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ABSTRACT

Characteristic extraction from satellite images has steadily but progressively grown in
recent years. Numerous feature extraction techniques have been created as a result
of the increase. The loss of certain features is one of the many obstacles that must
be overcome while selecting the best path for feature extraction. Satellite images are
often composed of many objects crowdedly distributed on the surface, the description
of which usually demands more discriminative features as well as local semantics.
However, when applied to scene classification, most of the existing convolution
neural networks (ConvNets) tend to depict global semantics of images, and the loss
of low- and mid-level features can hardly be avoided, especially when the model
goes deeper. We suggest utilizing a convolutional neural network approach to tackle
these issues and extract attributes from satellite images supplied by an open source
dataset called MLRSNet. Images with labels explaining each image's characteristics
are displayed in the output. This makes it simpler to recognise and understand the

many components in satellite images.
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CHAPTER 1

INTRODUCTION

Over the years, the area of feature extraction has widened significantly. For this,
satellite images are frequently employed and significantly improve outcomes. There
are several items in images used for feature extraction, all of which must be precisely
recognised for effective outcomes. There are various techniques to make it simpler to
extract characteristics from an image for processing. Semantic scene classification is
one of the activities that helps with picture categorization and retrieval. There have
been researches [1] which sheds information on the process of extracting different
pictures using CNN from high resolution satellite photos. This work used several
datasets and powerful CNNs, which made it easier to see advancements over the

current method.

To extract the features, a big initial set of data should be split into smaller, more
manageable groups. As a result, processing will be simplified. The notion that these
large data sets encompass a wide range of diverse characteristics is their most
notable aspect. A huge amount of computing power is needed to manage these
variables. By selecting and merging variables into features, feature extraction assists
to substantially cut down the amount of data by extracting the critical qualities from all
those large data sets. These features properly and clearly portray the actual data set
while being simple to use.

Feature extraction is a process, in which, an initial set of the raw data is divided and
reduced to more manageable groups. So when you want to process it will be easier.
The most important characteristic of these large data sets is that they have a large
number of variables. These variables require a lot of computing resources to
process. So Feature extraction helps to get the best feature from those big data sets
by selecting and combining variables into features, thus, effectively reducing the
amount of data. These features are easy to process, but still able to describe the

actual data set with accuracy and originality.
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The technique of extracting the features is useful when you have a large data set and
need to reduce the number of resources without losing any important or relevant
information. Feature extraction helps to reduce the amount of redundant data from
the data set. In the end, the reduction of the data helps to build the model with less
machine effort and also increases the speed of learning and generalization steps in
the machine learning process.

Scene classification and Feature Extraction is one of the main tasks in aerial image
understanding. In this process, a semantic label is assigned to images collected from
remote locations. Scene classification is also known as image classification when it
comes to remote sensing datasets, and these two expressions are equally used
throughout our paper. Remote sensing classification has found its usage in many
areas: battlefields, traffic control, and disaster observation. Remote sensing images
are a composition of scene information and contain an enormous feature space
describing the texture. Scene composition of remote sensing images are often
compound, and because of this, it might be challenging to get the semantic label right
from the image data. This is the reason for developing humerous scene classification
techniques. In general, they can belong to one of the following categories: methods
that utilize low-level image features, methods using mid-level image representation,

and methods using high-level image features.
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CHAPTER 2
LITERATURE SURVEY

A literature review is the identification and examining of the existing research work in
the chosen field to gain valuable information [1]. Literature review was performed to
understand the existing learning algorithms and to choose the suitable method for
image classification. When conducting research, a literature review is an essential
part of the project because it covers all previous research done on the relative
problem statements and sets the platform on which the current research is based. As
the study was made to compare algorithms, the literature review was performed to
identify the most efficient algorithm of each kind. The algorithms identified were

further used in experimentation.

2.1 INFERENCES FROM LITREATURE SURVEY

The literature relevant to the current study was studied to gain a better understanding
of the current state of the field. The findings of this preliminary study are described in

this section.

Remote Sensing [2] is a technique introduced in the early 1960s for data analysis
and interpretation. Remote sensing classification has found its usage in many areas:
battlefields, traffic control, and disaster observation [3,4]. Remote sensing images are
a composition of scene information and contain an enormous feature space
describing the texture. Remote sensing collects a huge amount of satellite data.
Satellite remote sensing imagery covers a large geographical area with high temporal
frequency as compared to other imagery. Interpretation of satellite images helps in a
variety of applications such as environmental conservation and management, water
bodies research, environmental study after natural disasters, soil quality studies,
deriving land use and land cover information, meteorology simulations and

preventing natural disasters, studying climatic change evolution.
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Different techniques are used for data extraction from remote sensing images.
Satellite image classification groups together the pixels of the image into several
different defined classes[5]. The classification helps in extracting the information
contained in different bands of the satellite sensor and the information is extracted in

terms of digital numbers which are then converted to a category.

S. Muhammad et al.,, [6] proposed a Supervised Satellite Image Classification
method using the Decision Tree Technique. This method extracts features from
satellite images based on pixel intensity and color. The method classifies satellite
images using a decision tree with the support of identified objects.

In the paper, "Very High-Resolution Satellite Image Classification Using Fuzzy Rule-
Based Systems”, J. Shabnam et al. [7] introduced a Supervised Satellite Image
Classification method to classify very high-resolution satellite images into specific
classes using fuzzy logic. This method classifies satellite images into five major
classes: shadow, vegetation, road, building, and bare land. It uses image
segmentation and fuzzy techniques for satellite image classification. It applies 2
levels of segmentation- first level segmentation identifies and classifies shadow,
vegetation, and road and the second level regions. Fuzzy techniques are used to

improve the classification accuracy at the borders of objects.

A fast and automatic approach to detect objects in images of large size is proposed
in “Hybrid approach of video indexing and machine learning for rapid indexing and
highly precise object recognition” [8]. Experimentations were performed supported by
some calculations to show that the proposed technique provides faster recognition. A
similar attempt was made in “Object recognition on satellite images with biologically-
inspired computational approaches” [9] as well to improve the accuracy of object
detection in complex satellite images. This solution attempted to mimic the human

vision system to improve accuracy of detection.

In “Ship detection and recognition in high-resolution satellite images” [10] a GIS-
based application is used to detect ships in high resolution satellite images. This is
very useful in monitoring maritime activities. In “Aircraft type recognition in satellite

images” [11], the task of identifying type of aircraft in satellite imagery was done with
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hierarchical recognition methods. By experimentally comparing different approaches,
a superior method was recommended at the end. The identification of vehicles in
satellite images was performed in “Classification-based vehicle detection in
high resolution satellite images” [12]. This was done using segmentation method
followed by classification. The usage of support vector machine for classification in
satellite images was discussed majorly in “Active learning with support vector
machines in remotely sensed image classification” [13]. After several experiments it

was shown that this algorithm can be faster and more accurate using active learning.

According to reference “A sea-land segmentation algorithm based on Gray
Smoothness Ratio” [14], in place of satellite images, infra-red images were used and
a sea-land segmentation algorithm was proposed. Grayness and texture of surface
were studied to arrive at a Gray Smoothening Ratio as a feature descriptor, around
which an algorithm was developed to classify and segment the images into sea and
land. In addition to this, this algorithm also had a function to fill gaps that arise due to

natural conditions such as fog or cloudy weather.

In “Circular object recognition from satellite images” [15], the authors implemented a
machine learning technique using Adaboost. The primary point of study in this paper,
was to separate circular structured things in satellite images. Adaboost, an ensemble
of various machine learning classification algorithms to provide a superior classifier,
and Haar, a series of statistical feature descriptors were primarily used to implement
the tool. Adaboost was trained iteratively and Haar descriptors were directly
implemented over the gray-level images so as to avoid segmentation. The final parts
of the project used a cascade of Adaboost classifiers so as to avoid re-detection at

the various scales of the image. The end result is a segregated set of images.

