math-
ematical expressions, especially ones with multi-dimensional arrays (numpy.ndarray).
Using Theano it is possible to attain speeds rivaling hand-crafted C implementations
for problems involving large amounts of data. It can also surpass C on a CPU by many

orders of magnitude by taking advantage of recent GPUs

ConvNetJS is a Javascript library for training Deep Learning models (Neural Net-
works) entirely in your browser. No specific software, no compilers, no installations, no

GPUs requirements.

3.4.4 Keras

Keras [7] [12] is a high-level API, written in Python and capable of running on top of
TensorFlow, Theano, etc. The above deep learning libraries are written in a general
way with a lot of functionalities. This can be overwhelming for a beginner who has
limited knowledge in deep learning. Keras provides a simple and modular API to create

and train Neural Networks, hiding most of the complicated details under the hood.

Keras Work-flow

Keras [8], [9] provides a very simple work-flow for training and evaluating the models.
Basically, we are creating the model and training it using the training data. Once the
model is trained, we take the model to perform inference on test data. Keras’ work-flow

is described in figure 2.11:

Keras Layers

Layers can be thought of as the building blocks of a Neural Network. They process the
input data and produce different outputs, depending on the type of layer, which are
then used by the layers which are connected to them. Keras provides a number of core

layers which include:



3.4 Deep Learning and Convolutional Neural Networks (CNNs) 57

¢ Create Model Configure Model Train Model
keras.layers() model.compile() model.fit() }
Testing data
Evaluate Model
model.evaluate()

Loss Predictions

Trained Model

Get Predictions
model.predict()

Figure 3.11: Keras’ Work-flow

¢ Dense layers, also called fully connected layer, since, each node in the input is

connected to every node in the output,

e Activation layer which includes activation functions like ReLU, tanh, sigmoid

among others,

e Dropout layer — used for regularization during training,

e Flatten, Reshape, etc,

e Convolution layers — used for performing convolution,

e Pooling layers — used for down sampling,

e Recurrent layers,

e Locally-connected, normalization, etc.

Keras Models

Keras provides two ways to define a model:

e Sequential, used for stacking up layers — Most commonly used,

e Functional API, used for designing complex model architectures like models with

multiple-outputs and shared layers
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Training the Model

Once the model is ready, we need to configure the learning process. This means:

e Specify an Optimizer which determines how the network weights are updated

Specify the type of cost function or loss function

Specify the metrics we want to evaluate during training and testing

Create the model graph using the back-end

Any other advanced configuration

This is done in Keras using the model.compile() function.

Listing 3.1: Model Compile

model. compile (optimizer , loss, metrics)

Optimizers: Keras provides a lot of optimizers to choose from, which include
e Stochastic Gradient Descent ( SGD ),

e Adam,

RMSprop,

AdaGrad,

AdaDelta, etc.

Loss functions: In a supervised learning problem, we have to find the error between
the actual values and the predicted value. There can be different metrics which can be
used to evaluate this error. This metric is often called loss function or cost function or
objective function. There can be more than one loss function depending on what you

are doing with the error. In general, we use
e binary-cross-entropy for a binary classification problem,
e categorical-cross-entropy for a multi-class classification problem,

e mean-squared-error for a regression problem and so on.
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Training: Once the model is configured, we can start the training process. This can

be done using the model fit() function in Keras.

Listing 3.2: Initiation of Training Process

model. fit (trainFeatures, trainLabels, batch_size, epochs)

We just need to specify the training data, batch size and number of epochs. Keras
automatically figures out how to pass the data iteratively to the optimizer for the
number of epochs specified. The rest of the information was already given to the

optimizer in the previous step.

Model evaluation: Once the model is trained, we need to check the accuracy on

unseen test data. This can be done in two ways in Keras.

e model.evaluate() — It finds the loss and metrics specified in the model.compile()
step. It takes both the test data and labels as input and gives a quantitative
measure of the accuracy. It can also be used to perform cross-validation and

further fine-tune the parameters to get the best model.

e model.predict() — It finds the output for the given test data. It is useful for

checking the outputs qualitatively.




