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OZET
GELENEKSEL OZNITELIKLERI CNN MODELLERINE ENJEKTE
EDEREK UYDU GORUNTULERINDE ARAZi SINIFLANFIRMASI

Bu tezde, CNN modellerinin ve 6zellikle kii¢iik boyutlu modellerin dogrulugunu artirmak ic¢in
yeni bir yontem 6nerdim. Onerilen yontem, geleneksel bilgisayarli gérme 6zelliklerini CNN
modeline birlestirmeye dayanmaktadir. Onerilen yontemi SqueezeNet, MobileNetV2,
ShuffleNetV2, VGG16 ve ResNet50V2 Uzerinde test ettim. Bu modellerin boyutu 0,5 MB ile
528 MB arasindadir. Geleneksel bilgisayarli géorme 6zelliklerine gelince, drnek ortalama, gri
seviye birlikte olusum matrisi 6zellikleri, Hu momentleri, yerel ikili desenler, yonlendirilmis
gradyanlarin histogrami ve renk degismezlerini kullandim. Arazi siniflandirmasi yapmak igin
Onerilen yontemi EuroSAT, Plane, Ship ve Trees veri setinde test ettim. Deneysel sonuglarim,
onerilen yontemin, secilen CNN modellerine kiyasla arazi verilerinin siniflandirilmasini 6nemli
oOl¢iide gelistirdigini gostermektedir. Boylece onerilen yontemin ug (diisiik gii¢ ve diisiik bellek)
cihazlarda arazi smiflandirma problemlerini performans kaybi olmadan ¢6zmede yardimci
olabilecegini kanitladim.

Bunun nedenlerini siralayacak olursak, kara alanlarinin siniflandirmasi ile, gerek tarim arazisi
tespitinin, gerek sanayi ve sehir alan1 gibi alanlarin tespitlerinin ve sinirlariin belirlenmesi igin
kullanilmaktadir. Ayrica, sulak ve kurak alanlarin tespiti ile kiiresel 1sinmanin etkileri
gozlemlenmektedir. Ormanlik alanlarin takibi ve siniflandirmasi ile, ormanlik alan durumu
gozlemlenmektedir. Gemi ve ugak gibi araglarin uydu goriintiilerinden tespiti yapilip takip ve
sayist  hesaplanmaktadir. Burada bahsetti§im uygulamalar, kara simiflandirmasi
uygulamalarinin sadece bir kismini olusturmaktadir.

Uzaktan algilama alaninda derin 6grenme uygulamalar1 yillardir basariyla kullanilmaktadir.
CNN tabanli modeller, uydu goriintiilerinde arazi simiflandirma problemlerinin ¢éziimiinde
glivenilir sonuclar vermektedir. Bu modeller genellikle blyuk boyutlara sahiptir. Ancak
insansiz hava araglarinda yapilan uygulamalar gibi uygulamalar i¢in daha diisiik gii¢ ve bellek
gereksinimleri nedeniyle kiiciik boyutlu modellere ihtiya¢ duyulmaktadir. CNN modellerinin
dogrulugu, boyutlar1 (parametre sayisi) da azaldiginda azalir.

Sonug olarak, dnerilen geleneksel yontemleri derin 6grenme modellerine entegre etme metodu
ile secilen veri kiimelerinin kara alanlar1 tespit sonuglarini oldukg¢a iyi oranda arttirdigini

gosterdim.
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ABSTRACT
LAND CLASSIFICATION IN SATELLITE IMAGES BY INJECTING
TRADITIONAL FEATURES TO CNN MODELS

In this thesis, | propose a new method to improve the accuracy of CNN models, and
especially the ones with small sizes. The proposed method is based on concatenating
traditional computer vision features into the CNN model. | tested the proposed method
on SqueezeNet, MobileNetV2, ShuffleNetV2, VGG16, and ResNet50V2. These models
have the size from 0.5 MB to 528 MB. As for traditional computer vision features, |
used sample mean, gray level co-occurrence matrix features, Hu moments, local binary
patterns, histogram of oriented gradients, and color invariants. | tested the proposed
method on the EuroSAT, Plane, Ship and Trees dataset to perform land classification.
My experimental results show that the proposed method notably improves the
classification of land data compared to the chosen CNN models. Thus, I proved that the
proposed method could be helpful in solving land classification problems on edge (lower
power and low memory) devices without losing performance.

If we list the reasons for this, it is used for the classification of land areas, the
determination of agricultural land, the determination of areas such as industry and city
areas and the determination of their borders. In addition, the effects of global warming
are observed with the determination of wet and dry areas. With the monitoring and
classification of forest areas, the forest area status is observed. Vehicles such as ships
and planes are detected from satellite images and their tracking and number is
calculated. The applications | mentioned here are only a part of the land classification
applications.

Deep learning applications has been used successfully in the field of remote sensing.
CNN-based models give reliable results in solving land classification problems in
satellite images. These models usually have huge size. However, small-sized models are
needed for applications such as the ones implemented on unmanned aerial vehicles
because of lower power and memory requirements. The accuracy of the CNN models
reduces when their size (the number of parameters) is also reduced.

As a result, 1 have shown that the proposed injecting traditional inputs and selected

datasets and models increase land classification results very well.
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ABBREVIATIONS
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1. INTRODUCTION

Due to the increase in the human population and the increasing damage to our
environment, many remote sensing projects have become very popular in areas such as
environmental diagnosis, changes, risk analysis, and prevention of disasters. As we
know, the land areas and trees, which form the main subject of this thesis, have a
significant place in our environment and our future. We understand that the existence of
the tree has a better effect on production-consumption. Due to research by “Nowak et
al.: Oxygen Production by Urban Trees” [1], consumption from the atmosphere is very
important for climate change and our existence. Also, in the research “Forest health in
a changing world: effects of globalization and climate change on forest insect and
pathogen impacts” [2] the health of the forest has cumulative effects on our life in terms
of many fields, like socioeconomic. Additionally, the research focused on the
importance of forest management and the classification of forests to understanding to
understand factors that impair the health of trees and forests.