In the paper "Spatial technique for Image Classification" [16] Selim proposed a
classification method using the Bayesian technique. This method uses spatial
information for the classification of high-resolution satellite images. It performs
classification in two phases. Phase 1: spectral and textural features are extracted for
each pixel to train Bayesian classifiers with discrete nonparametric density models.
Phase 2: iterative split-and-merge algorithm is used to convert the pixel-level

classification maps into contiguous regions.
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"Comparison of Four Classification Methods to Extract Land Use and Land Cover
from Raw Satellite Images for Some Remote Arid Areas, Kingdom of Saudi Arabia"
[17] on ISODATA technique is the most common unsupervised satellite classification
method. It creates a predefined number of unlabeled clusters/classes in a satellite
image. Later on meaningful labels are assigned to the clusters. ISODATA
parameters need several parameters that control the number of clusters and

iterations to be run.

In “Comparing sift descriptors and Gabor texture features for classification of remote
sensed imagery” [18], the authors used the IKONOS dataset to compare SIFT and
Gabor texture features. In reference “Evaluating the potential of texture and color
descriptors for remote sensing image retrieval and classification” [19], authors
compare various colors and texture descriptors such as color histograms and local
binary pattern (LBP) [20] descriptors. Authors of “Indexing of remote sensing images
with different resolutions by multiple features” [21] use six various types of
descriptors namely: SIFT, radiometric features, Grey Level Co-Occurrence Matrix
(GLCM), Gaussian wavelet features [22], shape features [23], and Gabor filters, and
made a combination of them in compound-feature figures with different spatial

resolutions for remote sensing.

In “Land-use scene classification using multi-scale completed local binary patterns”
[24], the authors proposed completed local binary patterns with multi-scales (MS-
CLBP) for remote sensing image classification, and obtained cutting-edge results
compared to other low-level methods. Another approach is to apply a sparse coding
method as discussed in “High-resolution satellite scene classification using a sparse
coding-based multiple feature combination” [25] where structural, spectral, and
textural features are extracted and encoded. The state-of-the-art performance can be
achieved by performing dimensionality reduction with Principal Component Analysis
(PCA) algorithm, before concatenating multi-features, or with methods such as the
Improved Fisher Vector (IFK) [26] and Vectors of Locally Aggregated Tensors (VLAT)
[27]. The methods mentioned above do not incorporate the spatial distribution of

visual words, which, according to some authors, is important.
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CIELab color moments [28] are used with Latent Dirichlet Allocation (LDA) [29] and in
‘Land-use scene classification using multi-scale completed local binary patterns”
[30]. GLCM [31] and edge orientation histogram (EOH) [32] are other ways of
extracting different information in the LDA model. The probabilistic Latent Semantic
Analysis (pLSA) technique [33] is adopted in “Scene classification based on multi-
feature probabilistic latent semantic analysis for high spatial resolution remote

sensing images” [34].

Support Vector Machine (SVM) [35] is a non-parametric unsupervised statistical
classification method. It can be used to extract land maps. But, this method works on
the assumption that there is no information on how to distribute the overall data. At
the same time, SVM reduces satellite classification cost, increases speed, and
improves accuracy. Maximum method is a supervised statistical approach for
recognizing the patterns. It allocates pixels to appropriate classes based on the

probability values of the pixels [36].

Global features are extracted by Nogueira et al. [37] from the CNN models, and they
are fed to a classifier. This method has shown the effectiveness of transfer learning
from object classification models. In all of these examples, the global or local
extracted feature representations were acquired from CNNs that were pre-trained on
datasets with natural images. Those features were utilized for the classification of

remote sensing images.

The study in “Delving into deep representations for remote sensing image retrieval”
[38] focuses on retrieving various images from high resolution satellite images using
CNN technique. Multiple datasets were used in this study with strong CNNs to
observe strong improvements over existing approach. “Surface object recognition
with CNN and SVM in Landsat 8 images” [39] uses large set of image data to
perform surface object recognition. Two methods based on CNN and SVM are
proposed and compared. In the performed experiments, it is found that CNN had
better performance. In [40], isolated airstrips are identified from satellite images using
SVM method after preprocessing the images. The algorithm performed quite well

providing an accuracy of about 94%. It was able to identify airstrips among other
16



common linear objects like roads, canals, etc.

In general, scene classification techniques can belong to one of the following
categories: methods that utilize low-level image features, methods using mid-level
image representation, and methods using high-level image features. With methods
using low-level visual features, aerial scenes are classified from low-level visual
descriptors: spectral, textural, structural, and so on. The local fluctuation of structures
in remote sensing images is modeled by Scale Invariant Feature Transform (SIFT)

[41] as a local structure descriptor.

The mid-level visual representation methods are another group of methods used for
scene representation, which attempt to represent scenes with the statistical
representation of high-degree locally extracted image features. They first perform
local image feature extraction from local patches, using descriptors such as color
histograms or SIFT. Then these features are encoded for composing a mid-level
representation for remote sensing images. A commonly used mid-level method is
bag-of-visual-words (BoVW) [42].

The third group of techniques for image classification relay on high-level vision
information. There are a lot of computer vision assignments that can be successfully
solved using deep learning methods: image classification, object recognition, and
image retrieval. Compared to the other methods, high-level methods can obtain more
abstract and discriminative semantic representations, which results in the
achievement of better classification performance. Feature extraction with
convolutional neural networks (CNNs), pre-trained on massive datasets [43],
accomplishes great performance for aerial scene classification. There are many
freely available pre-trained deep CNN architectures: ResNet, DenseNet, Inception,

Xception, and so on.

Contrary to the deep learning methods described above, an alternative is to optimize
CNN from scratch, i.e., from randomly set parameter values. However, as discussed
in [40], using the UC-Merced dataset [21] and the WHU-RS19 dataset [41] for full
training of CNNs like CaffeNet [42] or GoogLeNet [43] shows poor classification
performance. The reason for this poor performance and poor generalization is that

17



large CNN architectures have a huge number of parameters, and model training from
aerial scene datasets with up to thousands of images inevitably gets stuck in the
local minima. However, training CNNs from scratch using larger datasets, such as
AID [44] and NWPU-RESISC45 [45], has shown good results many a times.

2.2 OPEN PROBLEMS IN EXISTING SYSTEM

When applied to scene classification, most of the existing convolution neural
networks tend to depict global semantics of images, and the loss of low- and mid-

level features can hardly be avoided, especially when the model goes deeper.

For the feature extraction procedure, several different strategies have been
suggested. Automatic object identification is one common method for extracting
features, however it still has several flaws. Automatic line identification systems are
challenging to build due to the complexity of remotely sensed images. Consequently,
a variety of statistical methods have been widely used to classify data on land use or
land cover. Researchers' attention has switched to cutting-edge, dependable
categorization methods like Artificial Neural Networks as satellite sensors have been

created.

However, current CNNs tend to preserve global semantics since objects are more
concentrated and have a more stable context relationship in natural image scenes.
For aerial scenes, focusing on the global semantics may lead to the incapability of
discerning discriminative features in a scene and the weakening of scene

representation ability.

To tackle these challenges, we propose use of Res-Net for feature extraction. It
regards aerial scene classification as a multiple-instance learning problem so that

local semantics can be further investigated.
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CHAPTER 3

REQUIREMENT ANALYSIS

3.1 FEASIBILITY STUDIES/RISK ANALYSIS OF THE PROJECT

There are several challenges in image processing, which are concerned with its deep
learning for machines. The image processing algorithms may be modeled on
multidimensional systems. The noises and inconsistencies are eliminated using a
wider range of algorithms. The factors play a key role in refining and preparing some
insightful models or patterns, which are tested, validated, and refined to turn into
machine learning. But, there are many image processing issues out of which few are

as follows:

Image segmentation

It is all about breaking down a digital picture into various subsets. These groups are
known as image segments, which simplifies processing. The problem begins to
appear when it is segmented. For a human mind, it's not difficult because it can
instinctively extract object information. Making a machine behave or act like our brain
is a challenge. The machines or devices must be able to see and understand images

as we do.