Chapter 4

Algorithm Design

In this chapter we design the algorithm that will let us detect any scuba divers or
ROVs entering our surveillance area. We approach the problem in two different ways.
During the time of the day where the brightness is higher (daytime mode) and when the
brightness is lower or close to absolute dark (nighttime mode) which happens during
the night or on cloudy weather.

A flow-chart that describes the algorithm is shown in figure 4.1.

To begin with, program has to decide in which mode it will run (daytime/nightime).
In order to make this decision we first transform our frame to gray-scale and then
calculate the average pixel value. If this value is lower than our threshold value then
the program will run in nighttime mode while if it is higher then it will run on daytime
mode. The threshold value is custom and requires measurements from the specific area.

The code that responsible for that is the following:

Listing 4.1: BGR to Grayscale Conversion and Calculation of Average Pixel Value

gray = cv2.cvtColor (frame, cv2.COLORBGR2GRAY)

average = np.mean(gray)

60
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Figure 4.1: Flow-chart
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4.1 Nighttime Mode

During times of low brightness we assume that the diver or the ROV will have some
kind of light source in order to move around and detect their target. The light source
can be something from a typical flashlight to a big searchlight on a boat. In this case
using image processing we try to detect in our frame a light spot which can be the
actual light source or just a reflection of light if the light source is located outside our
surveillance area. In order to be able to detect the light source we first need to do a
series of processes to our image.

First we apply adaptive histogram equalization and Gaussian blur to make our
frame more suitable for processing and also remove the Gaussian noise. The lines of

code responsible for this are the following:

Listing 4.2: Histogram Equalization and Gaussian Blur

clahe = cv2.createCLAHE (clipLimit=2.0, tileGridSize=(8,8))

gray = clahe.apply(gray)
blurred = cv2.GaussianBlur(gray, (11, 11), 0)

Now that our image is ready for processing we detect the light regions by applying

binary thresholding.

Listing 4.3: Thresholding

custom_thresh , average, maximum = custom_threshold (gray)
thresh = c¢v2.threshold (blurred, custom_thresh, 255,
cv2 . THRESH BINARY )[1]

If the value of a pixel is greater than a fixed value (thresh) then it is replaced with
255 (white), while in the opposite case it is replaced with 0 (black).

There are different types of thresholding like binary, truncy, and tozero and also
their inversions (figure 4.2).

As we can see from the code we use the binary thresholding. Light regions are
shown in white while everything else is black. We notice from the lines of code above
that instead of a fixed threshold value we use customthresh which is a function that

calculates the threshold for each frame separately. The function looks like this:
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Figure 4.2: Types of Thresholding

Listing 4.4: Custom Thresholding Function
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The values in this function are chosen after testing and should be different for

different surveillance areas.
Although we detected some light regions we are not done yet. We perform a series
of erosions and dilations to remove any small blobs of noise from the thresholded image.

Changing iterations value makes our detection more or less sensitive.

Listing 4.5: Erode and Dilate

Erode consists of convoluting an image with some kernel, which is usually a 3x3, 5x5,
7x7, etc matrix. A pixel of the image (0 or 1) will become 1 only if all pixels under
kernel are also 1 else it will become 0. This results to all the pixels on the borders of
the image to become 0. This method is used in order to remove small white noises or

separate objects.

Dilate is the opposite process of erode. We again perform convolution with our im-
age and a kernel but in this case a pixel of the image will become 1 if atleast one of
the pixels under the kernel is 1. It is usually used after erode because erode while it
removes the noise it also shrinks our object. We use dilate to restore our object or it

can be used to link separated objects.

Afterwards, we perform a connected component analysis on the thresholded image

and initialize a mask to store only the sufficiently large components.

Listing 4.6: Thresholded Image Analysis



4.1 Nighttime Mode 65

For testing and demonstrating purposes we also mark the bright spots on the original

image

Listing 4.7: White Spots Marking
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Finally, we create some screen messages and an output file where we store the time

and type of alerts.

Listing 4.8: Messages’ Creation
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where the message_on_screen function is:

Listing 4.9: The Message Function




68 Chapter 4. Algorithm Design

A record in the log file looks like this:
Possiblydiveror ROV detected!Timeo fevent : 28 — 06 — 201812 : 01 : 53

The following two figures (4.3 and 4.4) show how our program responds during the

night when we give it as input two photos showing divers and a ROV.