Especially Turkey and many Mediterranean countries suffer from extensive forest fires
in the summer season. Each year, we lost many forests and the creatures that live in
these forests. Due to the research “Forest diversity, climate change and forest fires in
the Mediterranean region of Turkey” [3], shows us that only in Turkey 12 million tree
is highly sensitive to fires. Additionally, these fires can be prevented by forest
management scenarios.

There is many felling of trees due to unplanned settlements, natural disasters, and
industrial purpose destructions, the tree population is decreasing considerably, and it is
important to actively monitor the change.

Tree diagnostic projects have been used for many years and are very popular, thanks to
deep learning algorithms.

Land detection applications are used for many different classes and objects apart from
tree classification. Classes such as ship, airplane, river, plantation, and city used in this
thesis constitute the main part of the tests. The detection and classification of ships and
planes in the image is especially used in the field of logistics. Determination of fields
and wetlands is very important for agricultural and economic reasons. In addition, the
percentage change of the areas and the effect of global warming and environmental
disasters on the selected area are observed. For such reasons, many products, studies

and datasets have been introduced. In this thesis, | also talked about these studies and
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showed the advantages of my proposed method using some datasets.
Tree classification and generally land classification is already a popular task for
computer vision algorithms and solutions. Nowadays, much research working on this

field thanks to the open access to datasets, in the remote sensing field especially.

1.1. Literature Survey

Deep learning methods have proven themselves for many years with their success in
various fields. One of the areas where these methods are frequently used is remote
sensing. Owing to their success in this field, many deep learning models have been used
and tested in various studies such as [4][5][6]. A well-known solution a is for tree
detection is DeepForest [7]. DeepForest is a python package for understanding and
detecting tree images from satellite images or airborne RGB images. A result of

DeepForest prediction can be seen on Figure-2.1.

150
200
250

300

350

Figure 1.1 DeepForest [7] research
tree detection example

Another proposed solution and the research of the work is “Individual Tree-Crown
Detection in RGB Imagery Using Semi-Supervised Deep Learning Neural Networks
“[8]. In this work, they have focused the semi supervised learning instead of the

unsupervised one to catch some missing features in case of some noisy data. So that,

¥ o 01334

Figure 1.2 Individual Tree-Crown Detection in RGB Imagery Using Seml-Supervised

Deep Learning Neural Networks” [8] research tree detection example
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they have proposed that, the using their semi-supervised method usage increase the
detection accuracy. Their examples can be seen on Figure 1.2.

Additional work is based on UAV RGB tree detection and segmentation, named “Deep
Learning in Forestry Using UAV-Acquired RGB Data: A Practical Review” [9]. They
have divided the research by 3 step that, individual Tree Detection, tree Species
Classification, and forest Anomaly Detection. Due to results and conclusion of this work
the using a single deep learning solution is not enough. The semantic segmentation way
they proposed is the way they offer. Their examples can be seen on Figure 1.3.

Acquired RGB Data: A Practical Review” [9]

research tree detection example

Different research named “Coconut trees, detection and segmentation in aerial imagery
using mask region-based convolution neural network™ [10] is aimed at the palm tree
zones that are affected by disasters. Examples such as tree detection, calculating the
number of trees, and calculating the estimated wooded area are used in this research.
With the help of these estimates, the amount that can be used for lumbering, the
estimated oxygen production capacity, or the change of wooded areas from year to year
and calculations can be calculated as a percentage. Their examples can be seen on Figure
1.4.
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Figure 1.4 “Coconut trees, detection and

segmentation in aerial imagery using mask
region-based convolution neural network”

[10] research tree detection example

Deep learning methods, by their very nature, acquire many features and learn on that
basis. The point to be noted here is that especially convolutional neural networks (CNN)
based methods usually extract features because of the filtering. This results in the
inability to predict whether CNN-based methods utilize more complex feature
information or not.

I explained the datasets used in land use classification in the next section. But | would
like to talk about a study in here. Along with the EuroSAT research [27], a classification
is made as in the example picture shown in Figure 1.5. With this classification, the
density and type of land use can be easily calculated.

Hiéhway

An. crop

Industrial #

-

Figure 1.5 A Novel Dataset and Deep
Learning Benchmark for Land Use and

Land Cover Classification Example
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All the researches mentioned above constitute our source of motivation. | needed to do
this study especially because of the necessity of determining agricultural lands, the
determination of forest areas due to forest fires, the need to follow up urbanization,
which is taking place today in Turkey especially. | shared the data | obtained during my

thesis study as open source and I hope it will be useful to all researchers.

2. METHODOLOGY

In this thesis, | propose a method to further increase the object recognition performance
of CNN-based methods on satellite images. This method is based on wide and deep
learning that has been used for years from e-commerce sites to search engines, especially
in recommendation and recommendation systems. The wide and deep learning is
proposed by the HT Cheng [11].

2.1. Wide and Deep Learning

As | mentioned, the wide and deep learning is created for the recommender systems and
many leads tech firms (Google, Amazon etc.) are using this kind or architecture for their
systems due to the research “Modern recommender systems: from computing matrices
to thinking with neurons” [12]. The general schematic of wide and deep learning can be

seen on the Figure 2.1.

Dutput Units /

o 4 J J
Hidden Layers
o

4d &4 J
(X} o0 Dans2 Embeddings o0 e
Sparse features @ @ o )

Wide Models Deep Models Wide & Deep Models

Figure 2.1 Proposed Wide and Deep Learning Explanation in Google Al blog [13]

Memorization and the generalization are the important part of our brains, and we are
using these things in our daily life. Due to the proposed purpose of the wide and deep
learning, “Can we teach computers to learn like humans do, by combining the power of
memorization and generalization? [13]”. We can concatenate these features by
combining the wide and deep inputs into one model.

Deep learning algorithms and models are usually doing their job very good, thanks to

their generalization power. But the generalization not always best option for the
5



prediction. For example, if we want to teach fly skills of animals, a deep learning
algorithm by feeding many animal images, and in result the algorithm probably will
learn that all birds can fly. The results come from the generalization ability. Because
99% of birds can fly but what about the rest? Ostriches and penguins cannot fly. The
deep learning missing that part.

