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Abstract

In the field of computer vision the problem of detection and recog-
nition of different objects is imposed. The Convolutional Neural Networks
(CNN) are a new concept for the deep learning way especially recognition
and classification of images and videos, natural language processing and other
applications. In particular vehicle detection for aerial images.

Detecting vehicles in aerial images provides important information for
traffic management and urban planning. Detecting the cars in the images
is challenging due to the relatively small size of the target objects and the
complex background in man-made areas .

In this work, a vehicle detection method for aerial image is presented. Our
method works in two steps: a data preparation step, it consists in applying
treatments on the input image, the second step is to use the convolutional
neural networks for the detection and the recognition of the vehicles in aerial
image. Our method offers good results in terms of detection and recognition
and produce results in real time.
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Résumé

Dans le domaine de la vision par ordinateur, le probléme de la détection
et de la reconnaissance de différents objets s’impose. Les réseaux de neurones
convolutionnels (CNN) constituent un nouveau concept d’apprentissage ap-
profondi, notamment la reconnaissance et la classification d’images et de
vidéos, le traitement du langage naturel et d’autres applications. En partic-
ulier, détection de véhicules pour des images aériennes.

La détection de véhicules sur des images aériennes fournit des informa-
tions importantes pour la gestion du trafic et la planification urbaine. Dé-
tecter les voitures dans les images est difficile en raison de la taille relative-
ment petite des objets cibles et du fond complexe dans les zones artificielles..

Dans ce travail, nous présentons une méthode de détection des véhicules
pour les images aériennes. Notre méthode fonctionne en deux étapes : une
étape de préparation des données, elle consiste a appliquer des traitements sur
I'image d’entrée, la seconde étape consiste a utiliser les réseaux de neurones
a convolution pour la détection et la reconnaissance des véhicules dans une
image aérienne. Notre méthode offre de bon résultats en terme de détection
et de reconnaissance ainsi produire des résultats en temps réel.

v
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Introduction

In very high resolution (VHR) remote sensing images, vehicle detec-
tion is an indispensable technology in both civilian and military surveillance,
traffic management . Therefore, vehicle detection from aerial images has
attracted significant attention worldwide . However, automatic vehicle de-
tection in aerial images still has a lot of challenges due to the relatively small
size and variable orientation of vehicles .

As the key technology of intelligent transportation system, vehicle detec-
tion is the basis for realizing many important functions , such as measurement
and statistics of traffic parameters such as traffic flow and density, vehicle
location and tracking .

In this work , we will describe vehicle detection with deep learning on
aerial imager based on YOLO .We will start with an introduction to machine
learning and neural networks in Chapter 1.

In Chapter 2 , we will introduce deep learning and we will describe convo-
lutional neural networks (CNN) archittecture of layers, and how every layer
transforms one volume to another through differentiable function .

In Chapter 3 , we will talk about how object detection and recognition
work and the diferent models of object detection (R-CNN | fast RCNN |
faster R-CNN | SSD , YOLO) . In the second part of this chapter we will
describe transfer learning and the architecture of VGG16 .

in chapter 4 , we will show the experimental part of our work and we
discuss the different results obtained .

Finally , we will finish this work with general conclusion and future work



Chapter 1

Machine Learning

1.1 Introduction

In this chapter , we will introduce machine learning and describe here
types and approaches . In recent years, machine learning has become an im-
portant research area providing us with for example self-driving cars, speech
recognition and improved understanding of the human genome . The interest
is strong also due to the constantly increasing volume and variability of data
and computational processing which has become cheaper and more powerful

Machine learning is an area of artificial intelligence .The basic concept
of machine learning is to use algorithms to parse data, learn and from that
be able to make predictions about the subject studied. Instead of having to
hand-code all procedures to be able to perform a certain task, a large amount
of data is fed to the machine to make it capable to learn how to perform the
task.

1.2 Artificial intelligence

AT is the intelligence exhibited by machines or software. It is also the
name of the academic field of study which studies how to create computers
and computer software that are capable of intelligent behavior[l]. Major
AT researchers and textbooks define this field as “the study and design of
intelligent agents”, in which an intelligent agent is a system that perceives
its environment and takes actions that maximize its chances of success|2|.

Al research is highly technical and specialized, and is deeply divided



into subfields that often fail to communicate with each other. Some of the
division is due to social and cultural factors: subfields have grown up around
particular institutions and the work of individual researchers|3|. AI research
is also divided by several technical issues. Some subfields focus on the solution
of specific problems. Others focus on one of several possible approaches or
on the use of a particular tool or towards the accomplishment of particular
applications.

The central problems (or goals) of Al research include reasoning, knowl-
edge, planning, learning, natural language processing (communication), per-
ception and the ability to move and manipulate objects[4]. General intelli-
gence is still among the field’s long-term goals. Currently popular approaches
include statistical methods, computational intelligence and traditional sym-
bolic Al. There are a large number of tools used in Al, including versions of
search and mathematical optimization, logic, methods based on probability
and economics, and many others. The AT field is interdisciplinary, in which
a number of sciences and professions converge, including computer science,

1.2.1 The history of artificial intelligence
1.2.1.1 The ‘Dark Ages’, or the birth of artificial intelligence (1943-56)

The first work recognised in the field of artificial intelligence (AI) was
presented by Warren McCulloch and Walter Pitts in 1943[1]. McCulloch had
degrees in philosophy and medicine from Columbia University and became
the Director of the Basic Research Laboratory in the Department of Psychi-
atry at the University of Illinois. His research on the central nervous system
resulted in the first major contribution to Al: a model of neurons of the brain.

McCulloch and his co-author Walter Pitts, a young mathematician, pro-
posed a model of artificial neural networks in which each neuron was postu-
lated as being in binary state, that is, in either on or off condition (McCulloch
and Pitts, 1943). They demonstrated that their neural network model was,
in fact, equivalent to the Turing machine, and proved that any computable
function could be computed by some network of connected neurons. McCul-
loch and Pitts also showed that simple network structures could learn|1].



1.2.1.2 The rise of artificial intelligence, or the era of great ex-
pectations (1956-late 1960s)

The early years of Al are characterised by tremendous enthusiasm,
great ideas and very limited success. Only a few years before, computers had
been introduced to perform routine mathematical calculations, but now Al
researchers were demonstrating that computers could do more than that. It
was an era of great expectations|5|.

John McCarthy, one of the organisers of the Dartmouth workshop and the
inventor of the term ‘artificial intelligence’, moved from Dartmouth to MIT.
He defined the high-level language LISP — one of the oldest programming
languages (FORTRAN is just two years older), which is still in current use.
In 1958, McCarthy presented a paper, ‘Programs with Common Sense’, in
which he proposed a program called the Advice Taker to search for solutions
to general problems of the world (McCarthy, 1958). McCarthy demonstrated
how his program could generate, for example, a plan to drive to the airport,
based on some simple axioms. Most importantly, the program was designed
to accept new axioms, or in other words new knowledge, in different areas
of expertise without being reprogrammed. Thus the Advice Taker was the
first complete knowledgebased system incorporating the central principles of
knowledge representation and reasoning [5].