Image classification

It refers to associating one label or more labels to a given image. Classification is not
easy. There are several roadblocks that may interfere when you classify them.
Assigning the label to an image can have challenges related to variations. These can
be like Scale Variation, View-Point Variation, Illumination, Object Detection, Object

Localization.
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Multiple Aspect Ratios and Spatial Sizes

The object may vary in size and ratio. Therefore, the detection algorithms find it
tough to deal with these different scales and views. Issues like Intra-Class Variation,

Viewpoint Variation, Occlusion, Deformation, Limited Data, Background Clutter.

Image Enhancement

This process really needs an intense focus on important features of an image. It is all
because the image requires more brightness, or clear elements to appear as in X-ray
films. In aerial photos, the edges or lines require sharpening for a crystal clear view

of buildings or other objects.

Deep learning and computer vision can help in image recognition & then in its
enhancement. This phase is extremely difficult to come across. It involves the image
processing problem statement in recognition and seeing them through the computer

vision.

3.2 SOFTWARE REQUIREMENTS SPECIFICATION DOCUMENT

HARDWARE CONFIGURATION

Processor : Processor Intel CORE i3 and above

Internet Connection :  Existing telephone lines, Data card, Fiber net
RAM : minimum 4GB

Hard disk . 100 GB

SOFTWARE CONFIGURATION

Operating System :  Windows, Mac

Language . Python 3.8.5

GUI . Spyder(Anaconda3)

Libraries Used . Pandas, numpy, tensorflow, seaborn, csv, matplotlib

20



CHAPTER 4

DESCRIPTION OF PROPOSED SYSTEM

This system uses Res-Net50 for feature extraction from satellite images. It will use a
multiple instance densely-connected convolutional neural network for aerial scene
classification. It is an end-to-end solution under the direct supervision of scene labels.

Moreover, it has much fewer parameters compared with current CNN models.

We conduct more experiments on benchmarks to demonstrate the effectiveness of
our proposed method, and we present a more detailed experiment analysis and in-

depth discussion to thoroughly evaluate our proposed method.

With more training samples, the advantages of deep learning based methods become
more obvious when compared to the middle and low level feature based methods and
the overall accuracy becomes much more promising. Although spatial pyramid
pooling is an effective strategy for many ground image task, it mainly utilizes the
multiscale information in an image while the effort to focus on relevant local

semantics is limited.

4.1 SELECTED METHODOLOGY OR PROCESS MODEL

The process's initial stage is to collect the dataset. In this case, we employed the
MLRSNet dataset, a remote sensing dataset with a focus on visualization. The
MLRSNet comprises 46 categories and 109,161 samples in total. The pictures size is
256 by 256 and have a spatial resolution of 10—-0.1 m. The photographs are then
scaled, cropped, and brightness and contrast modifications are applied as part of

data augmentation. The photos were then labelled and placed into specified classes.

Following the preparation of the dataset, installation of required packages is done to
import certain libraries which will be utilized to execute the process. After this setting
up the path for the dataset has to be done in order to access the images for training
and testing. There are two types of imagery spectral content provided. The 3-band

images are the traditional RGB natural color images. The 16-band images contain
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spectral information by capturing wider wavelength channels. Every object class is
described in the form of Polygons and MultiPolygons, which are simply a list of
polygons. In this dataset there are a set of geo-coordinates that are in the range of x
=[0,1] and y = [-1,0]. These coordinates are transformed such that we obscure the
location of where the satellite images are taken from. To utilize these images, the grid
coordinates of each image were provided with which performed scaling and aligned
them with the images in pixels. The Xmax and Ymin for each image is required to do
the scaling. Astype() command in adjust_contrast function returns a new DataFrame
where the data types has been changed to the specified type. It is a Python library to
store numpy arrays in Tagged Image File Format files, and read image and metadata
from Tagged Image File Format like files. Training is carried out using RESNET50 in
batches of 40. Resnet50 has over 23 million parameters and Keras package was
used for the model. After that comes the testing step, where 180 x 180 photos are
tested in a single batch. Followed by processing of images, we do the plotting of
polygons for images and then compare it with original images. While comparing we
increase the figure size and plot multipolygons which plot red lines to show the
features. Then the image is displayed along with its id. Following this, the class labels
iIs put in dictionary as key value pair. After this we plot the polygon class vise
separately, where we get the polygon coordinates and plot it. Further, we create
heatmaps to understand the frequency of classes vs the images. A bar graph is also

created to show the areas of the objects in an image.

Scene classification

The loss of middle and low-level features can hardly be avoided when training current
CNN models such as VGG-Net. Although shallower features are not that important
when compared with semantic features for scene classification, adding these features
are beneficial to the extraction of more discriminative features and the boost of scene
classification performance. But some recent approaches to preserve shallower
features are not end-to-end solutions and are not easy to adjust to different tasks and

datasets.
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Convolutional neural network

We further propose a more advanced multiple instance densely-connected
convolutional neural network for aerial scene classification. The framework is an end-
to-end solution under the direct supervision of scene labels. Moreover, it has much
fewer parameters compared with current CNN models.

Among these deep learning methods, convolutional neural networks are widely
utilized. The effectiveness can be explained by the end-to-end framework and multi-
stage feature extraction architecture. Compared with traditional hand-crafted features,
features from deep learning methods are more discriminative and are stronger at

semantic representation.

Res-Net

A residual neural network (ResNet) is an artificial neural network (ANN). It is a
gateless or open-gated variant of the HighwayNet, the first working very deep
feedforward neural network with hundreds of layers, much deeper than previous

neural networks.

In order to solve the problem of the vanishing/exploding gradient, this architecture
introduced the concept called Residual Blocks. In this network, we use a technique
called skip connections. The skip connection connects activations of a layer to
further layers by skipping some layers in between. This forms a residual block.

Resnets are made by stacking these residual blocks together.

The approach behind this network is instead of layers learning the underlying
mapping, we allow the network to fit the residual mapping. So, instead of say H(x),
initial mapping, let the network fit as shown in equation 4.1.

Equation 4.1: F(x) := H(X) — x which gives H(x) := F(x) + x.

Skipping effectively simplifies the network, using fewer layers in the initial training

stages. This speeds learning by reducing the impact of vanishing gradients, as there
are fewer layers to propagate through. The network then gradually restores the
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skipped layers as it learns the feature space. Towards the end of training, when all
layers are expanded, it stays closer to the manifold and thus learns faster. A neural
network without residual parts explores more of the feature space. This makes it
more vulnerable to perturbations that cause it to leave the manifold, and necessitates

extra training data to recover.

4.2 ARCHITECTURE OF PROPOSED SYSTEM

Remote Sensing Images Image Pre-Processing

Image Resize Data Augmentation

Classification Dimensionality ResNet50
Reduction

Y

Feature
Extraction

Convolutional Neural Network

Classified Images

Fig 4.1 System Architecture

Figure 4.1 depicts the flow of the suggested methodology. The procedure starts with
satellite pictures that go through image scaling and data augmentation during pre-
processing. Data augmentation includes translating certain images to create more
data from existing data. The phase of preprocessing improves quality of data and
enhances performance which assists in an efficient training and further processes.
Convolutional neural network, which contains four stages, is the next step. The first
step is to use the Res-Net architecture to extract the image's features. The next step
is dimensionality reduction, which lowers complexity. For reducing the dimensionality,
we have used the principal component analysis which helps in preserving most of the
information. The classification is then completed using the characteristics that were

extracted. The system's output are the photos that have been categorized.
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4.3 DESCRIPTION OF SOFTWARE FOR IMPLEMENTATION AND TESTING PLAN
OF THE PROPOSED MODEL/SYSTEM

To implement this model, execution of program is done through Spyder. Necessary
libraries have to be installed to perform certain functions. The dataset path has to be
set in order to get the images for resizing and training. Then the functions are

executed to alter images which helps in highlighting the features in an image.