CNN are extracting the features using the linear filters such as convolutional layers with
some different window size. So that the adding non-linear features might better effect,
and this nonlinearity comes from the wide inputs. If we continue with the previous
example, adding the inputs of “Ostriches and penguins cannot fly” as like wide input,
increase the accuracy of results. Wide inputs can be count as exceptions, or the manual

inputs that we are adding or manipulating the deep learning side.

2.2. Our proposed Injecting Traditional Features as Inputs to the CNN

Our proposed method replaces the input values used as text input in the proposal system
with CNN and traditional computer vision features. In this way, | have developed a
unique object recognition method in the field of remote sensing. As a result of our
literature review, | determined that such a method has not yet been used exactly as stated
in the field of object recognition. The closest study to the proposed method was
developed by “M Jbene et al: Fusion of convolutional neural network and statistical
features for texture classification” [14]. In this study, statistical features are focused on
increasing the performance of the CNN model. As a result of the research, not much
performance increase was achieved. With the innovations in the proposed method, | able

to achieve a significant performance increase.

3. DESIGN DETAILS

The design details of the system can be divided into 2 groups. The proposed system is
using deep learning model with famous convolutional neural network (CNN) models
such as SqueezeNet, MobileNetV2, ShuffleNet, VGG16 and ResNet50V2and the wide
learning model. CNN is a dominant subclass of the neural networks. It is mostly used in
computer vision and detection tasks. It is designed for learning features through the
backpropagation and given convolution layers due to the research [15]. The overview

of the CNN model block chart can be seen in Figure 3.1.
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Figure 3.1 CNN architecture model blocks overview [15]

The ability that differs CNN from other feature extraction and classification method is
CNN do not have to feed with the manually feed with the features, CNN can handle the
feature extraction steps it on its own. Also, the building blocks of CNN is different. It
has mainly, convolutional, pooling and the fully connected layers. The data is
transformed and the manipulated through the layers and last, the prediction can be made.
The convolutional layer is the important part of the CNN as we understand from its

name. It does the convolutional operation for feature extraction, by given a kernel size.

0 Feature map

Input tensor

Figure 3.2 CNN convolution operation
example [15] with kernel size 3x3.

The kernel size, also known as window size, is used during convolution operation by
summarizing the number of this array. Then, each element of the new array will be filled
with the elements gathered from convolutional operation. This operation can be seen at
Figure 3.2.
The other layers are pooling layers, the pooling is doing simply down sampling
operation for decreasing the number of complexity and dimension.
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The last but not the least layers are the fully connected layers. In Keras we are using
these layers as “Dense” layers till the end. In these layers are feeding with the end of
pooling layers with “Flatten™ flattening operation. This gives us a 1D array and this
array is directly used by Dense layers. The layers are responsible for the eliminates the
lowest possibilities on the given array. For instance, if we need 10 class of object in the
end, the fully connected layer exit must be 10 class, means that the eliminate lowest
possible alternatives. Each layer is used by the non-linear activation function that
required for the explained behavior. The activation functions are sigmoid, SoftMax,
ReLU, LeakyRelLU, tanh, swift and so on. The most famous one is ReLU and the
formula is below and graph can be seen on Figure 3.3.
ReLU(x) = max(o, x)

The wide learning part is mainly covered by the traditional inputs. The manually
extracted features (will be introduced in following sections) will concatenate with the
deep learning model just before feed the fully connected layer. After concatenating these
features to the deep learning side features, the pool size will increase, and the pool passes
to the fully connected layers next.

3.1. CNN Models

| picked different CNN models in this study. Therefore, | briefly summarized them in

this section. | summarize the CNN models considered in the previous section here. The

-10.0 =75 -5.0 =25 0.0 25 5.0 7.5

Figure 3.3 ReLU activation function

graph

aim is to compare these models in terms of their number of parameters and mode size.
Therefore, | tabulate these values in Table 3.1. As can be seen in this table, the selected
CNN models have size between 0.5 MB and 528 MB. The number of parameters in

these models are within the range of 729 K to 23.5 M. | will use these models while



injecting traditional features to them.

Table 3.1 The parameter and model size of the selected CNN models.

Model Name # Parameters Model Size
SqueezeNet 729K 0.5MB
MobileNetV2 2.2M 14MB
ShuffleNetV2 4M 10MB
VGG16 14.7M 528MB
ResNet50V2 23.5M 98MB

3.1.1. SqueezeNet

The first model | picked in this study is SqueezeNet proposed by [16]. This model has
the low size specifically developed to be used in embedded systems. It offers an AlexNet
level accuracy in “ImageNet” weights in only 0.5MB space. Also, it has 50x fewer
parameters due to the authors by [16]. Therefore, it represents the low end of the CNN
models available in literature. The unique part of SqueezeNet is the fire modules and
squeeze operation. It uses a strategy to decrease number of parameters, uses fire modules
via 1x1 convolution layers. The explanation of the SqueezeNet model can be seen on
Figure 4.4. During usage of this model, | freeze the SqueezeNet top layers with pre-

trained "ImageNet" weights.
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Figure 3.4 SqueezeNet model explanation chart [16]
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3.1.2. MobileNetV2

MobileNetV2 is the next model considered in this study. It has been proposed by [17].
As in SqueezeNet, it has low model size such that it can be safely used on mobile and
edge devices. The explanation of the MobileNetVV2 model can be seen on Figure 3.5.
The unique part of MobileNetV2 is the activation function of ReLU6 and its Deepwise
layers. | freeze the MobileNetV2 top layers with pre-trained "ImageNet" weights. | have
used average pooling layer after extracted all deep features thanks to the TensorFlow
MobileNetV2 implementation function. With this, | have 1280 parameter length array,
then 1 will put these in Batch Normalization layer, in the last step using "SoftMax" |
have predictions of 10 classes. The MobileNetV2 has inverted residual structure. In this

version they have removed the nonlinear narrow layers.

Add conv 1x1, Linear
l conv 1x1, Linear l T

f Dwise 3x3,
stride=2, Relu6

Dwise 3x3, Relu6 T

T Conv 1x1, Relu6
Conv 1x1, Relu6

input_ input_

Stride=1 block Stride=2 block

Figure 3.5 MobileNetV2 model explanation
chart [17]

3.1.3. ShuffleNetV2

ShuffleNetV2 is the third model considered in this study. It has been proposed by [18].
ShuffleNetV2 has similar number of parameters and model size as in MobileNetV2. The
explanation of the ShuffleNetVV2 model can be seen on Figure 3.6.