1.2.1.3 The technology of expert systems, or the key to success
(early 1970s—mid-1980s)

Probably the most important development in the 1970s was the re-
alisation that the problem domain for intelligent machines had to be suffi-
ciently restricted. Previously, Al researchers had believed that clever search
algorithms and reasoning techniques could be invented to emulate general,
human-like, problem-solving methods[1]. A general-purpose search mecha-
nism could rely on k knowledge about domain. However, when weak methods
failed, researchers finally realised that the only way to deliver practical re-
sults was to solve typical cases in narrow areas of expertise by making large
reasoning steps.

The expert systems mentioned above have now become classics. A grow-
ing number of successful applications of expert systems in the late 1970s
showed that AT technology could move successfully from the research labora-
tory to the commercial environment. During this period, however, most
expert systems were developed with special Al languages, such as LISP,



PROLOG and OPS, based on powerful workstations. The need to have
rather expensive hardware and complicated programming languages meant
that the challenge of expert system development was left in the hands of a
few research groups at Stanford University, MIT, Stanford Research Insti-
tute and Carnegie-Mellon University. Only in the 1980s, with the arrival of
personal computers (PCs) and easy-to-use expert system development tools
— shells — could ordinary researchers and engineers in all disciplines take up
the opportunity to develop expert systems|3].

1.2.1.4 How to make a machine learn, or the rebirth of neural
networks (mid-1980s—onwards)

In the mid-1980s, researchers, engineers and experts found that build-
ing an expert system required much more than just buying a reasoning system
or expert system shell and putting enough rules in it. Disillusion about the
applicability of expert system technology even led to people predicting an
AT ‘winter’ with severely squeezed funding for AI projects. Al researchers
decided to have a new look at neural networks|1].

By the late 1960s, most of the basic ideas and concepts necessary for neu-
ral computing had already been formulated (Cowan, 1990). However, only
in the mid-1980s did the solution emerge. The major reason for the delay
was technological: there were no PCs or powerful workstations to model and
experiment with artificial neural networks. The other reasons were psycho-
logical and financial .

Neural network technology offers more natural interaction with the real
world than do systems based on symbolic reasoning. Neural networks can
learn, adapt to changes in a problem’s environment, establish patterns in
situations where rules are not known, and deal with fuzzy or incomplete
information. However, they lack explanation facilities and usually act as a
black box[1]. The process of training neural networks with current technolo-
gies is slow, and frequent retraining can cause serious difficulties.

1.3 Machine Learning

Machine learning is a subfield of computer science that is concerned
with building algorithms which, to be useful, rely on a collection of examples
of some phenomenon|6]. These examples can come from nature, be hand-
crafted by humans or generated by another algorithm.



Machine learning can also be defined as the process of solving a practical
problem by gathering a dataset and algorithmically building a statistical
model based on that dataset, that statistical model is assumed to be used
somehow to solve the practical problem |7].

1.4 Types of Learning

The four different types of learning :

Supervised Learning .

e Unsupervised Learning.

Semi-Supervised Learning.

Reinforcement Learning.

1.4.1 Supervised Learning

The goal of a supervised learning algorithm is to use the dataset to
produce a model that takes a feature vector x as input and outputs informa-
tion that allows deducing the label for this feature vector. For exemple, the
model created using the dataset of people could take as input a feature vector
describing a person and output a probability that the person has cancer|8§].

1.4.2 Unsupervised Learning

the goal of an unsupervised learning algorithm is to create a model that
takes a feature vector x as input and either transforms it into another vector
or into a value that can be used to solve a practical problem. For example,
in clustering, the model returns the id of the cluster for each feature vector
in the dataset[14]. In dimensionality reduction, the output of the model is a
feature vector that has fewer features than the input x; in outlier detection,
the output is a real number that indicates how x is different from a “typical”
example in the dataset|8].

1.4.3 Semi-Supervised Learning

The goal of a semi-supervised learning algorithm is the same as the
goal of the supervised learning algorithm. The hope here is that using many
unlabeled examples can help the learning algorithm to find (we might say
“produce” or “compute”) a better model. Tt could look counter-intuitive that

6



learning could benefit from adding more unlabeled examples. It seems like
we add more uncertainty to the problem. However, when you add unlabeled
examples, you add more information about your problem: a larger sample
reflects better the probability distribution the data we labeled came from.
Theoretically, a learning algorithm should be able to leverage this additional
information|9].

1.4.4 Reinforcement Learning

Reinforcement learning is a subfield of machine learning where the ma-
chine “lives” in an environment and is capable of perceiving the state of that
environment as a vector of features. The machine can execute actions in ev-
ery state. Different actions bring different rewards and could also move the
machine to another state of the environment. The goal of a reinforcement
learning algorithm is to learn a policy.[9] A policy is a function (similar to the
model in supervised learning) that takes the feature vector of a state as input
and outputs an optimal action to execute in that state. The action is opti-
mal if it maximizes the expected average reward|10]. Reinforcement learning
solves a particular kind of problem where decision making is sequential, and
the goal is long-term, such as game playing, robotics, resource management,
or logistics. The input examples are independent of one another and the
predictions made in the past.

1.5 Tasks of machine learning

Examples of common tasks that can be resolved by machine learning
algorithms are classification, Regression.

Classification : The purpose of classification is to associate a label y
in 1, .-, Ktoa data x by learning a function f such that y = f(x). Some
well-known classification tasks are object detection, face recognition or fraud
detection|8].

Regression : Similar to classification, in a regression task a function
f such that given an input x will predict a numeric value y in R such that
y = f(x). An example of a regression task is to predict the fuel price given
information about production level [8].



1.6  Approaches of machin learning

1.6.1 Decision tree learning

Decision tree learning uses a decision tree as a predictive model, which
maps observations about an item to conclusions about the item’s target value
[11].

1.6.2 Association rule learning

Association rule learning is a method for discovering interesting rela-
tions between variables in large databases [12].

1.6.3 Bayesian networks

A Bayesian network, belief network or directed acyclic graphical model
is a probabilistic graphical model that represents a set of random variables
and their conditional independencies via a directed acyclic graph (DAG)[13].
For example, a Bayesian network could represent the probabilistic relation-
ships between diseases and symptoms. Given symptoms, the network can be
used to compute the probabilities of the presence of various diseases. Efficient
algorithms exist that perform inference and learning [14].