DESCRIPTION OF DATASET

MLRSNet Dataset:

MLRSNet is composed of 109,161 labeled RGB images from all around the world
annotated into broad categories: residential area, desert, forest, intersection, lake,
river, trees, tracks. The number of sample images varies greatly with different broad
categories, from 1500 to 3000. Additionally, each image in the dataset is assigned
several of 60 predefined class labels, and the number of labels associated with each
image varies between 1 and 13. Besides, MLRSNet has multi-resolutions: the pixel
resolution changes from about 10 m to 0.1 m, and the size of each multi-label image
is fixed to 256 x 256 pixels to cover a scene with various resolutions. MLRSNet has a
more significantly large variability in terms of geographic origins and number of object
categories. Different from ImageNet (Deng et al., 2009), which collects the data of

outdoor objects from ground-level views, MLRSNet describes the objects on Earth

from an overhead perspective through satellite or aerial sensors.

Fig 4.2 Images from MLRSNet dataset
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DESCRIPTION OF PROGRAMMING LANGUAGES AND GUI

Python is a high-level, general-purpose and a very popular programming language.
Python programming language (latest Python 3) is being used in web development,
Machine Learning applications, along with all cutting edge technology in Software

Industry.

Anaconda Navigator is a desktop graphical user interface (GUI) included in Anaconda
distribution that allows you to launch applications and easily manage conda
packages, environments, and channels without using command-line commands.
Navigator can search for packages on Anaconda.org or in a local Anaconda

Repository.

Spyder is an open-source cross-platform integrated development environment (IDE)
for scientific programming in the Python language. Spyder integrates with a number
of prominent packages in the scientific Python stack, including NumPy, SciPy,
Matplotlib, pandas, as well as other open-source software. Spyder includes support
for interactive tools for data inspection and embeds Python-specific code quality
assurance and introspection instruments. It is available cross-platform through

Anaconda, on Windows, on macOS through MacPorts.

DESCRIPTION OF LIBRARIES USED

NumPy, which stands for Numerical Python, is a library consisting of multidimensional
array objects and a collection of routines for processing those arrays. Using NumPYy,
mathematical and logical operations on arrays can be performed. NumPy provides a
convenient and efficient way to handle the vast amount of data. NumPy is also very
convenient with Matrix multiplication and data reshaping. NumPy is fast which makes

it reasonable to work with a large set of data.

TensorFlow is a Python library for fast numerical computing created and released by
Google. It is a foundation library that can be used to create Deep Learning models
directly or by using wrapper libraries that simplify the process built on top

of TensorFlow. Unlike other numerical libraries intended for use in Deep Learning like
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Theano, TensorFlow was designed for use both in research and development and in
production systems.

Keras is an open-source high-level Neural Network library, which is written in Python
is capable enough to run on Theano, TensorFlow, or CNTK. It is made user-friendly,
extensible, and modular for facilitating faster experimentation with deep neural
networks. It not only supports Convolutional Networks and Recurrent Networks

individually but also their combination.

Pandas is an open-source library that is made mainly for working with relational or
labeled data both easily and intuitively. It provides various data structures and
operations for manipulating numerical data and time series. Pandas is fast and it has

high performance & productivity for users.

Matplotlib is a python library used to create 2D graphs and plots by using python
scripts. It has a module named pyplot which makes things easy for plotting by
providing feature to control line styles, font properties, formatting axes etc. It supports
a very wide variety of graphs and plots namely - histogram, bar charts, power
spectra, error charts etc. It is used along with NumPy to provide an environment that
is an effective open source alternative for MatLab. It can also be used with graphics
toolkits like PyQt and wxPython.

OpenCV is a Python open-source library, which is used for computer vision in
Artificial intelligence, Machine Learning, face recognition, etc. In OpenCV, the CV is
an abbreviation form of a computer vision, which is defined as a field of study that
helps computers to understand the content of the digital images such as photographs
and videos. The purpose of computer vision is to understand the content of the
images. It extracts the description from the pictures, which may be an object, a text
description, and three-dimension model, and so on. For example, cars can be
facilitated with computer vision, which will be able to identify and different objects
around the road, such as traffic lights, pedestrians, traffic signs, and so on, and acts
accordingly.
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Seaborn is an amazing visualization library for statistical graphics plotting in Python. It
provides beautiful default styles and color palettes to make statistical plots more
attractive. It is built on the top of matplotlib library and also closely integrated to the
data structures from pandas. Seaborn aims to make visualization the central part of
exploring and understanding data. It provides dataset-oriented APIs, so that we can
switch between different visual representations for same variables for better

understanding of dataset.

4.4 PROJECT MANAGEMENT PLAN

MONTH PROGRESS
December 2022 Training the data and implementing the
algorithm.
January 2023 Performing dimensionality reduction.
February 2023 Classification and getting results.
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CHAPTER 5

IMPLEMENTATION DETAILS

5.1 DEVELOPMENT AND DEPLOYMENT SETUP

The implementation of the project included setting up the environment to execute it.
Installation of Anaconda3 was carried out to utilize Spyder where the program code
will be executed. Necessary packages such as numpy, pandas, seaborn were
installed for efficient execution of code. All the images were downloaded and saved in
a location on the computer to import them for training. The images were also

classified with labels to ensure testing of the system was effective.

5.2 ALGORITHMS

HEX To RGB Conversion

1. Get the 2 left digits of the hex color code and convert to decimal value to get the
red color level.

2. Get the 2 middle digits of the hex color code and convert to decimal value to get
the green color level.

3. Get the 2 right digits of the hex color code and convert to decimal value to get
the blue color level.

MinMaxScaler

Transform features by scaling each feature to a given range.
The transformation is given by:

X_std = (X = X.min(axis=0))/(X.max(axis=0) — X.min(axis=0))
X_scaled = X_std * (max — min) + min

Where min, max = feature_range
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RESNET50 Architecture:

Residual Networks, train residual functions with regard to the layer inputs rather than
learning unsourced functions. Rather than expecting each layer in a stack to exactly
match the desired underlying mapping, residual nets allow these layers to fit a
residual mapping. Remaining blocks are stacked one over the other to build
networks; a ResNet50 employs these blocks to have fifty layers (48 convolutional
layers, one average pool layer and one MaxPool layer). Residual neural networks
(RNNSs) are atrtificial neural networks (ANNs) which construct networks using residual

blocks.

The ResNet50 architecture abides by two key design principles. First, there are the
same number of filters in each layer regardless of size if the output feature map.
Second, although though size of the feature map is reduced by half, it contains twice

as many filters in order to maintain the temporal complexity of each layer.

Issues about the overall time needed to train the layers concluded to the decision of
redesigning the building block in this case as a bottleneck. This used a stack of three
layers in place of the previous two levels. Each of the two-layer blocks in Resnet34
was converted into a three-layer bottleneck block to form the Resnet 50 architecture.

This is far more accurate than the 34-layer ResNet model..

ResNet trains on F whereas every other algorithm learns from the result "Y" (X).
Another way to say it is that ResNet aims to make F(X)=0 such that Y=X. Some
model levels are skipped by a direct link known as a skip connection. The output
differs as a result of this skip link. In the absence of a skip connection, input 'X is
multiplied by the weights of the layer before the bias term has been introduced. It is
followed by activation function n, F(), and its output can be seen in equation 5.1.
Equation 5.1: F(w*x + b)) (=F(X))

The output with use of skip connection technique, is shown in equation 5.2.
Equation 5.2: F(X)+x
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In ResNet-50, there are two different types of blocks: Identity Blocks and
Convolutional Blocks. When input size equals output size, the value "X" is added to
the output layer. In the event that the case is different, a convolutional block is added

to the shortcut path to equalise the input and output sizes.