The unique part of ShuffleNetV2 is channel shuffle and using MobileNet's DeepWise
or SENet’s SE modules. Hence, it also represents the low model size option. | freeze the

ShuffleNetV2 top layers with pre-trained "ImageNet" weights.
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Figure 3.6 (a) ShuffleNet V2 with residual. (b) ShuffleNet V2 with

SE. (c) ShuffleNet V2 with SE and residual. [18]

The ShuffleNetV2 is designed for memory and power efficiency. It has a channel split
operator that divide the channels into 2 groups. One part of the channel passes into
convolutional layers to extract features, but other part is directly injecting into the
feature pools. Due to the author, this way decreases memory usage because of equal

channel width and increases the efficiency.

3.1.4. VGG16

Besides small sized models considered in previous sections, | also picked large models
in this study. The aim for this selection is to observe the effect of the proposed feature
injection method on them. Therefore, | picked the VGG16 model proposed by [19]. This
is the fourth model used in this study. The unique part of VGG16 is the resizing input
images while training and the testing. The explanation of the VGG16 model can be seen
on Figure 3.7. The VGG16 is focused on the convolutional layers which followed by
“Max Pooling” every time. Max pooling is a pooling operator that outputs maximum
value of given window. Whole architecture has, padding with 3x3 convolutional layers
and pooling layer with max feature. The tail part consists of 2 fully connected layers

with “SoftMax” activation function.
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Figure 3.7 VGG16 Model Explanation [19]

3.1.5. ResNet50Vv2
As in VGGI16, | picked the ResNet50V2 model proposed by [20]. The reason for
choosing this model was to see how the biggest model that I have selected, would behave

1x1x4096 1x1x1000

in the | developed. This is the fifth and final CNN model considered in this study. As

we can understand from its name, the ResNet50V?2 is the enhanced version of ResNet50.

The unique part of this architecture is coming from skipping layers zone. The ResNet

has an ability to skip some layers, thanks to this, they train deeper ResNet also known

as Residual Network. In this ResNet50V2 version, each convolutional layer followed

by Batch Normalization layers. The explanation of the ResNet50V2 model can be seen

on Figure 3.8.
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Figure 3.8 ResNet50V2 Model Explanation [20]
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3.2. Traditional Feature Extraction Methods used in This Study

Our aim in this study is improving the performance of known CNN models by injecting
features extracted by traditional methods. Therefore, I summarize the candidate
traditional methods in this section. To note here, the proposed system is not limited by
the traditional methods introduced in this section. Other methods can also be used in the

proposed framework.

3.2.1. Sample Mean

The first traditional feature extraction method used in this study is the sample mean.
A mean value can be considered as a first-order statistical feature extraction method
that can be used to summarize information in color bands. The formula can be seen

below.

TMearn —

N
(Zn:l T)
N
Therefore, | obtained the average value for each band in our color image. | have 3

features from each image in dataset. In final step, | normalized these values by using the

formula can be seen below. Hence, these features will be ready to be used in injection.

norm —

3.2.2. Gray Level Co-occurrence Matrix Features

Another traditional feature extraction method considered in this study is gray level co-
occurrence matrix (GLCM) proposed by [21]. GLCM has been proposed for texture
analysis for a long time. It has been generalized to other problems, including land use
classification in satellite images, since then. Haralick et al. introduced several second-
order statistical features based on GLCM. In 1973 Haralick has been introduced the
GLCMs and divide these by 6 groups. They are correlation, contrast, homogeneity,
energy, and ASM matrix features. The calculation of matrix features is simple. First, the
image converted to grayscale images. So, the number of channels is decreased to one.
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The data is calculated by averaging of these 4 different directed vectors of image. The
GLCMs are calculating the how often a pixel value occurs vertically, horizontally or

given array direction. The arrays can be seen on figure 3.9.

1350 90°
‘\ A 450
p-0°
Figure 3.9 GLCM Vector

Samples and directions

3.2.2.1. Contrast Feature

Contrast is responsible for measuring the spatial frequency of an image. Squares the
difference between the highest and lowest values of a set of pixels. Contrast texture
measures local variations found in the image

cont = ( ZI (i —7)%)

i,j=0

3.2.2.2. Homogeneity Feature

As can be understood from the name of homogeneity, it is higher when the values of the
pixels in the image are close to each other or the same. Homogeneity is more susceptible
to the presence of elements close to the diagonals. They contain contrast and opposing

logic in GLCM applications and are widely used.

2o

homo = (1 n (?,—j)z)

3.2.2.3. Dissimilarity Feature

The measure of local variations in the image is called dissimilarity.

ny
diss = () Pij)li — j|)

i2=0
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3.2.2.4. Angular second Moment (ASM) Feature
ASM measures repetitions in selected pixels and defects in textures. Since it is used in
gray scale images, it gives higher results compared to other attributes.

_N
ASM = () Bj3)

i, =0

3.2.2.5. Energy Feature

Energy is computed as the square root of an angular second moment. When the selected

pixels are same or similar, energy has higher value.

energy = vASM

3.2.2.6. Correlation Feature
Correlation feature is measuring linear dependencies between the selected pixels.
corr = (Z ‘U'éj[—_(?: — ) — uj)])
i,i=0 (07)(03)
3.2.3. Hu Moments
The third traditional feature extraction method used in this study is Hu moments

proposed by Hu et al [22]. Hu moments are invariant to transformations in grayscale

images. In this study, I calculated seven moment invariants from the grayscale image

My =" ayl(z,y)
Y

g

Mg = Y > (& —2)(y —9)I(z,y)