1.6.4 Representation learning

Several learning algorithms, mostly unsupervised learning algorithms,
aim at discovering better representations of the inputs provided during train-
ing. Classical examples include principal components analysis and cluster
analysis. Representation learning algorithms often attempt to preserve the
information in their input but transform it in a way that makes it useful,
often as a preprocessing step before performing classification or predictions,
allowing to reconstruct the inputs coming from the unknown data generating
distribution, while not being necessarily faithful for configurations that are
implausible under that distribution [15].

1.6.5 Artificial neural networks

An artificial neural network (ANN) learning algorithm, usually called
“neural network” (NN), is a learning algorithm that is inspired by the struc-
ture and functional aspects of biological neural networks [16]. Computations



are structured in terms of an interconnected group of artificial neurons, pro-
cessing information using a connectionist approach to computation. Modern
neural networks are non-linear statistical data modeling tools. They are usu-
ally used to model complex relationships between inputs and outputs, to find
patterns in data, or to capture the statistical structure in an unknown joint
probability distribution between observed variables|[17] .

1.6.5.1 Biological and artificial neurons

Biological Neuron Artificial Neuron

Dendrites
[incoming signals from othernewrons)
p A
f #
Axon: |.| y
{outgning signal to other neurmn '!'/

&Y

‘g_f- Synaptic connections
{to dendrites of other neurons)

Figure 1.1: A schematic of a biological neuron on the left, and a schematic
of an artificial neuron on the right .

Figure 1.1 shows a schematic view of a biological neuron The biological
neuron receives incoming signals from other neurons via its Dendrites. These
signals are accumulated in the Cell Body. When this accumulated signal
surpasses a certain threshold, the Axon fires an output signal. This outgoing
signal flows via Synaptic connections to the Dendrites of other neurons where
the proces repeats itself.

The strength of the synaptic connection between the Axon and the Den-
drite of the other neuron is called a synaptic weight. It reflects how much
influence the firing of the sending neuron has on the receiving neuron. The
free parameters in the artificial neural network are supposed to represent
these synaptic weights. But how these synaptic weights are changed inside
the brain and how humans learn is only poorly understood[16].

An artificial neuron is a mathematical description of how the biological



neuron works. Its connectivity to other artificial neurons is often depicted
in schematics such as the one in figure 1.1. In this connectivity scheme each
node represents a neuron and the connections between them represent the
synaptic connections.

1.6.5.2 Network architectures
Single-layer Feedforward networks
In a layered neural network the neurons are organized in the form
of layers in the simplest form of a layered network,we have an input layer

of source nodes that projects onto an output layer of neurons [18] .it is
illustrated in this figure :

Input layer Output layer
of source of neurons
nodes

Figure 1.2: Feedforward with a single layer of neurons.
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Multilayer Feedforward Networks

The second classs of a feedforward neural network distinguiches itself by
the presence of one or more hidden layers .The function of hidden neurons is
to intervene between the estrnal input and the network output in some useful
manner [18|.By adding one or more hidden layers , the network is enabled to
extract higher-order statistics.

[nput layer Layer of Layer of
of source haelden output

Figure 1.3: Feedforward with one hidden layer and one output laye.r
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1.6.5.3 Real-life applications

The tasks artificial neural networks are applied to tend to fall within
the following broad categories:|19]

e Function approximation, or regression analysis, including time series
prediction, fitness approximation and modeling.

e Data processing, including filtering, clustering, blind source separation
and compression.

e Robotics, including directing manipulators, prosthesis.

e Classification, including pattern and sequence recognition, novelty de-
tection and sequential decision making.

1.7 Conclusion

Machine learning is a very vast field. In this chapter we have seen the
important concepts in machine learning, of course there are other concepts
and other learning techniques, we have presented the mane concepts in this
field and talked about artificial neural networks and their architecture .

In the next chapitre , we will introduce deep learning wich is subfiled of
machine learning and describe convolutional neural networks CNN .

12



Chapter 2

Deep Learning

2.1 Introduction

In this chapter, we will review the basic concepts of deep learning.
Next, we are going to explain convolutional Neural Network (CNN), which
is widely used in image recognition.

In recent years, deep learning have become a very popular and important
research field .When speaking about deep learning it is commonly thought
that deep learning is only relevant to use when there is a large amount of
data available to train on. This is partly true but not always. Indeed,
deep learning needs to be capable of learning features automatically and this
usually requires a great amount of training data, especially in the case of
images which is a high dimensional problem. Nonetheless, the main algorithm
within deep learning, convolutional neural network (CNN), is one of the best
models for computer vision problems even for very little training data . Using
a small amount of training data to train a CNN from scratch will still yield
reasonable results. Moreover, deep learning algorithms are also reusable.

2.2 What is deep learning

Deep learning (deep machine learning, or deep structured learning, or hier-
archical learning, or sometimes DL) is a branch of machine learning based on
a set of algorithms that attempt to model high-level abstractions in data by
using model architectures, with complex structures or otherwise, composed
of multiple non-linear transformations [20][21].

Deep learning is part of a broader family of machine learning methods
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based on learning representations of datal22]. An observation ( an image)
can be represented in many ways such as a vector of intensity values per
pixel, or in a more abstract way as a set of edges, regions of particular shape,
Some representations make it easier to learn tasks ( face recognition or facial
expression recognition).

Research in this area attempts to make better representations and cre-
ate models to learn these representations from large-scale unlabeled data|23].
Some of the representations are inspired by advances in neuroscience and are
loosely based on interpretation of information processing and communication
patterns in a nervous system, such as neural coding which attempts to de-
fine a relationship between the stimulus and the neuronal responses and the
relationship among the electrical activity of the neurons in the brain[24][25].

Deep learning is an area within machine learning research and a subset
of artificial intelligence, Figure 2.1 .

Machine
Learning

Figure 2.1: Scope of artificial learning, with machine learning, and deep
learning .

14



2.3 Deep neural networks

A deep neural network (DNN) is an artificial neural network with mul-
tiple hidden layers of units between the input and output layers. Similar
to shallow ANNs, DNNs can model complex non-linear relationships. DNN
architectures, for object detection and parsing generate compositional mod-
els where the object is expressed as layered composition of image primitives
[26]. The extra layers enable composition of features from lower layers, giv-
ing the potential of modeling complex data with fewer units than a similarly
performing shallow network .

DNNs are typically designed as feedforward networks, but recent research
has successfully applied the deep learning architecture to recurrent neural
networks for applications such as language modeling. Convolutional deep
neural networks (CNNs) are used in computer vision where their success
is well-documented. More recently, CNNs have been applied to acoustic
modeling for automatic speech recognition (ASR), where they have shown
success over previous models [27] .