Convolutional Neural Networks:

In this, Convolutional Neural Networks(CNN) algorithm was used. The Convolutional
Neural Network is just a technique under deep learning that has the ability to take in
an input image, discriminate between various items and components in the image,
and allocate different objects and elements in the image importance. A CNN needs a
lot less pre-processing than different categorization techniques. While filters in simple
approaches are hand-engineered, CNN has the ability to learn these filters' qualities.
It is CNN's responsibility to streamline the graphics without sacrificing any of the
information that is necessary for making precise forecasts. This is critical for creating
a design that is constructive at learning features while also being scalable to large

datasets.

The convolution operation's main goal is to obtain high-level information from the
input image, like edges. CNN does not have to employ just one convolutional layer.
Typically, the first ConvLayer collects low-level properties such as edges, colour, and
gradation direction. Even as number of layers rises, the architecture adjusts to the
High-Level characteristics, resulting in a network that encompasses the dataset's

images holistically in a way similar to what we do.

Like the Convolutional Layer, the Pooling layer is responsible for decreasing the size
of the Convolved Feature. The aggregate of resources required to process the data
will be subsided by dimensionality reduction. Apart from this, it facilitates appropriate
model training by obtaining dominant traits which are rotational and positional

invariant.

The i-th layer of a CNN is made up of the convolutional layer as well as the pooling

layer. Depending on how complex the images are, the layer count may be increased

31



to concentrate on an even finer details, but this will require more processing
resources. Max Pooling and Average Pooling are two types of pooling. Max Pooling
returns the greatest value from region of the image covered by the Kernel. Average
pooling, on the other hand, delivers the mean of all of the values from portion of the
image encompassed by the Kernel. Max Pooling additionally acts as a noise
reduction. It accomplishes de-noising along with dimensionality reduction in addition
to thoroughly removing noisy activations. After working through method mentioned
above, we were capable of assisting the model in understanding the properties. After
that, the output will be flattened for classification before even being loaded into a

conventional neural network.

5.3 TESTING

The testing phase included images being processed to get the features highlighted
and respective labels given as output. Certain images which included trees and roads
were given as input and after the execution the output was derived. The images could
be seen with highlighted parts which had trees or roads. Along with the images the

respective labels were also mentioned.
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CHAPTER 6

RESULTS AND DISCUSSION

The results are displayed in the photos below, which highlight the characteristics that
were taken out of each image. Along with the highlighted elements, the label that
explains the scenario in the photograph is also displayed. The accuracy achieved by
this methodology is 92%. Additionally, performance was evaluated for the CNN
algorithm used which resulted in an accuracy of 87%. In Figure 6.1 buildings and
roads are highlighted. The buildings demonstrate the region's dense population.
Additionally, figure 6.2 illustrates the roadways that link the area's many locations
which demonstrates how well connected it is and the sparse distribution of trees in
the area. In figure 6.3, we can see all features highlighted in the image, it shows the
tracks, trees and buildings are extracted. The frequency of each class that is any
feature is depicted in figure 6.4 through bar graph. The area that each category such
as trees or roads takes up in a picture is depicted in figure 6.5. Overall, this model

facilitates the visual analysis of images and the comprehension of their aspects.

Class Label :- Road

S

et

Fig 6.1 Buildings and roads highlighted in the images.
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Class Label :- Trees Class Label :- Track

el

Fig 6.2 Trees and tracks highlighted in the images.

Image 612070

Fig 6.3 Image Before and After Feature Extraction
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CHAPTER 7

CONCLUSION

The MLRSNet is a dataset with high resolution images which enables deep learning
to understand semantic scene interpretation, at least from an overhead perspective.
Hierarchy, scalability, diversity, and multi-label are the characteristics that distinguish
MLRSNet. Images with labels identifying the category to which they belong are
extracted. Each image's particular traits are accentuated to make them stand out.
These results assist in examining the visuals from a fresh angle, which may further
aid in effective comprehension. The pictures make good use of the characteristics

that were retrieved, making it easier to analyze a satellite image.

7.1 FUTURE WORK

This model can be further developed in future to gain more accuracy and also expand
its working on larger satellite images. Larger images will require more intensive
training and the algorithm will have to be modified to work with it. Training the system

to extract multiple features from an image can be obtained.

The proposed technique for remote sensing image classification can be further
explored with extracting features from lower layers of pre-trained deep CNN. In
addition to this, stratification can also have an impact on the classification accuracy of
the researched technigue. So, to boost the accuracy and to come closer to the best
classification practices, the spilt of the training/testing dataset should be stratified. All
gathered knowledge and experience could be checked on other remote sensing
datasets, not necessarily publicly available, preferably small scale, because the
proposed classification method gives good results with a small portion of the training

set.
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7.2 RESEARCH ISSUES

Feature extraction process is not an easy task to implement and hence there were
few challenges faced while researching on the project. Obtaining the right images
which could be translated to a particular size for processing was difficult. The images
had to be of good clarity for the machine to be able to interpret the feature in an

image and train accordingly.

7.3 IMPLEMENTATION ISSUES

The implementation process gave rise to certain issues which had to resolved to get
an efficient result with more accuracy. The images had to be cropped and had to be
adjusted to improve the clarity. While implementing the algorithm certain functions
could not be executed without the right library and hence the libraries used had to be

investigated in detail.
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APPENDIX

A. CODE
Packages Installations:

Ipip install opencv-python
Ipip3 install tensorflow==2.2
Ipip3 install keras==2.3.1

Importing Packages and Dataset:

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import cv2

import datetime

import seaborn as sns

import os

import tifffile as tiff

wkt_df = pd.read_csv('train_wkt_v4/train_wkt_v4.csv’)
len(wkt_df['Imageld].unique()) #Unique Images
wkt_df[wkt_df['MultipolygonWKT'] I= 'MULTIPOLYGON
EMPTY']['ClassType'.value_counts()\.plot.bar(title = 'frequency of class lable in
images")

plt.xlabel('class label’)

plt.ylabel(‘frequency’)

plt.show()

from shapely import wkt, affinity
from shapely.wkt import loads

import warnings
warnings.filterwarnings(‘ignore’)

Resizing and processing of Images:
# 3-Band images

def stretch2(band, lower_percent=2, higher_percent=98):
a = 0 #np.min(band)
b =255 #np.max(band)
c = np.percentile(band, lower_percent)
d = np.percentile(band, higher_percent)
out=a+(band-c)*(b-a)/(d-c)
out[out<a] = a
outfout>b] =b
return out

def adjust_contrast(x):
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for i in range(3):
X[:,:,i] = stretch2(X][:,:,i])
return x.astype(np.uint8)

def display_img(ImagelD):
#Read 3-band image
rgbfile=o0s.path.join( 'three_band', '{}.tif'.format(ImagelD))
rgb = tiff.imread(rgbfile)
rgb = np.rollaxis(rgb, 0, 3)

X = adjust_contrast(rgb).copy()
ax[1].imshow(x,extent=[0, 0.0092, -0.009, 0])
pol = loads(wkt_df['MultipolygonWKT'][11]) #storing one multipoligon in pol
wkt_df['Multipolygons’] = wkt_df.apply(lambda a: loads(a.MultipolygonWKT),
axis=1)
wkt_df['Num_Multipolygons']=wkt_df.apply(lambda a: len(a['Multipolygons'].geoms),
axis=1) #https://stackoverflow.com/questions/38930192/how-to-extract-polygons-
from-multipolygons-in-shapely
objects_per_image = wkt_df.pivot(index="ClassType', columns='Imageld’,
values='Num_Multipolygons')