Ty
Mo  Mn
bare = — .= ——
Moo Moo
+4q
My = —o% 4 = pPrq
g ?3'0 2

Hy = pag + jro2

Hy = (p20 — pro2)® + 4pi11)”

obtained from the corresponding color image. The results can be seen Figure 3.10.
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Image Samples Class Name H[0] H[1] H[2] H[3] H[4] H[5] H[6]
Annual Crop  |4,20501379|5,086670084,36691273|2,02687392|-1,41380867|-4,39255744(-6,02848188
. Forest 5,42071394(2,59517427|4,139667621,90893742|-1,55119832 |-2,18456772|-6,88069302
: Herbaceous
Vegatation 3,37844077 |4,66975726|4,54909498 | 1,52532281 |-3,94067806 |-7,79810920| 7,84235106
Highway 6,74707283(1,41548819|1,07507123|1,68415508|-5,45441054 | 4,39703126 |-4,64806347
Industrial 2,77073300(6,73469690 | 5,84423031 |6,83916563 |-4,29881926 | -3,80441761|-4,64366130
Pasture 5,28343107(7,318415001,48302308 |4.67460114|-1,22977445|-1,19519071| 5,04630323
Permanent Crop |3,04284940|5,49846549|1,69226789|2.32621448|-7,07451630| 2,46365525 | 1,27659797
Residential ~ |5,01773394|1,57431213(2,09217024 |2,15362120 1,12017254 | 2,62381304 |-9,13791372
. River 5,25499052(1,15630634|2,07039210(3,01811642|-6,23654871 | 3,20690217 | 4,24557340
. Sea Lake 5,90804667(9,47409139|2,08184621(3,97333943| 7,50454664 | 3,40824137 |-8,61820749

Figure 3.10 Hu Moments class-based result table for EuroSAT images

3.2.4. Histogram of Oriented Gradients

Another traditional feature extraction method used in this study is the histogram of
oriented gradients (HOG). This method has been proposed by Dalal et al [23]. It has

been widely used in computer vision to solve different object detection problems. HOG

counts the occurrence of gradient orientations of a portion of the image. After using the

grayscale data in the HOG method, I collected HOG values created for the single-color

band in a one-dimensional array, as | did in the LBP. As a result, | obtain a 64-

dimensional feature vector for each image in the dataset. The example of the HOG can

be seen on the Figure 3.11.
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Figure 3.11 Histogram of oriented gradients result

matrix(left) the original image(right)

3.2.5. Local Binary Patterns

Another traditional feature extraction method used in this study is the local binary
patterns proposed by Ojaja et al [24]. This method has been initially developed for
texture analysis. As in other methods, it has also been applied to land use classification
studies.

In general, LBP tags the neighboring pixel with a binary number. First, I am converting
our images into grayscale. For each pixel(x) of image has a P neighbor that is near the
selected pixel. Then, I select the center pixel

and set a threshold for neighbors. In final step, | am setting 1 if the neighbor value is
equal or greater than the center pixel. These operations can be seen below. The G,
represents the central pixel intensity value and Gp represents the neighbor pixel intensity

value.

r—1
LBP = (Y (G, — Go) x 27)
p=l}

1 ifxz>=0
s(z) = .
{0 ifax<0
In result, 1 have two LBP arrays for each image with image size of 32x32 pixels.
Afterward, | combined these two LBP matrices one by one using the projection of the
histogram. The histogram projection formula can be seen below. Hence, | obtained 64
features per image. The histogram results can be seen on Figure 3.12 and Figure 3.13.

N N
HistProjectiong, = ( Z Z )

zy=0x,3=0
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Figure 3.12 Original image on left and histogram
projection of local binary pattern results of forest

image on right.

3.2.6. Color Invariants

The sixth and final traditional feature extraction method used in this study is based on
color information. Color information can help us extract information from an image and
create unique features. The most important feature that distinguishes this technique from
others is that it uses colored data instead of grayscale. In this study, | made use of the
color invariants suggested and explained by [25]. As a result, | obtain a 64-dimensional
feature vector for each image in the dataset. The example of each band color invariants

can be seen on the Figure 3.14.
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Original Image Red Channel Invariant Green Channel Invariant Blue Channel Invariant

Figure 3.14 Color invariant results for each band of RGB

3.3. Proposed Feature Injection Method for Classification

I can partition a CNN model into two parts feature extraction and classification. The
feature extraction part extracts a feature from a given source via successive filtering and
nonlinear operations. The main advantage of this block is obtaining filter coefficients
via training. Hence, an adaptive structure can be formed for the image set at hand. The
classification part is composed of fully connected neural networks most of the time. Just
before the fully connected layers, | have some weights that represent the possibilities of
the classes. Thanks to the transfer learning method that | am using, | do not create the
weights again and again, so the training time is drastically decreased.

CNN methods have been proved to be very powerful in solving computer vision
problems. Their only drawback is the model size and number of parameters to be trained
for a given problem. Although these issues do not cast a major problem for systems
running on powerful servers or desktop computers, they become extremely important
for resource-limited embedded systems such as the ones to be deployed on drones.
Therefore, | propose injecting traditional features into the CNN models to improve their
performance while keeping the overall model size as small as possible.

| first provide the visual representation of the proposed method in Figure 3.15. As can
be seen in this figure, the CNN feature extraction method calculates its features. The
selected traditional feature extraction methods extract their features. Then, these two
feature sets are merged with the concatenating method of our framework Keras.
Concatenate layer takes a list of tensors and returns a single tensor that is the merging
of all inputs. The concatenated traditional and deep inputs are ready for Dense layers
which are responsible for implementing activation function operations. It computes the
dot product between given inputs and kernel and added bias value passes another dense

layer till reaches the final step. The number of dense layers is changed by different test

19



cases and models. The formula of dense layers can be seen below.
outpul = Activation((inpul x kernel) + bias)

The final step is classification, as | are using the 10-layer classification, | used
"SoftMax" activation function. It is abnormalized exponential function and mostly used
in the last layer of multiple output neural networks.

explr;)

Soltmax(x;) = =—————
Z_-,i expla;)

Just before the classification step of the CNN model. Hence, | inject the traditional
features to the CNN model.