2.4 Convolutional neural network

The success of convolutional neural networks (CNN) is one reason of
the recent popularity of neural networks. Instead of applying for each input
the sum over all the parameters wi, we consider the parameters as a small grid
called a kernel that is shared across the input xi [16]. Those parameters will
force the network to learn local features that correspond to some meaningful
parts of an object (in case where the inputs are images). For example, first
layers of a CNN will learn efficient edge detection and the last layers will
learn more specific features.|28]

many neurally inspired models of computational vision: the NeoCogni-
tron , HMAX and LeNet-5 . While they may differnet in the details of their
implementation, all these models share the same basic architecture, an ex-
ample of which is shown in( figure 2.2 ) They alternate layers of simple and
complex units , arranged in 2D grids to mimic the visual field. Each unit at
layer L. is connected to a local subset of units at layer I.-1.

LeNet-5 additionally adds the constraint that all neurons at a given layer

are "replicated" across the entire visual field. These form feature maps which
are shown in figure 2.2 as stacks of overlapping rectangles. neurons within the
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same feature map share the same parameters and each feature map contains
a unique offset . The result is a Convolutional Neural Network (CNN).
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Figure 2.2: An example of a convolutional neural network .

2.5 Architecture of convolutional neural net-
works

The convolutional, pooling and fully-connected layers are the core build-
ing blocks of convolutional neural networks. Like a fully-connected neural
network, a CNN is a type of feedforward network which can be written as
a composite function of these high-level building blocks [16]. The output of
the previous layer is fed-forward as input for the next layer, in this way a
CNN gradually transforms the input image into the desired output .

The most common form of a CNN architecture stacks a few convolutional
layers, follows them with local pooling layers, and repeats this pattern until
the tensor has been reduced to a small spatial size 2. At some point, it
is common to use a global pooling layer to make the transition to fully-
connected layers of which there are usually only one or two. The last fully-
connected layer has no activation function. It outputs the regressed values in
the case of a regression problem, and the distances to the decision boundaries
in the case of a classification problem. A final softmax layer normalizes these
distances into proper class probabilities that sum to 1. The class that holds
the heighest probability is then selected as the predicted class|29].
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2.6 Convolutional layers

The main building block of a CNN is the Convolutional layer. Like it
is convenient to think of neurons in fully-connected layers as vectors, it is
convenient to represent the neurons in convolutional layers as 3-dimensional
tensors with spatial dimensions: width £ height £ channels. For a color
image in the input layer, these channels could be the RGB color channels

27].

A convolutional layer transforms a 3D input tensor into a 3D output ten-
sor. To avoid confusion, we refer to the output channels as featuremaps and
to the input channels simply as channels. The name ‘featuremap’ is par-
ticularly well chosen ,the output values of neurons in a featuremap indicate
the absence or presence of a particular image feature at a particular spatial
location in the image. Neurons in different featuremaps detect different im-
age features, while neurons in the same featuremap detect the same image
feature, but at different spatial locations [28]. One could imagine an image
feature as an small image patch of which the content displays an object of
interest. For example, a nose when you want to detect faces.

Input tensor Feature map Input tensor QOutput tensor

Changyeg, thanne)g

haight nmight

Figure 2.3: Example of how a convolution layer works

in this figure above The left part shows how a 5x5x3 filter slides through
the input tensor and produces an output featuremap. Each output neuron in
the featuremap takes as input the signals coming from a local neighborhood
of 5x5x3=75 input neurons. A convolutional layer outputs a stack of multiple
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featuremaps which are all constructed with different filter weights. This can
be seen in the right part of the figure.

A convolutional layer outputs a stack of featuremaps which are all con-
structed with different filter weights, see the right part of figure 2.3. A filter
only slides along the spatial dimensions (width and height) of the input ten-
sor, and always extends along the full length of the input channels. This
ensures that all features detected by the previous layer, can be combined to
detect new features in the current layer. For example, if the previous layer
contains featuremaps that have detected eyes, ears, mouths and noses, then
the current convolutional layer can combine these features to detect faces.

2.7 Pooling layers

A pooling layer is a commonly used building block in CNNs. Tt reduces
the spatial dimensions (the width and the height) of a tensor by a applying
a subsampling operation to each input channel, indepently. There are many
variants of this subsampling operation but the most common variants are
average and max pooling. The pooling layer works in a similar way as the
convolutional layer, it slides a local neighbordhood over the input channel,
but instead of taking a weighted sum of this local neighboorhood it takes the
maximum or the average. To produce a smaller output tensor these neigh-
borhoods are strided with a stepsize that is equal or greater than two [27].
Summarizing the differences with a convolutional layer, the local neighbor-
hood covers a single channel only and does not extend along the full length of
the input channels; the local neighborhoods are strided with a stepsize that
is equal or greater than two; the pooling layer has no learnable parameters
and computes a statistic (the average or the maximum) instead of a weighted
sum.

Figure 2.4 shows an illustration of how a pooling layer works. This
example shows a max pooling layer in it most common form: a 2x2 neigh-
borhood with a stride of two downsamples every input channel by a factor
two along both width and height. In the downsampled featuremap the maxi-
mum value of every 2x2 neighborhood in the input tensor is preserved, while
the other three activations are discarded. There are only two commonly seen
variations of the pooling layer in practice, a pooling layer with neighborhood
of 3x3 and a stride of two (also called overlapping pooling), and more com-
monly a neighborhood of 2x2 and a stride of two. Pooling with larger sizes
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Figure 2.4: Example of how a pooling layer works .

and strides are too destructive. It is worth noting that there is currently also
a trend to use normal convolutional layers with a stride of two instead of
pooling layers [52].

2.8 Additional layers

The convolutional layer typically includes a non-linear activation func-
tion, such as a rectified linear activation function . Activations are sometimes
described as a separate layer between the convolutional layer and the pooling
layer.

Some systems, such as [27], also implement a layer called local response
normalization, which is used as a regularization technique. Local response
normalization mimics a function of biological neurons called lateral inhibi-
tion, which causes excited neurons to decrease the activity of neighbouring
neurons.

The final hidden layers of a CNN are typically fully-connected layers
[30] [31]. A fully-connected layer can capture some interesting relationships
parameter-sharing convolutional layers cannot. However, a fullyconnected
layer requires a sufficiently small data volume size in order to be practical.
Pooling and stride settings can be used to reduce the size of the data volume
that reaches the fully-connected layers. A convolutional network that does
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not include any fully-connected layers, is called a fully convolutional network
(FCN) [30]. If the network is used for classification, it usually includes a
softmax output layer [31]. The activations of the topmost layers can also be
used directly to generate a feature representation of an image. This means
that the convolutional network is used as a large feature detector [32].

2.9 Activation function types

The activation function determines the final output of each neuron. It
is important to select the function properly in order to create an effective
network.

Early researchers found that perceptrons and other linear systems had
severe drawbacks, being unable to solve problems that were not linearly sep-
arable, such as the XOR-problem. Sometimes, linear systems can solve these
kinds of problems using hand-crafted feature detectors, but this is not the
most advantageous use of machine learning. Simply adding layers does not
help either, because a network composed of linear neurons remains linear no
matter how many layers it has [26].