Plotting Polygons for images and Comparing with original images:

c=0
for img_id in wkt_df['Imageld’].unique():
df = wkt_dffwkt_df['Imageld]==img_.id]
fig, ax = plt.subplots(1, 2,figsize=(20, 10)) #increase figsize and run again
for elel in df['Multipolygons':
for ele2 in elel:
X,y = ele2.exterior.xy
ax[0].plot(x,y,'red")
ax[0].axis(‘off")
display_img(img_id)
#ax[0].title(f"Image {wkt_df['Imageld][i]}")
ax[0].set_title(f"Image {img_id}")
ax[1].set_title(f"Image {img_id}")
ax[1].axis(‘off")
plt.show()
c+=1
if c==3:
break

Class labels in Dictionary as key value pair:

class_label ={
1:'Buildings’,
2:'Misc. Manmade structures’,
3:'Road’,
4:'Track’,
5:Trees',
6:'Crops’,
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7'Waterway',
8:'Standing water’,
9:'Vehicle Large’,
10:'Vehicle Small’

Adjust contrast of Images and display Images:

def stretch2(band, lower_percent=2, higher_percent=98):
Adjusting the contrast

a = 0 #np.min(band)

b = 255 #np.max(band)

¢ = np.percentile(band, lower_percent)
d = np.percentile(band, higher_percent)
out=a+ (band-c)*(b-a)/(d-c)
out[out<a] = a

outfout>b] =b

return out

def adjust_contrast(x):

for i in range(3):
X[:,:,i] = stretch2(X[:,:,i])
return x.astype(np.uint8)

def display_img(ImagelD,ax):
Displaying images

rgbfile=o0s.path.join( 'three_band', '{}.tif'.format(ImagelD))
rgb = tiff.imread(rgbfile)

rgb = np.rollaxis(rgb, 0, 3)

X = adjust_contrast(rgb).copy()

ax.imshow(x,extent=[0, 0.0092, -0.009, 0])

Plotting polygon class vise separately:

def mask_classes(imgID):
getting polygon coordinate and ploting the polygon class wise seperately

df = wkt_dffwkt_df['Imageld]==imgID]
for class_I in df['ClassType':
fig, ax = plt.subplots(figsize=(5, 5))
dfl = df[df['ClassType']==class_|]
display_img(imgID,ax)
for ele in df1['Multipolygons']:
for ele2 in ele:
X,y = ele2.exterior.xy
ax.plot(x,y,'red")
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plt.title(f"Class Label :- {class_label[class_I]}")
plt.axis('off")
plt.show()

mask_classes('6120 2 2"

Plotting Heatmap of Class Frequency Vs Images:

figure, axis = plt.subplots(figsize=(10, 8))
axis.set_aspect(‘equal’) #keep x-unit and y-unit ratio equal
plt.imshow(objects_per_image, cmap='"BuPu’, extent=[0, 25, 10, 0])

"'for i in range(objects_per_image.shape[0]):
for j in range(objects_per_image.shape[1]):
plt.text(j+0.5, i+0.5, "{:.2f}".format(objects_per_image.iloc]i,j]), ha="center",
va="center",fontsize=16)"

plt.xticks(np.arange(0, 25, 1.0),list(objects_per_image.columns),
rotation="vertical',fontsize=16)

plt.yticks(np.arange(1, 11, 1.0),fontsize=18)

plt.title('Number of objects per image',fontsize=18)
plt.xlabel('Images',fontsize=18)

plt.ylabel('Classes',fontsize=18)

plt.colorbar()

plt.show()

Classes = {1: 'Building’, 2: 'Structure’, 3: 'Road’, 4: 'Track’, 5: 'Trees', 6: 'Crops’,
7: 'Waterway', 8: 'Standing water’, 9: 'Truck’, 10: 'Car'}
Colors = {1:'#d73027' , 2: '#f46d43', 3: '#4575b4', 4:'#74addl’ , 5: #dfc27d', 6:
‘#abdba0', 7: '#1b7837', 8: '#b35806', 9: '0.4", 10:'0.7"}

Creating dataframe containing classes, number of polygon as counts and
total area of image

def image_stats(image_id):
creating dataframe which contains
classes, number of polygon as counts and total area of image with id
image_id
counts, total_area = {}, {}
xmax = GS[GS.Imageld == image_id].Xmax.values[0]
ymin = GS[GS.Imageld == image_id].Ymin.values[0]
image_area = abs(xmax * ymin) #area of image
for cl in Classes:
all_poly = wkt_dffwkt_df.Imageld == image_id]
poly = all_poly[all_poly.ClassType == cl].MultipolygonWKT
poly_list = wkt.loads(poly.values[0])
counts|cl] = len(poly_list) #number of polygons of classtype cl
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if len(poly_list) > O:
#calculating area of all polygon for class cl having number of polygons
more than one
total_arealcl] = np.sum([poly.area for poly in poly_list])\
/image_area * 100

df = pd.DataFrame({'Class": Classes, 'Counts': counts,
‘TotalArea': total_area})
return df

GS = pd.read_csv('grid_sizes/grid_sizes.csVv')
GS = GS.rename(columns={'Unnamed: 0":'Imageld'})

stats_list =[]

Images = sorted(set(wkt_df['Imageld))

for image_no, image_id in enumerate(Images):
stat = image_stats(image_id)
stat['Imageld’] = image_id
stats_list.append(stat)

stats = pd.concat(stats_list)

pvt_stats = stats.pivot(index = 'Class', columns = 'Imageld, values =
"TotalArea’)

percent_area = np.cumsum(pvt_stats, axis = 0)

class_r={}
for clin Classes:
class_r[Classes|cl]] = cl

Plot Bar plot iterating through all classes:
for clin np.arange(1, 11):
class_name = percent_area.index[-cl]
class_id = class_r[class_name]
ax = sns.barplot(x = percent_area.columns, y =
percent_area.loc[class_name],
color = Colors[class_id], label = class_name)

sns.set_context({figure.figsize: (10, 5)})

ax.legend(loc = 2)

sns.set_style("dark™)
ax.set_xticklabels(percent_area.columns, rotation = 45)

ax.set_xlabel('Image ID")
ax.set_ylabel('Total Area’)
plt.title(‘Areas of the objects in Image’)
plt.show()
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B. OUTPUT SCREENSHOTS

Class Label :- Track

Fig A. Feature Extracted Output 1

Class Label :- Trees

Fig B. Feature Extracted Output 2
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Class Label :- Road

Fig C. Feature Extracted Output 3
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Fig D. Feature Extracted Output 4
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Class Label :- Crops
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Fig F. Image Before and After Feature Extraction
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Abstract— Feature extraction from satellite images has  variables into features,

steadily but progressively grown in recent years. Numerous
feature extraction techniques have been created as a result of
the increase. The loss of certain features is one of the various
obstacles that must be overcome while selecting the best path
for feature extraction. This study suggests utilizing a
Convolutional Neural Network (CNN) approach to tackle
these issues and extract attributes from satellite images
supplied by an open source dataset called MLRSNet. Images
with labels explaining each image's characteristics are
displayed in the output. This makes it simpler to recognize
and understand different components in satellite images.

Keywords— Feature extraction, Satellite Imagery, Neural
Network, Image Processing

I. INTRODUCTION

Over the years, the area of feature extraction has widened
significantly. For this, satellite photos are frequently
employed and significantly improve outcomes. There are
several items in images used for feature extraction, all of
which must be precisely recognised for effective outcomes.
There are various techniques to make it simpler to extract
characteristics from an image for processing. Semantic scene
classification is one of the activities that helps with picture
categorization and retrieval. There have been researches [1]
which sheds information on the process of extracting different
pictures using CNN from high resolution satellite images.
This work used several datasets and powerful CNNs, which
made it easier to see advancements over the current method.

To extract the features, a big initial set of data should be
split into smaller, more manageable groups. As a result,
processing will be simplified. The notion that these large data
sets encompass a wide range of diverse characteristics is their
most notable aspect. A huge amount of computing power is
needed to manage these variables. By selecting and merging

substantially cut down the amount of data by extracting the
critical qualities from all those large data sets. These features
properly and clearly portray the actual data set while being
simple to use.