Traditional Features "‘\1
GLCM
EuroSAT Images e Fiina
iS]xSJij LBP
‘L Hu Moments
HOG
Tranzfer Leamning Color Invarimms
Pre Trained famous CWNIN -/J
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Figure 3.15 The Injecting Traditional Inputs to the
CNN Models flowchart
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4. EXPERIMENTAL STUDY

| conducted experiments to measure the performance of the proposed method in this
section. The body of the methods are written in Python language to run on a Jupyter
notebook. The hardware power comes from the Google Colaboratory environment. |
have used Keras with TensorFlow framework in all tests. In these, the epoch number is
set to 16 with batch size 64. In optimizer side "Adam" is used in training. For our object
detection problem, instead of retraining the selected CNN models, | used pre-trained
models with "ImageNet" weights using transfer learning method. I used the max pooling
and batch normalization just before concatenating the traditional inputs. Each test has
been repeated five times and the average values are listed in the following sections. The
test code block can be accessed from GitHub [26].

To improve wide input feature extraction parts, the methods have been investigated and

mentioned in following sub-chapters.

4.1. Dataset used in Experiments

The most basic resource required for tree detection and feeding our model is the dataset.
| obtained the dataset that we will use in our wide and deep learning model in tree
detection from various sources. | tested the proposed method on the EuroSAT, Planes
and Ships in satellite images datasets, announced respectively [27,28,29] as a
benchmark for land use and land cover classification tasks.

Many satellite images can be used in areas such as data detection from satellite images.
One of them is the Sentinel satellite. Grovel, Kumar et al. Research by \cite{ship-

sentinel} is an example of this.

4.1.1. EuroSAT Dataset

The EuroSAT dataset consists of 27 K RGB images with a resolution of 10 meters and
hold labels with information of 10 different classes. These are annual crop, forest,
herbaceous vegetation, highway, industrial, pasture, permanent crop, residential, river,
and sea lake. | picked 80% of data for training and rest is used by tests. Hence, | have
27000 images that 21600 are used by training. | did not use the data augmentation
methods in our tests, since these methods mostly aim to increase number of images
randomly (rotating, adding noising and so on), | thought that the data | have would be

sufficient since there may be differences in accuracy between the tests. The dataset
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image samples can be seen on Figure 4.1.

Figure 4.1 EuroSAT Data Samples

4.1.2. Ships in Satellite Imagery

Also, the datasets are known to be fragments from the Planet's "Open California" dataset
obtained by the Planet satellite. The data sets consist of 3.7-meter resolution RGB
images, and they are provided with ground truth data which hold labels for ships and
airplanes. The obtained data Ire collected on the Kaggle website, the first of which was
a different dataset. This dataset consists of satellite images collected from the Planet's
Open California dataset. It contains 4000 pieces of 80x80 resolution 3-channel RGB
images labeled with "ship™ or "no ship" classification designed as binary classification.

The dataset image samples can be seen on Figure 4.2.

Figure 4.2 Ships in Satellite Imagery Data Samples

4.1.3. Planes in Satellite Imagery

As like in ships dataset, planes dataset is gathered from same source. So that the image
properties are same. It has 4000 pieces of 20x20 resolution 3-channel RGB images
labeled with “plane” or "no plane" classification designed as binary classification. The
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dataset image samples can be seen on Figure 4.3.
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Figure 4.3 Planes in Satellite Imagery Data Samples

4.1.4. Trees in Satellite Imagery

The trees dataset contains samples of the images from EuroSAT. Like in EuroSAT it
contains images from Sentinel-2 satellite. So that the properties are same. It is gathered
from Kaggle. It has 10400 pieces of 32x32 resolution 3-channel RGB images labeled
with "trees" or "no trees" classification designed as binary classification. The dataset
image samples are same as the EuroSAT images so that the samples can be seen on
Figure 4.1.

4.2. Hardware and Software Requirements

In the experiments, | used the hardware from the Google Colaboratory environment.
This environment, which includes GPU and TPU parallelization, was chosen for this
research in terms of providing Python programming language and a Jupyter
programming environment. The Google Colaboratory environment is an environment
that helps researchers and students share the hardware power they need for free with the
help of cloud technology. In this thesis, | advantage of the GPU power of this
environment. These GPUs consist of Nvidia's K80 (GDDR6 12GB) or T4 (GDDR6
16GB), and the processing power reaches up to 8.1 TFLOPS. Thanks to the hardware
specifications, it helps a lot during the training steps, due to the research “Performance
Analysis of Google Colaboratory as a Tool for Accelerating Deep Learning
Applications” [30].

The usage of the Google Colaboratory environment is simple. | used TensorFlow 2
versions and the Keras API on the framework side. The environment fully supports the
Keras. In dataset implementation, | used Google Drive and upload whole images there.
First, to detect the GPU specifications in the environment I can type “!nvidia-smi -L”
command. If Colaboratory allocated a GPU for me, | can continue working. I need to

get the dataset from google drive to synchronize and authenticate by
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“drive.mount('/content/drive/')” command. When the credentials are correct, I need to
extract the traditional features from the given dataset. After, | can feed the CNN models

with the same data and concatenate the wide inputs in the final.

4.3. EuroSAT Tests

4.3.1. The Effect on using traditional features without CNN Models

In this test, | would like to test the effect of traditional features without using any CNN
model. In order to perform that, | have connected my features directly to the fully
connected neural network. The maximum accuracy is around 60% which is quite good

for using the system without power of CNN. The results can be seen on Figure 4.4.
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Figure 4.4 The accuracy graph of traditional inputs

using with fully connected NN.

4.3.2. The Effect on the SqueezeNet Model
In order to measure the performance of our proposed method, we first used the
SqueezeNet model as a base. | injected different traditional feature sets to the model and

input_2 input:

None, 32, 32, 3 None, 32, 32, 3
InputLayer | output: I¢ 1K 2

y

squeezenet | input:

(None, 32, 32, 3) | (None, 512)
Functional | output:

batch_normalization | input:

(None, 512) | (None, 512)

BatchNormalization | output:

Y

dense | input:

(None, 512) | (None, 10)

Dense | output:

Figure 4.5 The model summary of using SqueezeNet solution
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Figure 4.6 Accuracy graph comparison of SqueezeNet

tabulated the obtained results in Table 4.1. As can be seen in this table, the accuracy
improvement reaches 8.4% when all traditional features are injected to the SqueezeNet
model. This improvement comes with additional 350 parameters to be calculated as
traditional features. Hence, the increase in the memory size in case of space allocated
by model becomes 66KB.