2.9.1 Sigmoid

The main reason why we use sigmoid function is because it exists be-
tween (0 to 1). Therefore, it is especially used for models where we have to
predict the probability as an output.Since probability of anything exists only
between the range of 0 and 1, sigmoid is the right choice [27].

The function is differentiable.That means, we can find the slope of the
sigmoid curve at any two points.
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0.5

Figure 2.5: Graph of sigmoid function .

2.9.2 Tanh or hyperbolic tangent

tanh is also like logistic sigmoid but better. The range of the tanh
function is from (-1 to 1). tanh is also sigmoidal (s - shaped) [16].

2

f(z) = tanh(z) = Tooo

The advantage is that the negative inputs will be mapped strongly neg-
ative and the zero inputs will be mapped near zero in the tanh graph.

1of ———— —

[E

Figure 2.6: Graph of Tanh function .
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2.9.3 ReLU (Rectified Linear Unit)

The ReLU is the most used activation function in the world right
now.Since, it is used in almost all the convolutional neural networks or deep
learning [16].

A(x) = max(0, )

A light-weight and effective way of creating a non-linear network is
using rectified linear units (ReLu) [22]. the range is | 0 to infinity).The
RelLu function is as shown above it given an output x if x is positive and 0
otherwise.

10

|
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w

Figure 2.7: Graph of ReLu function .

2.9.4 Leaky ReLU

The leak helps to increase the range of the ReLLU function. Usually, the
value of a is 0.01 or so. Therefore the range of the Leaky ReLU is (-infinity
to infinity).[16]
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Figure 2.8: Graph of leaky ReL.u function .

2.9.5 Softmax

For multi-class classification problems, the softmax activation function
|31] is used in the output layer of the network.

The softmax function takes a vector of K arbitrarily large values and

outputs a vector of K values that range between 0...1 and sum to 1. The
values output by the softmax unit can be utilized as class probabilities.
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Figure 2.9: Graph of softmax function .
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2.10 Conclusion

In this chapter we presented deep learning and convolutional neural
networks CNN | also we described in detail the architecture of CNN starting
with convolution layer and it end up with fully connected layer .

In next chapter we will see object detection and recognition concepts,
models and how CNN work in that models .
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Chapter 3

Object detection and Transfer
Learning

3.1 Introduction

In this chapter, we will defines a number of important terminology com-
monly used in image processing related research which are vital to prevent
reader confusion. In particular the terms object detection, object recognition
and transfer learning .

In computer vision terminology, the term object detection generally refers
to the classification of a perceived object into any human identifiable type (
a car, human, animal, house, tree) .

In contrast, in computer vision terminology, object recognition refers to
the classification of a perceived object into a particular group of the human
identifiable types(car, human, animal, house, tree ) Object recognition re-
quires a more detailed analysis of features for the purpose of classification
into one of the sub groups of identifiable objects.

Transfer learning consists in transferring the parameters of a neural net-
work trained with one dataset and task to another problem with a different
dataset and task . Many deep neural networks trained on natural images ex-
hibit a curious phenomenon in common: on the first layers they learn features
that appear not to be specific to a particular dataset or task, but general in
that they are applicable to many datasets and tasks.
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3.2 Object Detection in Computer Vision

The ability to identify the objects present in an image or scene is one
of the most basic requirements when it comes to interacting with ones envi-
ronment. While it seems completely effortless with humans and in fact most
animals, trying to teach computers to see and also understand what they are
seeing has proven extremely difficult [33].

The key to understanding visual scenes are three closely related sub-
problems. The easiest one will be called classification in the following. For
classification, the one dominant object in a given image should be deter-
mined and labelled. The next more demanding task is object localisation:
In addition to labelling the dominant object, it also needs to be localised in
the image, usually by determining a bounding box around the image region
that is occupied by the object. The difficulty of this task again increases if
not only one but all objects in an image need to be labelled and multiple
objects of the same category can appear in one image. This task is called
object detection.

In addition, object detection is a big and very active field of research,
so the following paragraph will only give a very brief overview about recent
advances.

3.3 Object Localisation with CNN

For image classification, the output of the CNN is a 1000-dimensional
vector that contains a probability of being the most prominent object for
each of the possible classes. If only this one most prominent object should
be localised, the network can simply be expanded to produce bounding box
coordinates (either only one bounding box or one bounding box per possible
object class). This was first done in [29]. is still used successfully by recent
models like [27].

The big drawback of this approach is that it is not applicable if the
number of bounding boxes that need to be predicted ( the number of objects
detectable in the scene) is not previously known. But this is precisely the
case in object detection tasks. A simple cure would be to apply a network for
classification and localisation to every part of the image (at different scales)
successively and to accumulate the boxes with the best results along the way.
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This sliding window approach is of course extremely expensive due to the
huge search space. To reduce the amount of times that the classifier (a CNN)
needs to run, it could be applied on a coarser grid, but this has the risk of
missing the ideal bounding box in some cases. Ideally, one would like to have
an initial set of somehow proposed regions that need to be evaluated. Tt
should be minimal while still containing all ground truth bounding boxes of
objects in the image. This approach was successfully introduced by Girshick
et al. [33] in their work called R-CNN.

3.4 Convolutional object detection

Unlike image classification, object detection requires multi-object local-
ization. Because regression tool is used to predict fixed number of outputs,
the classification network cannot be used to directly regress from the input
image to objects’ location. In this case, the network does not know how
many objects are present in the input images. Thus, researchers repurposed
the current single object classifier to perform multiple objects detection and
came up with region proposal-plus-classification solutions to change the new
task to familiar single object classification.Many models were proposed for
object detection that utilize convolutional neural networks .[34]

3.4.1 R-CNN

In 2012, Krizhevsky et al. |35| achieved promising results with CNNs
for the general image classification task In 2013, Girshick et al. published a
method [29] generalizing these results to object detection. This method is

called R-CNN .

R-CNN models first select several proposed regions from an image and
then label their categories and bounding boxes . Then, they use a CNN to
perform forward computation to extract features from each proposed area.
Afterwards, R-CNN use the features of each proposed region to predict their
categories and bounding boxes.

The method is trained in multiple stages, beginning with the convolu-
tional network [54]. After the CNN has been trained, the SVMs are fitted to
the CNN features. Finally, the region proposal generating method is trained
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Figure 3.1: Stages of R-CNN forward computation .

3.4.2 Fast R-CNN

Fast R-CNN [36] published in 2015 by Girshick provides a more prac-
tical method for object recognition. The main idea is to perform the forward
pass of the CNN for the entire image, instead of performing it separately for

each Rol.
Outputs: bbox
Deep . softmax regressor
jConvNet| [ . ) : '

: Rol FC
dii pooling
® PRERO| g layer |
projection\J
: Conv || Rol feature
featu re map veCtor For each Rol

Figure 3.2: Stages of Fast R-CNN forward computation .