Averoge pixel volue: 257528375
Maximum pized volue: 2535

Threshold: 209
Time of evant: 09-05-2018 1%57:15

Figure 4.3: Light Detection in Image with Divers

More information about what we see will follow in the result chapter.
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Avergge pixel volue: 43.54B2B7E8774843
Maximum pixel volue: 255

Threshold: 243.55644863632452

Time of evant: 09—05-2018 1353456
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Figure 4.4: Light detection in Image with ROV

4.2 Daytime Mode

During the daytime mode we use a pre-trained neural network, which we trained our-
selves from a dataset of 2500 images, to detect if a diver or a ROV has entered our
surveillance area. What our program actually does is classify each frame from the

camera to one of the following three categories.
e Diver
e ROV

e Seabed

If the frame is classified as Diver or ROV the alert mode is triggered while if it is

classified as Seabed the program keeps running without any actions taken.

4.2.1 Model Training
Model Architecture

The model is trained from a data-set of a total of 2225 images labeled as one of the three

categories. The architecture of the model we chose for this purpose is quite simple.
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Listing 4.10: Model Architecture
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model . add (Dense(classes , activation='softmax’))

return model

We notice that we have added dropout layers and a softmax layer as the final layer
to our model.

Dropout is a regularization technique for reducing over-fitting in neural networks
by preventing complex co-adaptations on training data. It is a very efficient way of
performing model averaging with neural networks.

The softmax layer is often used as the final layer of a neural network-based classifier.
Such networks are commonly trained under a log loss (or cross-entropy) regime, giving
a non-linear variant of multi-nomial logistic regression.. In mathematics, the softmax
function, or normalized exponential function, is a generalization of the logistic function
that ”squashes” a K-dimensional vector z of arbitrary real values to a K-dimensional
vector o(z) of real values, where each entry is in the range (0, 1), and all the entries

adds up to 1. The function is given by

K
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In probability theory, the output of the softmax function can be used to represent
a categorical distribution — that is, a probability distribution over K different possible
outcomes. In fact, it is the gradient-log-normalizer of the categorical probability distri-

bution. The softmax function is also the gradient of the LogSumExp (LSE) function.

Training Procedure

Now that we have set up out model’s architecture we continue to the training proce-
dure. First we need to set some arguments like the data-set that we will use for our
model’s training, the name of the model we will create and a plot that contains useful

information about our model’s training like the accuracy and loss.

Listing 4.11: Arguments
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We also set the number of epochs to train for, the initial learning rate (we do not

use a stable learning rate) and the batch size.

Listing 4.12: Epochs Initial Learning Rate and Batch Size

The number of epochs is the number of times our data-set is passed forward and

backward through our neural network. We are using a limited data-set and to optimize
the learning and the graph we are using Gradient Descent which is an iterative process.
So, updating the weights with single pass or one epoch is not enough. As the number of
epochs increases, more number of times the weight are changed in the neural network
and the curve goes from under-fitting to optimal to over-fitting curve (figure 4.5).

Since passing the entire data-set at the same time through our model can be very
time consuming we divide it in smaller parts called batches. Batch size is the number
of images that pass through our network simultaneously.

Finally, the learning rate as its name suggests is an indicator of how fast our network
learns. We use a decreasing learning rate because the later stage of the training the
slower the network can learn.

Then we load the data-set, grab the image paths and shuffle them randomly.
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Figure 4.5: Over-fitting and Under-fitting

Listing 4.13: Data-set Loading and Shuffling

Notice that since we shuffle the data-set, re-training the model with the exact same
parameters and data-set will result in a different model.
Now we proceed to the image reading and after some processing (re-sizing and

conversion to array) we extract the labels and update the label list.

Listing 4.14: Image Reading and Labeling
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We scale the pixels to values from 0 to 1 then we split the data into two categories

(training and testing. We use 75 per cent of the data as training data and the remaining

25 per cent for testing. Finally we convert the labels from integers to vectors.

