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Abstract: Change detection is used to find whether the
changes happened or not between two different time periods
using remote sensing images. We can use various machine
learning techniques and deep learning techniques for the change
detection analysis using remote sensing images. This paper
mainly focused on computational and performance analysis of
both techniques in the application of change detection .For each
approach, we considered ten different kinds of algorithms and
evaluated the performance. Moreover, in this research work, we
have analyzed merits and demerits of each method which have
used to change detection.
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I. INTRODUCTION

There isa lot of development in remote sensing technology.

Everyday a lot of remotely sensed data are produced by
various satellites like landsat7, landsat8 LISS |1l etc. Change
detection is very important to discover land changes in the
same area for a period of time [1]. This can be used for
various applications like urban expansion, disaster
management, land cover object identification etc. Synthetic
aperture radar (SAR) images are produced by sending a
microwave signal sensors to the ground and receives the
backscattered waves from the ground which is received by
the receiver [2]. A microwave beam of (0.3-30cm) is used.
Convolutional neural network is part of Artificial
Intelligence. It is a way of making the computers to take the
decisions like human being. Convolutional neural network is
an algorithm used to find patterns for a given dataset.
Convolutional neural network are processed based on layers
[3]. For example,if we are passing an image of car as input
then the first layer identifies the dots and edges and the
second layer identifies the tires, hood and other parts then,
the third layer identifies the full car and give the output as car
[4]. To do this the neural network has to be trained with
similar images and to find the patterns in such a way that if
similar pattern occurs in future it will recognize it based on
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the past patterns learnt. Change detection can be done using
different algorithms such as k-means clustering algorithm,
generic algorithm etc [5]. Convolutional neural network can
be used for general purposes like road traffic condition
classification or medical purposes like diagnosing automated
stroke lesion segmentation or commercial purposes like
horror image recognition [6]. The following table 1
illustrates the various deep learning and machine learning

techniques for change detection.
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Table 1: Deep learning and machine learning techniques for Change detection

I1l. RESULT ANALYSIS

In the side of deep learning, we considered, convolutional
neural network (CNN) , recurrent neural network (RNN),
Faster RNN, deep belief network (DBN) and stacked auto
encoder (SAE).
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In the side if machine learning, we considered, back
propagation(BP) algorithm, K-means clustering (K-means),
fuzzy k-means clustering, C-means clustering and support
vector machine (SVM). The main problem we found with
images used for change detection is the noise interference
due to this the accuracy of the output is reduced. Most of the
change detection was done with multitemporal images and
Multispectral images. The algorithms used for finding
change detection is Deep neural network (DNN), K-means
clustering, Kittler-1llingworth minimum-error thresholding
algorithm, Two-level clustering, parallel binary particle
swam optimization, generic algorithm etc. In deep neural
network, they used around 50 hidden layers so the missed
detection rate is lower. In supervised nonparametric
technique based on the compound classification rule the
accuracy rate was more than performance oriented
congestion control and can still increase the accuracy. By
using k-means clustering the errors occurring due to noise
can be reduced but the foundries in the change map are thick
so that accuracy is reduced. Change detection using generic
algorithm can be used but it needs high processing speed and
the method is time consuming and it’s also not suitable for
lager problems. The convolutional neural network can be
used to find Sea Ice Sensing from GNSS-R Data the data set
used is DMM images but the interference of speckle noise is
high. Multi-Scale Deep Reinforcement Learning for
Real-Time 3D-Landmark Detection in multispectral images
can also be done using deep learning doing so they were able
to increase the accuracy rate by 20%. Table 3 illustrates the
Classification accuracy analysis of deep learning networks vs
machine learning algorithms.

The sample data set is first feed to the neural network in
Wheel Defect Detection. With Machine Learning different
types of defect is loaded as data set and the pattern is
reorganized by the neural network based on the pattern that
we got from the given dataset. This Compressed-Domain
Ship Detection on Space borne Optical Image the deep neural
network is used to achieve less detection time with high
accuracy but this cannot give the same accuracy for all kinds
of images. It can give more accurate results for optical Space
borne images. The main cause for reduction in accuracy of
the change detection in various algorithms is because of the
impacts caused due to speckle noise. The accuracy of an the
algorithms vary from one type of input data images to
another type of input data image, i.e the accuracy of
algorithms may vary for different satellite images. When
compared to machine learning algorithms, deep learning
algorithms produced good results.
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IV. CONCLUSSION

Change detection using multispectral images is very
challenging task. To identify the changes from multispectral
images we used deep learning algorithms and machine
learning algorithms. While can be further improved by
predicting the defect prior. .Multi-instance learning is done
to recognize the pattern horror image reorganization will
identify the image based on the dataset we gave as input.

In using machine learning algorithms, feature extraction
phase is needed before find out the change detection. Feature
extraction phase is used to boost up the accuracy of
multispectral images. But, while using deep learning
algorithms, separate feature extraction phase is not needed.
Classification accuracy is based on which algorithms used to
identify the changes and the also based on the resolution of
the images. We have concluded that, deep learning
algorithms produced better accuracy than machine learning
techniques.
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