Table 4.1 The effect of adding wide features to the SqueezeNet model.

Test Scenario Maximum Accuracy
SqueeszeNel (L6778
SqueeseMNel + GLOM lealures (.6656
SqueexeNel + color invariants (0.7056
SqueezeMNel + Hu momenls + Hols + LBP + sample mean (. 7405
SqueeseMNel + all traditional [eatures 0.7618

4.3.3. The Effect on the MobileNetV2 Model

| next used the MobileNetV2 model as the base to measure the performance of the
proposed method. As in the previous section, I injected different traditional feature sets
to the model. The tests are retried for EuroSAT and Plane, Ship datasets. The obtained
results in Table 4.2. As can be seen in this table, the accuracy improvement reaches
2.27% when all traditional features are injected to the MobileNetV2 model. This
improvement comes with additional 350 parameters to be calculated as traditional
features. Hence, the increase in the memory size in case of space allocated by model
becomes 40KB.
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Figure 4.7 Accuracy graph comparison of MobileNetV2

Table 4.2 The effect of adding wide features to the MobileNetV2 model.

Test Scenario Maximum Accuracy

MobileNelV2 0.6062
MobileNeiV2 4+ GLOM [ealures 0.6101
0.6160

MobileNel¥W2 + color invarianls
MobileNei¥W2 4+ Hu momenis + Ho(: + LBP + sample mean 0.6208

MobhileNeiV2 4 all extracied [ealures 0.6289

4.3.4. The Effect on the ShuffleNetV2 Model

Third, we used the ShuffleNetVV2 model as the base to measure the performance of the
proposed method. As in the previous section, we injected different traditional feature
sets to the model and tabulated the obtained results in Table 4.3. As can be seen in this
table, the accuracy improvement reaches 4.96% when all traditional features are injected
to the ShuffleNetV2 model. This improvement comes with additional 350 parameters to

be calculated as traditional features. Hence, the increase in the memory size in case of

space allocated by model becomes 100KB.
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Table 4.3 The effect of adding wide features to the ShuffleNetVV2 model.
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Figure 4.8 Accuracy graph comparison of ShuffleNet

Test Scenario Maximum Accuracy
ShullleNel V2 N.8502
ShullleNetV2 4+ GLCM f[eatures (.8623
ShullleNeiV2 + color invariants (.8862
ShullleNei¥V2 + u moments + Holz 4+ LBP 4+ sample mean (1.8971
ShullleNei¥W2 + all extraclted l[ealures 0.8998

4.3.5. The Effect on the VGG16 Model

Next, we used the VGG16 model as a base to measure the performance of our proposed
method. As in the previous section, we injected different traditional feature sets to the
model and tabulated the obtained results in Table 4.4. As can be seen in this table, the
accuracy improvement is only 0.0014% when all traditional features are injected to the
VGG16 model. This improvement comes with additional 350 parameters to be
calculated as traditional features. Hence, the increase in the memory size in case of space
allocated by model becomes 35KB.

Table 4.4 The effect of adding wide features to the VGG16 model.

Test Scenario Maximum Accuracy
VGGG 1.9091
VG116 + GLOM [ealures (1.8995
W16 + color invarianis (.9018
VG166 + Hu moments + Hols 4+ LBP + sample mean 0.9003
Wi3(316 + all extracted lealures 0.9105
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4.3.6. The Effect on the ResNet50V2 Model

Finally, we used the ResNet50V2 model as a base in order to measure the performance
of our proposed method. As in the previous section, we injected different traditional
feature sets to the model and tabulated the obtained results in Table 4.5. As can be seen
in this table, the accuracy improvement is only 0.0158% when all traditional features
are injected to the ResNet50V2 model. This improvement comes with additional 350

parameters to be calculated as traditional features.

Table 4.5 The effect of adding wide features to the ResNet50V2 model.

Teslt Scenario Maximum Accuracy
ResNel50WV2 Only (.6720
ResNeliOWV2 + GLOM (L6802
ResNeli0WV2 4+ Clolor Invarianis (.6826
ResNelti0V2 4+ Hu Momenis + Ho(: 4+ LEP + Mean Value 0.6804
ResNelti0W2 + All extracted Fealures 0.6878

Hence, the increase in the memory size in case of space allocated by model becomes
20KB.

4.4. Ship-Plane Dataset Results

4.4.1. The Effect on the MobileNetV2 Model

| have tested the MobileNetV2 model with the combined ship and plane dataset. So that
the output of the last neural network layer will have 3 elements ship, plane, or none. As
| used in EuroSAT tests, | have used transfer learning and the same fully connected
layers as before. The accuracy is increased up to 2% and the result can be seen on the
Figure 4.9.
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Figure 4.9 Ship & Plane Dataset 8 Accuracy graph

comparison of MobileNetV2

4.4.2. The Effect on the VGG16 Model
Next, the other test is based on VGG16. All steps are same with the MobileNetV2 test
version, and the results are negligible. Because | could not get important performance

difference on this model and results can be seen on Figure 4.10.
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Figure 4.10 Ship & Plane Dataset Accuracy graph
comparison of VGG16

45. Trees Dataset Results

As In scope of this thesis, the tree detection and classification take an important place
in this work. In this section | will summarize the tests and their results. As we are using
the same samples with EuroSAT in this section, | would like to test the only models
that’s accuracy increased by wide inputs. So that, SqueezeNet, ShuffleNetV2 and
MobileNetVV2 models are tested.
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4.5.1. The Effect on the SqueezeNet Model
When | tested my tree classification task in SqueezeNet model with the same
configuration before, | got 3% performance increase in total. The train accuracy graph

can be seen on Figure 4.11.
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Figure 4.11 Tree Dataset Accuracy graph
comparison of SqueezeNet

4.5.2. The Effect on the MobileNetV2 Model
When | tested my tree classification task in MobileNetV2 model with the same
configuration before, | could not see notable performance increase in total. The accuracy

graph can be seen on Figure 4.12.
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Figure 4.12 Tree Dataset Accuracy graph
comparison of MobileNetV2