Listing 4.15: Training and Testing Data

Before we continue with the initiation of the training procedure we use a data

augmentation technique to expand our data-set. In spite of all the data availability,
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fetching the right type of data which matches the exact use-case of our experiment is a
daunting task. Moreover, the data has to have good diversity as the object of interest
needs to be present in varying sizes, lighting conditions and poses if we desire that our
network generalizes well during the testing (or deployment) phase. To overcome this
problem of limited quantity and limited diversity of data, we generate(manufacture)
our own data with the existing data which we have. This methodology of generating

our own data is known as data augmentation.

Listing 4.16: Data Augmentation

As we can see, in order to achieve data augmentation we use rotation, scaling,
zooming and flipping.

Now that everything is set we continue to our model training.

Listing 4.17: Model Training
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# save the model to disk
print (”[INFO] serializing network...”)

model . save (args [” model”])

We notice that as an optimizer we chose the Adam [13] optimization algorithm.
The Adam optimization algorithm is an extension to stochastic gradient descent that
has recently seen broader adoption for deep learning applications in computer vision
and natural language processing.

Adam is different to classical stochastic gradient descent. Stochastic gradient de-
scent maintains a single learning rate (termed alpha) for all weight updates and the
learning rate does not change during training. A learning rate is maintained for each
network weight (parameter) and separately adapted as learning unfolds. The method
computes individual adaptive learning rates for different parameters from estimates of
first and second moments of the gradients.

Adam combines the advantages of two other extensions of stochastic gradient de-

scent. Specifically:

Adaptive Gradient Algorithm (AdaGrad) that maintains a per-parameter learn-
ing rate that improves performance on problems with sparse gradients (e.g. natural

language and computer vision problems).

Adaptive Root Mean Square Propagation (RMSProp) that also maintains
per-parameter learning rates that are adapted based on the average of recent magni-
tudes of the gradients for the weight (e.g. how quickly it is changing). This means the

algorithm does well on online and non-stationary problems (e.g. noisy).

Instead of adapting the parameter learning rates based on the average first moment
(the mean) as in RMSProp, Adam also makes use of the average of the second moments
of the gradients (the uncentered variance).

Here is a graph that compares Adam to other optimization algorithms taken from
"Adam: A Method for Stochastic Optimization, 2015.”

We also notice the decay parameter which is the current learning rate for each epoch

and as we see it gets lower after every epoch.
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Figure 4.6: Comparison of Optimization Algorithms

Finally, we create a plot to observe our model’s training and accuracy loss through

the entire training.

Listing 4.18: Generating Training Process Plot
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The plot in figure 4.7 is the actual plot of our model and it will be further explained

in the results chapter.

Training Loss and Accuracy
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Figure 4.7: Result Plot

4.2.2 Run-time

With our model trained and ready for use we return to our main program. In order to

chose the model we want for our project we pass its path as an argument.

Listing 4.19: Arguments

For each frame read we perform some image processing to adjust our image to our

model’s requirements so it can process it.
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Listing 4.20: Image Processing

Then we call our model to perform the classification.

Listing 4.21: Perform Classification

We create the labels and draw them on our image. This is done mostly for testing

and demonstration purposes and it is not really needed.

Listing 4.22: Label Drawing

Finally, we set the alert mode on or off depending on whether it has detected a

diver, or a ROV, or nothing. Also in case of an alert we make a registration to our log

file.
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Listing 4.23: Setting Alert Mode
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else
alert = False
type_of_alert = None
message = ” Seabed”
cv2.putText (output, message, (150,20),
c¢v2 .FONT_HERSHEY SIMPLEX,
0.8,(0,255,0),2,cv2.LINE_.AA, False)

The following three figures (4.8, 4.9 and 4.10) show how our program responds when

we give it as input three different photos, one from each category.

Figure 4.8: Diver Detection

More information about what we see will follow in the result chapter.
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Figure 4.9: ROV Detection

e

Figure 4.10: Seabed



Chapter 5

Testing Results

In this chapter we will present the testing results of our program as well as the evaluation
of the training process of our network. It includes situations with high brightness where
our CNN is processing the data and classifies each frame and situations with low or

even minimum brightness where our nigh-time mode is on.