The feature extraction strategy may be useful when you
possess a large amount of data and wish to decrease resources
without compromising any critical or relevant information.
Using feature extraction, the amount of redundant data in the
data harvest is reduced. Finally, data reduction accelerates the
training and generalization stages of the machine-learning
procedure and allows the model to be developed with little
effort from the machine

Il. LITERATURE SURVEY

S. Muhammad et al. published a Supervised Satellite Data
Classification method in [2] that makes use of the Decision
Tree Approach. This method obtains features from satellite
images which relies on pixel color and intensity. With the use
of known items, the approach employs a decision tree to
categorize satellite pictures.

Classification Methods to Extract Areas from Satellite
Images [3] describes the most well-liked unsupervised
satellite classification algorithm. It defines a collection of
unlabeled classes within a picture before naming the clusters.

Complete local binary patterns alongside multi-scales
were introduced by the authors of "Land-use scene
categorization using multi-scale completed local binary
patterns” [4] and demonstrated to be more successful than
earlier low-level techniques.



The use of the sparse coding method outlined in High-
resolution Satellite Scene Categorization Using a Sparse
Coding-Based Multiple Feature Combination [5], where

structural, spectral, and textural characteristics were
extracted and encoded.
In his article Spatial methodology for Image

Classification [6], Selim proposed a classification method
utilizing the Bayesian approach. This method takes use of
spatial information to categorize very high-resolution
satellite images. The categorizing procedure involves two
steps. Bayesian classifiers are trained using discontinuous
nonparametric density models in phase 1. The spectral and
textural characteristics of each pixel are extracted. Phase 2:
Using an iterative split-and-merge procedure, the pixel-level
classification maps are converted into continuous areas.

The Support Vector Machine is an unsupervised
classification technique [7]. It may be used to extract land
maps. This strategy, however, presupposes that no
knowledge on how to disseminate the complete quantity of
data exists. SVM increases accuracy, speed, and efficiency
while lowering the cost of satellite categorization. The best
strategy for identifying patterns is a supervised statistical
approach. It places pixels in the appropriate classes by using
their probability values [8].

Global characteristics were extracted by Nogueira [9]
from CNN models and supplied to a classifier. This method
has been used to show the effectiveness of object
classification models in transfer learning. These local or
global extracted feature representations were derived using
CNNs that had been trained beforehand on datasets of real-
world images in each of these examples. Remote sensing-
derived pictures were categorized using these characteristics.

Surface object recognition using CNN and SVM in
Landsat 8 pictures [10] performs surface item detection using
large collections of image data. We provide two methods
which rely on CNN and SVM and compare them. In the trials,
CNN outperformed other options.

Automatic recognition of isolated airstrips using radon
transformation and support vector machine [11] employs the
SVM technique after preprocessing the satellite images to
find solitary airstrips. The algorithm had an efficient result
and obtained accuracy which estimated 94%. It recognized
airfields as well as other common linear features like roads,
canals, and so on.

However, as mentioned in [11], rigorous training of
CNNs on the UC-Merced dataset [12] and the WHU-RS19
dataset [13] leads to mediocre classification performance.
The cause for inefficient performance and generalization is
because huge CNN architectures, which consist of large
number of factors, always cause model training utilizing
aerial scene datasets which have thousands of pictures to get
stuck in the local minima.

I1l. EXISTING WORK

In order to monitor Earth resources and the effects of
human activities on the planet with finer spatial and spectral
resolution and give more accurate and precisely detailed
information, it is currently not very effective to use satellite
and airborne remote sensing technologies. Urban regions are
undergoing changes. The need for current large-scale data is
therefore urgent for a number of reasons. Feature extraction
is a significant step in the construction of maps for many
countries. Additionally, it is usually impossible to find
obsolete maps, and automated methods have been suggested
to hasten and improve the efficiency of the map generating
process. However, the process for updating this data is now
in a slow state.

For the feature extraction procedure, several different
strategies have been suggested. Automatic object
identification is one common method for extracting features,
however it still has several flaws. Automatic line
identification systems are challenging to build due of the
complexity of remotely sensed images. Consequently, a
variety of statistical methods have been widely used to
classify data on land use or land cover. Researchers' attention
has switched to cutting-edge, dependable categorization
methods like Artificial Neural Networks as satellite sensors
have been created.

Artificial neural networks, or ANNs, were first
developed as tools for pattern recognition and data analysis
that mimicked the neural processing and storage capabilities
of the human brain. High spatial resolution remote sensing
data usually contain several diverse terrain patches and
complex non-linear patterns. Outstanding benefits of ANNs
include their capability for rapid generalisation, parallel
processing, and the ability to predict the non-linear
connection between input data and desired outputs.
Numerous past studies have shown that ANNs outperform
traditional classification methods like maximum likelihood
classifiers on multispectral data. Avoiding the use of distinct
operators such as simplification, smoothing, and
enhancement.

It can be challenging to avoid losing low- and mid-level
information as a convolution neural network grows
increasingly complicated since the majority of convolution
neural networks currently in use when used for scene
categorization have a propensity to portray the global
semantics of pictures. To solve these problems, we suggest
using Res-Net for feature extraction. In order to further
investigate local semantics, it sees the categorization of aerial
images as a multiple-instance learning problem. [17]

Following that, the acquired convolution features are
modified to create instance feature vectors. Following that,
we provide trainable attention-based multiple instance
pooling. It computes the bag-level probability rapidly and
shows the local semantics relevant to the scene label. Finally,
the multiple instance learning architecture is supervised by
bag labels due to our bag-level classification layer.



Modern CNNs, on the other hand, prefer to preserve
global semantics as objects in actual image contexts are much
more dense and possess more robust context linkages.
Concentrating on generic semantics may render it more
difficult to notice distinguishing elements in an aerial
viewpoint and may make representing the scene more
difficult.

IV. PROPOSED WORK

A. Methodology

The process's initial stage is to collect the dataset. In this
case, we employed the MLRSNet dataset[16], a remote
sensing dataset with a focus on visualization. The MLRSNet
comprises 46 categories and 109,161 samples in total. Fig. 1
displays the number of samples in each group. Table 1
displays all of the categories along with the number of photos
for each category. The pictures size is 256 by 256 and have a
spatial resolution of 10-0.1 m. The photographs are then
scaled, cropped, and brightness and contrast modifications are
applied as part of data augmentation. The photos were then
labelled and placed into specified classes. For instance, as
shown in Fig. 2, photographs of airport scenes are sorted into
one class while those of residential regions are placed into
another.

Following the preparation of the dataset, training is carried
out using RESNET50 in batches of 40. Resnet50 has over 23
million parameters and Keras package was used for the model.
After that comes the testing step, where 180 x 180 photos are
tested in a single batch. 50 layers make up the convolutional
neural network that it is. Finally, Convolutional Neural
Networks are used to segment the images (CNN). [18]
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Fig 1. Representation of number of image samples in every
category.

TABLE 1: Images in the dataset for every class label.

Class Label Number Class Label Number Class Label Number
Airplane 2306 Freeway 2500 Roundabout 2039
Airport 2480 Golf course 2515 Runway 2259
Bare soil 30,345 Grass 49,391 Sand 11,014
Baseball 1996 Greenhouse 2601 Sea 4980
diamond
Basketball 3726 Gully 2413 Ships 4092
court
Beach 2485 Habor 2492 Snow 3565
Bridge 2772 Intersection 2497 Snowberg 2555
Buildings 51,305 Island 2493 Sparse 1829

residential
area
Cars 34,013 Lake 2499 Stadium 2462
Chaparral 5903 Mobhile home 2499 Swimming 5078
pool
Cloud 1798 Mountain 5468 Tanks 2500
Containers 2500 Overpass 2652 Tennis court 2499
Crosswalk 2673 Park 1682 Terrace 2345
Dense 2774 Parking lot 7061 Track 3693
residential
Desert 2537 Parkway 2537 Trail 12,376
Dock 2492 Pavement 56,383 Transmission 2500
tower
Factory 2667 Railway 4399 Trees 70,728
Field 15,142 Railway 2187 Water 27,834
station
Football field 1057 River 2493 Wetland 3417
Forest 3562 Road 37,783 Wind turbine 2049

Fig 2. The images show residential areas and airport scenes.