4.5.3. The Effect on the ShuffleNetVV2 Model
When | tested my tree classification task in ShuffleNetV2 model with the same

configuration before, I could not see notable performance increase in total.
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4.5.4. The Effect on the ResNet50V2 Model

When | tested my tree classification task in ResNet50V2 model with the same
configuration before, | could not see notable performance increase in total. The train
accuracy graph comparison can be seen on Figure 4.13.
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Figure 4.13 Tree Dataset Accuracy graph
comparison of ResNet50V2

45.5. The Effect on the VGG16 Model

When | tested my tree classification task in VGG16 model with the same configuration
before, | could not see notable performance increase in total. Conversely, the added
features reduced the accuracy of the model. The train accuracy graph comparison can

be seen on Figure 4.14.
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Figure 4.14 Tree Dataset Accuracy graph
comparison of VGG16
4.6. Tree Classification Results

Owing to the EuroSAT and the Planes-Ships datasets, have proven the injecting
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traditional inputs solution has better effects in terms of accuracy especially in relatively
smaller models. In this section | would like to summarize the tree detection results by
giving examples. As we know, the EuroSAT dataset has the classes like forest, pasture
etc. that might cover the tree detection scenarios. As | experienced on previous test
cases, the SqueezeNet gave the best accuracy increase when I inject the wide inputs. In
Table 4.6 shows that the SqueezeNet model improved 13% in terms of precision in forest
detection.

Table 4.6 SqueezeNet Precision, Recall, F1 Score comparison with and without injecting the

wide inputs.
Model Name Precision Recall F1 Score
SqueezeNet 0.737752 0.893543 0.808208
SqueezeNet + Wide Inputs  0.862543 0.788069 0.823626

4.7. Overview of the Injection Performance

| can summarize all the experiments performed in the previous section as follows. When
the CNN model size is small, injecting traditional features may increase the accuracy
significantly as in the SqueezeNet, MobileNetV2, and ShuffleNetV2. Among these,
improvement in the SqueezeNet model reaches up to 8.4%. But the relationship between
the parameter numbers and accuracy improvement is not parallel. For example, although
MobileNetV2 has lower parameters than ShuffleNetV2, the ShuffleNetV2 performance
increase with traditional inputs are higher than the MobileNetV2. Due to the tests, we
have understood that the MobileNetV2 is working better while feeding with high
resolute images. So that there is an exception exist, while comparing the models on their
parameter complexity. The improvement precision, recall, f1 score table can be seen on
the Table 4.7. This is a significant improvement. To note here, added parameters to the
model (as injecting traditional features) have the size increase of 66KB. This addition
can be accepted when the accuracy improvement is considered. On the other hand, the
accuracy improvement in the complex models such as VGG16 and ResNet50V2 are
almost negligible. One main reason for this result is that these complex models extract
almost all information from the image due to the excessive parameter size. Hence,
injecting traditional features to such models increase accuracy marginally. | summarized
the accuracy improvements for the selected models in Figure 4.14. It means that, the
theory of figure further justifies our observations such that the accuracy of relatively
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simple CNN models can be improved significantly by injecting traditional features to

the model.

Table 4.7 SqueezeNet Precision, Recall, F1 Score comparison difference with and without
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Figure 4.15 Model size versus accuracy comparison for the

selected CNN models traditional feature injection

method.

injecting wide inputs.

EuroSAT Classes Precision Recall F1-score
Annual Crop 0,157496 -0,119933 -0,021414
Forest (Tree) 0,243933 -0,425829 -0,174638
Herbaceous Vegetation -0,226739 0,211966 -0,082757
Highway -0,087020 0,332661 0,051487
Industrial 0,156140 -0,044944 0,053856
Pasture 0,028343 0,083969 0,056015
Permanent Crop 0,064218 0,032258 0,043604
Residential 0,148629 -0,189280 -0,036911
River 0,192269 -0,236162 -0,070831
Sea Lake -0,075221 0,045608 -0,012304
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5. CONCLUSION

In this thesis, | presented an injecting traditional feature into the CNN model behavior
on land classification and performance effects. Also, | have shown that the proposed
method affects, especially in low-powered UAVSs. For testing the proposed model, using
the models such as MobileNetV2, VGG16, ShuffleNetV2, SqueezeNet, ResNet50V2
which are frequently used in the literature. | also include mean values, gray-level co-
occurrence matrices, Hu moments, local binary patterns, histogram-oriented gradients,
and color invariants from traditional computer vision feature extraction methods as
representing the to be concatenated part of the system. After these features are
concatenated into the model, the performance increase is observed distinctly in smaller
models.

| tested the proposed method on EuroSAT, Plane-Ship, and Tree datasets. EuroSAT tests
are 10 classes of land object classification tasks. Plane-Ship has 3 classes of
classification tasks. And the Tree dataset is based on binary classification. | compared
the classification results of the proposed system with CNN-based models. Extensive
testing shows that the proposed wide and deep learning method has significant
performance improvement dataset independent compared to selected CNN-based
models, especially in relatively smaller and less complex models. For example, the
performance increases of models such as SqueezeNet, MobileNetV2, ShuffleNetV2
were much higher than the other famous models such as ResNet, and VGG16, a
noticeable performance increase could not be observed in these models. The models
have a higher number of parameters and complexity. Since the deep layers are covering
and extracting many features based on image, manually feeding extracted traditional
features does not increase the model performance.

My experimental results show that it is possible to increase the performance which is
lost by using compressing or simplifying the models by adding traditional features in
the deep learning phase. Especially in devices with low storage, RAM, and processing
power such as embedded devices or mobile devices, the required performance increase
is achieved a lot with very little parameter increase. (350 parameters) This gives us an
idea that the proposed wide and deep learning-based land classification method may
offer opportunities to solve complex object classification tasks on remote sensing
images with higher accuracy.

In summary, land classification is taking an important place in the remote sensing field.

In this thesis, | introduced my proposed injecting traditional inputs to the CNN models
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that helps feature extraction steps and increases the final accuracy. | hope that the
performance increase obtained especially in models with low complexity will contribute

to the studies in the remote sensing field.
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