5.1 Training Process Evaluation

We begin with our model’s evaluation chart (Figure 5.1). We notice 2 different accuracy
values and 2 different loss values. As already mentioned in chapter 3, the data-set is
divided in training data (75% of the data-set) and testing data (25% of the data-set).
Train accuracy and train loss are calculated on the go, during training. These values
show how well our network is performing on the data it is being trained. Training
accuracy usually keeps increasing throughout training. On the other hand, validation
accuracy and validation loss are calculated during the testing process. These numbers
show us how good our model is at predicting outputs for inputs it has never seen before.

We notice that both training accuracy and validation accuracy start really low
on first epoch, but as the number of epochs increases and our network learns more
features, they increase up to 80% for the validation accuracy and up to 88% for the
training accuracy. Until both parameters increase to 80% their values are very close
to each other, but when validation accuracy reaches 80% it stops increasing. It starts
fluctuating around this value. This is a result mainly caused by over-fitting. The

model ”memorizes” the training examples and becomes ineffective for the test set. As
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Training Loss and Accuracy
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Figure 5.1: Result Plot

our data-set is limited, our model can only learn that much and become that good at

predicting. In order to increase the validation accuracy we need a bigger data-set.

On the contrary to accuracy, training and validation losses are not percentage. It
is a summation of the errors made for each example in training or validation sets. The
loss is usually negative log-likelihood and residual sum of squares for classification and
regression respectively. Then naturally, the main objective in a learning model is to
reduce (minimize) the loss function’s value with respect to the model’s parameters by
changing the weight vector values through different optimization methods. Loss value
implies how well or poorly a certain model behaves after each iteration of optimization.

Ideally, we would expect the reduction of loss after each, or several, iteration(s).

Like the accuracy, training loss keeps improving as the number of epochs increases
while validation loss initially decreases to a certain point and then starts fluctuating

around it.
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5.2 Nighttime Mode Results

In situations with low brightness our program focuses on detecting light sources or
light reflections within the surveillance area. In the figures 5.2 and 5.3 we present our

program’s performance on 2 situations with low brightness.

Averoge pixel volue: 257528375
Mazimum 5

Time of evant

Figure 5.2: Light Detection in Image with Divers

We notice it detects quite well the light sources in both situations and also in the
ROV photo it also detects the light reflection from an outer light source on the ROV’s

arm.

In figures 5.4 and 5.5 we present also the case of minimum brightness when in almost

absolute dark suddenly a light appears.

Apart from the detection message we also notice some values on screen like average
pixel value, maximum pixel value and threshold value. Those values help us understand
how our program performs in different brightness and improve our program through

testing.

Finally a registration is made in a .txt file showing the time-stamp if the event. The

registration file looks like figure 5.6.
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Average pixel volue: 43.5482B787T4843
Maximum pixel volue: 255
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Figure 5.3: Light detection in Image with ROV

No light detected

Figure 5.4: No light detection in very dark environment
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Figure 5.5: Light detection in very dark environment
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Possibly diver or ROV detected! Time of event: 28-06-2018 12:01:54
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Figure 5.6: Light detection Record

5.3 Daytime Mode Results

On this mode our program classifies each image to one of the 3 categories (diver, ROV

or seabed) and shows a message accordingly.
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In figure 5.7, 5.8 and 5.9 we present the case in which a diver is detected, followed
by 5.10, 5.11 and 5.12 where a ROV is detected and finally 5.13, 5.14 and 5.15 where
it is just the seabed.

Figure 5.7: Light detection in Image with diver (1)

We notice, in all 3 cases of divers, the probability value for the diver label is over
99%. This means our model achieves high level of certainty for those 3 images

In the case of the 3 ROVs is not that high and it scales in every image. The values
of 78.13%, 67,08% and 83.84% are still high enough to classify correctly the images but
our model is not as ”certain” as it was in the divers’ example.

In the ROV results we notice similar results to the diver images. The first image is
classified as ROV with a probability close to 100% (99.57%). In the other 2 examples the
probability is also quite high and surpasses the value of 93% which is a very satisfying
result.