Figure 3 depicts the flow of the suggested methodology. The
procedure starts with satellite pictures that go through image
scaling and data augmentation during pre-processing. Data
augmentation includes translating certain images to create
more data from existing data. The phase of preprocessing
improves quality of data and enhances performance which
assists in an efficient training and further processes.
Convolutional neural network, which contains four stages, is
the next step. The first step is to use the Res-Net architecture
to extract the image's features. The next step is dimensionality
reduction, which lowers complexity. For reducing the
dimensionality, we have used the principal component



analysis which helps in preserving most of the information.
The classification is then completed using the characteristics
that were extracted. The system's output are the photos that
have been categorised.

Remote Sensing Images

Data Augmentation

Image Resize |

Classification

Dimensionality ResNet50
Reduction

Convolutional Neural Network

Fig 3. System Architecture.

The RESNet50 architecture-based CNN algorithm is
trained on the pictures. As seen in Fig. 4, the pictures pass
through a completely linked layer. In a fully linked layer,
every neuron within the input layer is coupled to every neuron
in the output layer. Before the output is subjected to a
nonlinear activation function at this layer, the input neurons
undergo a weighted linear transformation. The hash layer,
which comes before processing and hashes and organizes
category characteristics, comes after the fully connected
layer. This layer converts categorical inputs into hashed
outputs. It converts a predetermined range of ints or strings to
ints element-by-element.

Output

A e

Batch images

Fig 4. Working of the model.

B. RESNet50

Residual Networks, train residual functions with regard
to the layer inputs rather than learning unsourced functions.
Rather than expecting each layer in a stack to exactly match
the desired underlying mapping, residual nets allow these
layers to fit a residual mapping. Remaining blocks are stacked
one over the other to build networks; a ResNet50 employs
these blocks to have fifty layers (48 convolutional layers, one
average pool layer and one MaxPool layer). Residual neural

networks (RNNSs) are artificial neural networks (ANNS)
which construct networks using residual blocks.

The ResNet50 architecture abides by two key design
principles. First, there are the same number of filters in each
layer regardless of size if the output feature map. Second,
although though size of the feature map is reduced by half, it
contains twice as many filters in order to maintain the
temporal complexity of each layer.

Issues about the overall time needed to train the layers
concluded to the decision of redesigning the building block
in this case as a bottleneck. This used a stack of three layers
in place of the previous two levels. Each of the two-layer
blocks in Resnet34 was converted into a three-layer
bottleneck block to form the Resnet 50 architecture. This is
far more accurate than the 34-layer ResNet model..

ResNet trains on F whereas every other algorithm learns
from the result ™Y (X). Another way to say it is that ResNet
aims to make F(X)=0 such that Y=X. Some model levels are
skipped by a direct link known as a skip connection. The
output differs as a result of this skip link. In the absence of a
skip connection, input 'X is multiplied by the weights of the
layer before the bias term has been introduced. It is followed
by activation function, F(), and its output can be given as
follows:

F(w*x + b) (=F(X))
The output with use of skip connection technique, is :
F(X)+x

In ResNet-50, there are two different types of blocks: Identity
Blocks and Convolutional Blocks. When input size equals
output size, the value "X" is added to the output layer. In the
event that the case is different, a convolutional block is added
to the shortcut path to equalise the input and output sizes.

C. Convulutional Neural Networks

The Convolutional Neural Network is just a technique
under deep learning that has the ability to take in an input
image, discriminate between various items and components in
the image, and allocate different objects and elements in the
image importance. A CNN needs a lot less pre-processing than
different categorization techniques. While filters in simple
approaches are hand-engineered, CNN has the ability to learn
these filters' qualities. It is CNN's responsibility to streamline
the graphics without sacrificing any of the information that is
necessary for making precise forecasts. This is critical for
creating a design that is constructive at learning features while
also being scalable to large datasets.

The convolution operation's main goal is to obtain high-
level information from the input image, like edges. CNN does
not have to employ just one convolutional layer. Typically, the
first ConvLayer collects low-level properties such as edges,
colour, and gradation direction. Even as number of layers



rises, the architecture adjusts to the High-Level
characteristics, resulting in a network that encompasses the
dataset's images holistically in a way similar to what we do.

Two alternative sorts of outcomes may be obtained from
the procedure: one where the dimensionality of the convolved
feature is narrowed with respect to the input, and another
where it is increased or remains the same. This is achieved by
utilizing Valid Padding or Same Padding.

Like the Convolutional Layer, the Pooling layer is
responsible for decreasing the size of the Convolved Feature.
The aggregate of resources required to process the data will be
subsided by dimensionality reduction. Apart from this, it
facilitates appropriate model training by obtaining dominant
traits which are rotational and positional invariant.

The i-th layer of a CNN is made up of the convolutional
layer as well as the pooling layer. Depending on how complex
the images are, the layer count may be increased to
concentrate on an even finer details, but this will require more
processing resources. Max Pooling and Average Pooling are
two types of pooling. Max Pooling returns the greatest value
from region of the image covered by the Kernel. Average
pooling, on the other hand, delivers the mean of all of the
values from portion of the image encompassed by the Kernel.
Max Pooling additionally acts as a noise reduction. It
accomplishes de-noising along with dimensionality reduction
in addition to thoroughly removing noisy activations. After
working through method mentioned above, we were capable
of assisting the model in understanding the properties. After
that, the output will be flattened for classification before even
being loaded into a conventional neural network.

V. RESULTS AND DISCUSSIONS

The results are displayed in the photos below, which
highlight the characteristics that were taken out of each image.
Along with the highlighted elements, the label that explains
the scenario in the photograph is also displayed. The accuracy
achieved by this methodology is 92%. Additionally,
performance was evaluated for the CNN algorithm used which
resulted in an accuracy of 87%. Figure 5's highlighted
buildings demonstrate the region's dense population. The
principal thoroughfares in the region that link the city's ends
are shown in Fig. 6. In fig. 7, the trees have been removed to
highlight the region's lack of vegetation. Additionally, fig. 8
illustrates the roadways that link the area's many locations and
demonstrates how well connected it is. Figure 9 depicts the
picture before and after the extraction; the characteristics are
emphasised in the latter image. The area that each of them
takes up in a picture is depicted in the graph in fig. 10. Overall,
this model facilitates the visual analysis of images and the
comprehension of their aspects.

Fig 6. Image with roads.

Class Label :- Trees

Fig 7. Image with trees in the area.



Class Label :- Track
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Fig 8. Image with streets in an area.

Image 61202 0

Fig 9. The image before and after highlighting of features.
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Fig 10. Graph of areas covered in an image.

VI. CONCLUSION

The MLRSNet is a dataset with high resolution images
which enables deep learning to understand semantic scene
interpretation, at least from an overhead perspective.
Hierarchy, scalability, diversity, and multi-label are the

characteristics that distinguish MLRSNet. Images with labels
identifying the category to which they belong are extracted.
Each image's particular traits are accentuated to make them
stand out. These results assist in examining the visuals from a
fresh angle, which may further aid in effective
comprehension. This model can be further developed in future
to gain more accuracy and also expand its working on larger
satellite images. Larger images will require more intensive
training and the algorithm will have to be modified to work
with it. The pictures make good use of the characteristics that
were retrieved, making it easier to analyze a satellite image.
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