The general structure of Fast R-CNN is illustrated in the figure. The
method receives as input an image plus regions of interest computed from
the image. As in R-CNN, the Rols are generated using an external method.
The image is processed using a CNN that includes several convolutional and
max pooling layers

the network processes the entire image with multiple convolutional and
pooling layers producing a convolutional feature map. This first operation
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is one of the gains, in terms of velocity, that Fast R-CNN achieves when
compared with R-CNN since instead of running a CNN for each region of
interest, it runs a single CNN for the entire image producing at the end the
mentioned feature map . the second part of the framework begins, where
for each object proposal a Rol pooling layer, using max pooling, gets a small
fixed size vector from the feature map and then mapped to a feature vector by
a sequence of fully connected layers that finally splits into two output vectors
per Rol: one for the classifier (usually softmax) to estimates the probability
of each object class, and other with the bounding box regressor that outputs
the coordinates for each object class .

3.4.3 Faster R-CNN

Faster R-CNN [30] by Ren et al. is an integrated method. The main
idea is to use shared convolutional layers for region proposal generation and
for detection.

classifier

F

7

prupny,
Region Proposal Network
leature maps

Figure 3.3: Architcture of Faster R-CNN .

Faster R-CNN has two networks: region proposal network (RPN) for

29



generating region proposals and a network using these proposals to detect
objects. The main different here with Fast R-CNN is that the later uses
selective search to generate region proposals. The time cost of generating
region proposals is much smaller in RPN than selective search, when RPN
shares the most computation with the object detection network. Briefly,
RPN ranks region boxes (called anchors) and proposes the ones most likely
containing objects.

3.4.4 SSD

The Single Shot MultiBox Detector [37] (SSD) takes integrated detec-
tion even further. The method does not generate proposals at all, nor does
it involve any resampling of image segments. It generates object detections
using a single pass of a convolutional network.

The SSD approach is based on a feed-forward convolutional network that
produces a fixed-size collection of bounding boxes and scores for the pres-
ence of object class instances in those boxes, followed by a non-maximum
suppression step to produce the final detections. The early network layers
are based on a standard architecture used for high quality image classification
(truncated before any classification layers) .

3.4.5 YOLO

You only look once (YOLO) is an object detection system targeted for
real-time processing uses deep learning and convolutional neural networks
(CNN) for object detection, it stands out from its “competitors” because, as
the name indicates it only needs to “see” each image once. This allows YOLO
to be one of the fastest detection algorithms .

1. Resize image.
2. Run convolutional network.
3. Mon-max suppression.

Figure 3.4: The YOLO Detection System .
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This figure above show that the Processing images with YOLO is simple
and straightforward. the system 1 resizes the input image to 448 x 448, 2 runs
a single convolutional network on the image, and 3 thresholds the resulting
detections by the model’s confidence.

Figure 3.5: Object detection with YOLO .

In figure 3.5 the image is divided in a grid of SxS (left image). Each one
of the cells will predict N possible “bounding boxes” and the level of certainty
(or probability) of each one of them (image at the center), this means SxSxN
boxes are calculated. The vast majority of these boxes will have a very low
probability, that’s why the algorithm proceeds to delete the boxes that are
below a certain threshold of minimum probability. The remaining boxes are
passed through a “non-max suppression” that will eliminate possible dupli-
cate objects and thus only leave the most exact of them (image on the right).

3.4.5.0.1 Network Design

YOLO model implement as a convolutional neural network and evalu-
ate it on the PASCAL VOC detection dataset [38]. The initial convolutional
layers of the network extract features from the image while the fully con-
nected layers predict the output probabilities and coordinate

YOLO architecture is inspired by the GoogLeNet model for image clas-
sification [39]. His network has 24 convolutional layers followed by 2 fully
connected layers. Instead of the inception modules used by GoogleNet,
YOLO simply use 1 x 1 reduction layers followed by 3 x 3 convolutional
layers, similar to Lin et al [40].

31



3.4.5.0.2 YOLO Loss Function

YOLO uses ones single loss function for both bounding box and the
classification of the object. The loss function is:

loss = )\coordz Z 101;] 2+ (yi —yi)? (1)

=0 7=0
+)\coordz Z 10,)] \/_ \/> (2)
=0 5=0
+ Z Z ]'Obj (3)
=0 7=0
—l—Anooby Z 1noobj (4)
=0 7=0

+Z Ly > (pile) = pile)? (5)

ceclasses

The loss function can be parsed into 5 parts, where parts (1) and (2) are
focusing on the loss of the bounding box coordinates, parts (3) and (4) are
penalizing the differences in confidence of having an object in the grid and
part (5) is penalizing for the difference in class probability. It is interesting to
note that the loss function for the bounding box size is based on the square
root of the dimensions. This is used to address that the small deviations in
larger bounding boxes should incur less of a penalty than in smaller bounding
boxes. We also note that there are Acoord and Anoobj, which are set to be 5
and 0.5 by the original authors. The Acoord hyper-parameter is set to ensure
“fair” contribution of the bounding box location penalty and the classification
penalty to the overall loss function, and the Anoobj is set to penalize less for
the confidence of identifying an object when there is not one.

3.5 Classical Object Recognition

Object recognition has its foundations on computer vision history around
the years of the 1970s where the pioneers of artificial intelligence and robotics
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viewed this as an ambitious challenge that could at the end achieve another
huge step to replicate the human intelligence and behavior and endow the
robots with it [41].

It can be defined as the task of discovering a certain object in an image
or even in a video sequence. It is a fundamental vision problem since unlike
humans that can detect and identify with almost no effort a huge range of
objects in images or videos that might diverge from the viewpoint, color, size
or even when the object it is partially obstructed this task continues to be a
real challenge for object recognition engines [42].

3.6 Object recognition system

The problematic of recognizing an object in an image is defined as a la-
beling problembased on models of known objects. Essentially, given a generic
image, that contains the objects of interest and a set of labels corresponding
to a set of models available in the system, the system may be capable to
assign properly the labels to the respective regions in the image [41].

In computer vision the way it recognizes what objects are presented in a
certain image is not a linear process, there are multiple techniques, however,
the generic system may be represented as shown in Figure [42].

Learning module

Input: image Output: "cat?”
-
h f h “yesﬂ'
_-..

Figure 3.6: Object recognition system .

In the previous figure, we have the basic architecture of an object recog-
nition system. Essentially, the learning module is trained with a set of ex-
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amples, corresponding to images previously labeled and can be described as
a binary classifier. Based on an input image it retrieves as an output “yes”
or “no”, for either the respective class of the object, like cat or dog or for the
individual identity where the image belongs, for example, a face [42].