Except for the message that let us know in which category our model classified each
image we can also see 3 other values. Those 3 percentages show what probability our
model gives to each category for the certain image it processed. The category with
which it labels the image is obviously the one with the highest percentage.

As already mentioned our model reaches about 80% accuracy. The next 3 figures

demonstrate cases where our model prediction is wrong. Figure 5.16 shows the case
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Figure 5.8: Light detection in Image with diver (2)

Figure 5.9: Light detection in Image with diver (3)
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I;'.I-_Tve;ra: 19.69% ROV dﬁtﬂt (
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Figure 5.10: Light detection in Image with ROV (1)

Figure 5.11: Light detection in Image with ROV (2)

where a diver is classified as seabed, figure 5.17 shows a ROV classified as a diver and
figure 5.18 shows a seabed image classified as ROV.

In figure 5.16 the diver is well hidden behind a coral and some rocks and he also
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Figure 5.12: Light detection in Image with ROV (3)

N

Figure 5.13: Light detection in Image with seabed (1)

holds a camera. This results to a false classification by our model. the image is classified
as seabed even though the probability given for this case is 44.75% even lower than

50%. The probability for diver classification is only 7 degrees lower which means our
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Figure 5.14: Light detection in Image with seabed (2)

model still detects some diver features in the image. Finally, even the ROV probability
has a noticeable value which is probably caused by the camera which resembles in a
way the ROV.

In figure 5.17 our models’ prediction is very far from the truth. This probably
happens because of the uncommon shape and structure of this specific vehicle. Most
of the ROVs in our data-set look like rectangular boxes while this one differs.

In figure 5.18 the seabed class gets only 22.66%. This is probably a result of the
high amount of yellow color in the image. Since most ROV’s in our data-set are yellow
colored our model sees this image to be a ROV. Even the diver’s class gets a relatively

noticeable value due to the glasses in the image.
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Figure 5.16: False classification of a diver

Finally a registration is made in case of an alert, showing the type of alert (Diver
or ROV) and the time-stamp of the event. Figures 5.19 and 5.20 show the registrations
made for both diver and ROV detection.
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Figure 5.17: False classification of a ROV

Figure 5.18: False classification of seabed
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Figure 5.19: Diver detection registration
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

The program with current model achieves an 80% accuracy on daytime mode and up
to 100% on nighttime mode. The nighttime mode can be easily set for such high
accuracy with few data from the actual environment. The model’s accuracy although
its quite good it can not be trusted completely at the moment without any human
supervision. However it can be easily improved significantly by increasing the amount of
training and test data, getting data from the the actual environment in several scenarios.
For example with divers with different suits approaching from random directions and
different types of ROVs.

Ideally, for each area we want to watch, the model should be trained separately
mostly with images from the actual environment. This would make our model insensi-
tive to the background and focus more on potential changes in the area. This idea can
be enhanced by subtracting the background image from every image before training as
well as during the run-time mode. This way the model will ignore the background and

learn more from the changes that happen in it like the presence of an intruder.

6.2 Future Work

Data-set Augmentation

Collecting a much larger data-set will certainly increase model’s accuracy and min-
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imize over-fitting. Usually neural networks are trained with data-sets of over 100.000
images. A training of this scale though requires also a lot of computing resources so

good hardware is needed.

Increase of Image’s Resolution

Currently the images we process are 32x32. This is obviously a very low resolution.
If we manage to increase the data set then a higher resolution will let our model extract
even more details from each image and thus achieve also higher accuracy. As expected
an increase in resolution of the processed images will also increase the training time

significantly.

Collecting data from the actual environment we plan to install the cam-

era including various scenarios

A more aimed training of the model will result in more accurate predictions in real
time situations as well. As mentioned in the conclusions, data from the area of interest
will make the model less sensitive on the background and will focus more on whatever
changes happen like someone or something entering the watching area. A subtraction

of the background image from every frame will probably help too.

More complex CNN architecture

Assuming we applied all above, a more complex network architecture might also
help in increasing the model’s accuracy. One way to achieve this is adding more layers
and filters to the network. Finding a perfect trade-off is a tedious task and requires a

lot of tests and experience.



Appendix

Main Program
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