3.7 Neural network for object recognition

Object recognition has been studied for over four decades [43]. “Neocog-
nition” [44] was an early biologically-inspired shift-invariant model for object
recognition but lacked a supervised training process. LeCun et al. [45] in-
troduced gradient descent through backpropagation on convolution neural
networks, which makes the training process much more effective than previ-
ous models. CNNs were heavily used in object recognition in the 1990s, but
then fell out of fashion with the rise of support vector machines. In 2012,
AlexNet [46], a deep neural network with CNN, won the object classifica-
tion competition ILSVRC 2012, and kindled research on deep convolutional
neural networks.

Convolutions Subsampling Convolutions Subsampling Fully connedted

Figure 3.7: Neural network architecture for object recognition .

Figure 3.7 shows a canonical neural network architecture for object recog-
nition. While max-pooling stages and fully-connected (FC) layers have been
considered indispensable components, an all-convolutional network [43| that
replaces max-pooling with convolutions has competitive or state-of-the-art
performance. Further, global average pooling [47] is used to eliminate FC
layers on top of the convolutional layers .
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3.8 Transfer Learning

To train a convolutional neural network is very expensive: the more
layers stack up, the higher the number of convolutions and parameters to
be optimized.The computer must be able to store several gigabytes of data
and efficiently perform the calculations.That’s why hardware manufacturers
are stepping up their efforts to provide high-performance graphics processors
(GPUs) that can quickly drive a deep neural network by paralleling calcula-
tions|48].

Transfer Learning allows you to do Deep Learning without having to
spend a month of calculations. The principle is to use the knowledge acquired
by a neural network when solving a problem in order to solve another more
or less similar. This provides a transfer of knowledge[49].

In addition to accelerating the training of the network, Transfer Learning
makes it possible to avoid overfitting [52] . Indeed, when the collection of
input images is small, it is strongly disadvised to train the neural network
starting from zero (that is to say with a random initialization): the number
of parameters to be learned being much greater than the number of images.

Transfer Learning is a technique that is widely used in practice and sim-
ple to implement. It requires having a network of neurons already trained,
preferably on a problem close to the one we want to solve. Nowadays, we
can easily retrieve one from the Internet, especially in Deep Learning libraries
like Keras.[49][51]

We can exploit the pre-trained neural network in a number of ways, de-
pending on the size of the input dataset and its similarity to that used in
pre-training.

3.8.1 Fine-tuning total :

The last fully-connected layer of the pre-trained network is replaced by
a classifier adapted to the new problem (SVM, logistic regression ...) and
randomly initialized. All layers are then dragged onto the new images.

This method should be used when the new image collection is large: in
this case, one can afford to drive the entire network without running the risk
of overfitting. In addition, since the parameters of all the layers (except the
last) are initially those of the pre-trained network, the learning phase will be
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done more quickly than if the initialization had been random.

3.8.2 Feature extraction :

This method is to use the features of the pre-trained network to repre-
sent the images of the new problem. For this purpose, the last fully-connected
layer is removed and all other parameters are fixed. This truncated network
will calculate the representation of each input image from the features al-
ready learned during the pre-training. We then train a classifier, randomly
initialized, on these representations to solve the new problem.

This method should be used when the new image collection is small and
similar to the pre-workout images. Indeed, training the network on as few
images is dangerous since the risk of overfitting is important. In addition, if
the new images look like the old ones, then they can be represented by the
same features.

3.8.3 Partial fine tuning :

This is a mix of the first and the second method, the last fully-connected
layer is replaced again by the new classifier randomly initialized, and the
parameters of some layers of the pre-trained network are fixed. Thus, in
addition to the classifier, the new images are dragged onto the non-fixed
layers, which generally correspond to the highest levels of the network.

This method is used when the new image collection is small but very
different from the pre-workout images. On the one hand, as there are few
training images, the method one which involves driving the entire network is
not feasible because of the risk of overfitting.

On the other hand, we also eliminate the second method since the new
images have very little in common with the old ones: using the features of the
pre-trained network to represent them is not a good idea. But the features
of the lower layers are simple and generic (so can be found in two very
different images), while those of the upper layers are complex and specific
to the problem. Thus, the method of fixing the lower layers and driving the
classifier and the high layers is a good compromise.
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3.9 VGG16 Architecture

The VGG network architecture was initially proposed by Simonyan and
Zisserman [27]. The VGG models with 16 layers (VGG16) and with 19 layers
(VGG19) were the basis of their ImageNet Challenge 2014 submission, where
the Visual Geometry Group (VGG) team secured the first and the second
places in the localization and classification tracks respectively.

Comvolutional layers Fully-connected |ayers

sllfal < [olle] < [w]falfa] < [elfelle] < [elfe
S SN SR SR B
A ERHEHER R

Figure 3.8: Architecture of VGG16 .

The VGG16 architecture, shown in the Figure above is structured start-
ing with five blocks of convolutional layers followed by three fully-connected
layers. Convolutional layers use 3*3 kernels with a stride of 1 and padding
of 1 to ensure that each activation map retains the same spatial dimensions
as the previous layer. A rectified linear unit (ReLU) activation is performed
right after each convolution and a max pooling operation is used at the end of
each block to reduce the spatial dimension. Max pooling layers use 2*2 ker-
nels with a stride of 2 and no padding to ensure that each spatial dimension
of the activation map from the previous layer is halved. Two fully-connected
layers with 4,096 RelLU activated units are then used before the final 1,000
fully-connected softmax layer.
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3.10 Advantages of transfer learning

We utilize knowledge from source models to improve learning in the
target task [52]. Apart from providing capabilities to reuse already-built
models, transfer learning may assist learning the target task in the following
ways:

Improved baseline performance :

When we augment the knowledge of an isolated learner (also known
as an ignorant learner) with knowledge from a source model, the baseline
performance might improve due to this knowledge transfer.

Model-development time :

Model-development time: Utilizing knowledge from a source model
might also help in fully learning the target task, as compared to a target
model that learns from scratch. This, in turn, results in improvements in the
overall time taken to develop/learn a model.

Improved final performance :

Higher final performance might be attained by leveraging transfer learn-
ing.

3.11 Conclusion

In this chapter we have presented objecte detection different technics
and models with their architecture . We have seen the important concepts of
object recognition , also we described transfer learning and seen his different
models . In this work we used convolutional neural networks CNN architec-
ture in aerial image detection .We will see it in the next chapter with detail
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Chapter 4

Implimentaiton And Result

4.1 Introduction

In this chapter, we will define the architecture of the model we have
created, then we will apply this model on a data set. For this, we used
Python, C, OpenCV and other library to make our work more flexible .

4.2 System configuration
For the best result we used a powerfull configuration which is :
e Prossesor: Intel(R) Core (TM) I7-3612QM CPU @ 2.10 GHz x 4.
e RAM: 6 GO.

e Operating System : Linux Debian 9

4.3 Work environmrnt

4.3.1 Python

Python is an easy to learn, powerful programming language. It has
efficient high-level data structures and a simple but effective approach to
object-oriented programming. Python’s elegant syntax and dynamic typing,
together with its interpreted nature, make it an ideal language for scripting
and rapid application development in many areas on most platforms [53].
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4.3.2 C

C is a general-purpose programming language, and is used for writing
programs in many different domains, such as operating systems, numerical
computing, graphical applications, etc. It is a small language, with just 32
keywords . It provides “high-level” structuredprogramming constructs such
as statement grouping, decision making, and looping, as well as “lowlevel”
capabilities such as the ability to manipulate bytes and addresses|54] .

4.3.3 Cypthon

Cython is an extension to the Python language that allows explicit
type declarations and is compiled directly to C. This addresses Python’s
large overhead for numerical loops and the difficulty of efficiently making
use of existing C and Fortran code, which Cython code can interact with
natively. The Cython language combines the speed of C with the power and
simplicity of the Python language[55] .

4.3.4 Anaconda

The open source version of Anaconda is an easy-to-install high per-
formance Python and R distribution with a package manager, environment
manager and collection of 720+ open source packages with free community
support|[56].

4.3.5 Spyder

Spyder, the Scientific Python Development Environment, is a free inte-
grated development environment (IDE) that is included with Anaconda. It
includes editing, interactive testing, debugging and introspection features|56].
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4.3.6 OpenCV

OpenCV is a state of the art computer vision library that is used for a
variety of image and video processing operations. Some of the more spectac-
ular and futuristic features, such as face recognition or object tracking, are
easily achievable with OpenCV 3. Learning the basic concepts behind com-
puter vision algorithms, models, and OpenCV’s API will enable the develop-
ment of all sorts of real-world applications, including security and surveillance
tools|57] .

4.3.7 TensorFlow

TensorFlow is currently the leading open-source software for deep learn-
ing, used by a rapidly growing number of practitioners working on computer
vision, Natural Language Processing (NLP), speech recognition, and gen-
eral predictive analytics. This book is an end-to-end guide to TensorFlow
designed for data scientists, engineers, students and researchers|58].

4.4 Case study

Aerial image can be a solution to many problems , one of this problems
is the car traffic jams, this model can solve this problem notice other drivers
so they can avoid it, other problems is to track a car in the road , police can
find some problems to track a car in the road beceause to traffic ,this model
can help the police to track any specific car all over the city using drone .

4.5 Our model

We used transfer learning to get pre trained model from darknet YOLOv3
, this model is so powerful compared to other models especially to use ability
to detect small size object with big accuracy and small time ,And this is the
original architecture of the darknet YOLOV3:
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Figure 4.1: architcture of YOLOv3

In our architectute , after we get that model we changed the architec-
ture of original model to be compatible with aerial image :
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Figure 4.2: architcture of our model

Our model compose of many convolution layers and pooling layers and
finally we end it with full connected layer , the first step which is pre pro-
cessing is to resize the input image to 416x416 so it can go to our model.

416 x 416

Resize

Figure 4.3: Resize the input image
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After resizing the image we will do gray scal to detect edge and make
the image easy to recognize:

Gray scal

Figure 4.4: applying gray scall on image

After gray scall the image we put it to CNN:

4l6xdl6x3 4163:416@

20

UAPB L 1xix g1 x100)

() convolution +Leaky
(= max paoling
7 fully connected + Leaky

1 softmax

Figure 4.5: architecture of our convolutional neural network
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Convolution layer :  After resize the image we will put it in the first
convolutional layer which contain 32 feature maps (kernels) with size of 3x3
matrix for each feature map and it end up with a leaky activation function
after the convolution layer finish the job

Feature Maps

ofe]o[ofa]o]o
of1|e]otetda ol . /
oloflo|lo|o]o]o '"'“:HH--HH
of|o 0|0 -_-____:_____%H"
ol1]|o|o|ortal __:____:__::‘
ololi]lslalolo T
ololo|o]o|ofo
S — — ]
Input Image

3X3X32

Figure 4.6: Convolution layer

Max Pooling layer:  After serie of convulation layer we get to the
max pooling layer which reduce the size of the image to make it easy and
fast for training the model , we use 2x2 matrix for maxing pooling which
mean it will only take 25 % of the image .

Figure 4.7: Max Pooling layer
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Full Connection layer: This is the last layer in our architecture
which will implement the out of the previous layer to the neural network
with many hidden layers to select the right weight for each neural and finaly
we will use softmax activation function for the out put .

oto
i
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D
\

%
(_

output layer

input layer
hidden layer 1 hidden layer 2

Figure 4.8: Full Connection layer

The next figures present the screenshot of our architecture :
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Figure 4.9: Our architecture partl.
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Figure 4.10: Our architecture part2 .
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Figure 4.11: Our architecture part3.
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4.6 Results

For the results we chose different image with different views .

Detection

Recognition

Figure 4.12: (A) Before and (B) after the detection.
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Figure 4.13: Before and after the detection.
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Figure 4.14: Before and after the detection .
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This shot was taking by a algerian drone :
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Figure 4.15: Before and after detection .
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This is a low light shot from algerian drone :

et Ticem
=l
FR e ruificer

Figure 4.16: Before and after detection .
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4.7 Limits

This dataset contain many types of cars but not all of them , there
may be some types in our country that are not in this dataset and this may
affect the detection and recognition.

The number of class are limited to 3 classes only ( car , minibus,bus)
,it can not detect bicycle ;human or other type of objects .

The height of the image and blurred image may affect the detection of
the objects and make it very hard .

4.8 Conclusion

In this chapter we have presented our model with it architecture, start-
ing from the orginal image and pre processing traitment to the CNN layers
,after that we presented the results of our model in difference views and
shoots from helicopter and drone and it gave us a satisfying results with
good accuracy in difference conditions ,high light like figure 4.15 and low
light in figure 4.16 .
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Conclusion and perspectives

In this project we discussed the main concepts of machine and deep
learning . We introduced convolutional neural networks (CNN) by presenting
the different types of layers used in the classification .We also talked about
concepts and technique of object detection and recognition ,then we presented
transfer learning architecture and described his different models .

In this work a vehicle detection method based on YOLO deep learning
algorithm for aerial image is presented . this methode aplly convolutional
neural network architceture (CNN) for extraction features . We had a good
test results especially for small objects, for Images were taken at night, as
well and meets the real-time requirements by Transfer learning . As future
work the performance could be further improved by taking advantage of the
immense computing power of the GPU graphics processors by distributing
the calculations on several GPUs.
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