

LANDSLIDE MONITORING AND NOTIFICATION USING IOT
                                                      ABSTRACT

Hazards from landslides are everywhere. Landslides are more likely to occur on steeply sloped hillsides. For several case studies throughout the globe, researchers have performed landslide prediction, detection, and monitoring. The major goal of researching landslide detection is to stop natural disasters by seeing their early movement. This will lessen or prevent the landslide's fatalities among humans. Finding a method for the sensing components to react promptly to data changes and transmit the perceived data to the data analysis centre is another goal. The Wireless Sensor Network (WSN) and the Internet of Things serve as the foundation for the Implemented system (IoT). This technology is inexpensive, reliable, and delay-effective. The suggested system makes use of accelerometer and soil moisture sensors. While the accelerometer measures ground movement, moisture sensor data reveal the amount of moisture in the soil. The measurements that exceed the established criteria warn nearby residents to take precautions 
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CHAPTER 1
1.1  INTRODUCTION

Rock, rubble, or soil sliding down a slope is referred to as a landslide. When it rains during the monsoon, the water percolates and builds up hydraulic pressure that is greater than the elastic limit of the soil or rocks. As a result, the stress builds up, causing the rocks and soil to lose some of their adhesion properties and resulting in landslides. Landslides result in considerable loss of life by destroying agricultural and forest areas, roadways, and the earth's natural ecosystem. Landslides are sometimes referred to as "Mass Wasting," which is any gravity-driven downward movement of earth and rock. It results in injury, death, and property damage. Additionally, it has a negative impact on many resources for years following a slide occurrence, including water supplies, fisheries, sewage disposal systems, dams, and roads. When the slope transitions from a stable to an unstable state, landslides happen. Numerous causes, both collectively and separately, may be to blame for this shift in the stability of a slope. When earth, rock, or other material slides down a hill, it is called a landslide. Rainwater percolates during the monsoon and builds up hydraulic pressure that is greater than the elastic limit of the soil or rocks. As a result, the stress builds up, causing the rocks and soil to lose their ability to adhere to one another and resulting in landslides. Landslides result in substantial loss of life by destroying agricultural and forest areas, roadways, and the natural ecology of the planet. As a term for any downward movement of soil and rock caused by gravity, "mass wasting" is frequently used to describe slides. Property is harmed, people are hurt, and people die. Additionally, it has a negative impact for years following a slide event on a number of resources, including water supply, fisheries, sewage disposal systems, dams, and roads. The slope shifts from a stable to an unstable state, causing the landslides. Numerous elements may work together or separately to influence how stable a slope is.

Globally, many earthquakes occur annually due to the release of accumulated stress in the Earth’s crust. Catastrophic earthquakes (≥magnitude 6) in mountainous regions could trigger numerous landslides on steep mountain slopes. Such earthquake-induced landslides (EQILs) can cause tragic economic losses and human causalities by damaging buildings, critical infrastructures, and the environment. Furthermore, other landslides block rivers to form a dammed lake that is a potential risk for outburst floods and debris flow, threatening people and properties downstream . Therefore, it is valuable to describe and predict the spatial distribution of earthquake-induced landslides for the sake of disaster prevention and mitigation .

The occurrences of EQILs are primarily controlled by causative factors, including seismic parameters, topography, lithology, tectonics, and human activities, making the spatial patterns of EQILs complicated . Thus, predicting where landslides are likely to occur after an earthquake is a challenging task . In the past two decades, many predictive models have been developed to identify landslide-prone areas after earthquakes, and these are divided into two general categories: (1) physical- and numerical-based models (2) susceptibility assessment models .

The physically based models (PBMs) were deduced from the mechanics of slope-failure initiation and runout. Among those models, pseudostatic analysis was the first proposed, assuming that the earthquake force is a permanent body force added to static limit–equilibrium analysis . Although pseudostatic analysis is conceptually simple, selecting a pseudostatic coefficient lacks criteria, and crude assumption always leads to conservative results . Stress–deformation analysis, as an extension of finite-element modeling, was later developed and provided a valuable tool for modeling the static and dynamic deformation of slopes. This method is based on mathematical computation, with the capability to solve physical problems with complex geometries, material properties, and boundary conditions, and it is suitable for critical projects researching the stability of artificial slopes . Soon after its implementation, permanent-displacement analysis—whose complexity is between that of the two methods above—was proposed to estimate seismically driven displacements of landslides, considering landslide as a rigid–plastic body that slides on an inclined plane. The representative models of permanent-displacement analysis are the Newmark model and its variations . Over the past few years, the accuracy of physically based models has been enhanced significantly with improvements in analyzing EQIL mechanisms. However, PBMs require a large number of parameter values, which limits their application in a large geographical area .

Later, researchers gradually began exploring susceptibility assessment models (SAM) that could represent a potential relationship between EQIL and causative variables and identify EQIL-prone areas . In recent years, landslide susceptibility models have become increasingly popular due to the fast development of computer technology, geographic information systems (GIS), and data mining . Those models can be divided into two categories: knowledge-driven models that are based on expert knowledge and data-driven models that are based on historical landside inventories and related spatial causative data of landslides . The knowledge-based models utilize expert knowledge to quantitatively express the relationship between the landslide occurrence and causative factors, and they regard the analytic hierarchy process (AHP) as the most representative one . For the data-driven models, many statistical methods and machine learning approaches have been introduced to model the probability of landslide occurrence; these mainly include multivariate logistic regression (MLR), artificial neural networks (ANN) support vector machine (SVM) random forests (RF), and decision tree approaches . Researchers have indicated that data-driven models outperform knowledge-driven models in susceptibility mapping. Data-driven models pave the way for detecting the potential distribution pattern 

However, most of the data-driven models mentioned above are traditional machine learning algorithms that can simply represent a single layer of linear or nonlinear relations between causative factors and landslide occurrence . Therefore, those models can easily be overfitted or become stuck on a local optimum when faced with complex data . On the other hand, these landslide prediction models rarely consider the difference between landslide source and accumulation due to a limitation in EQIL inventories that always records an EQIL as points or polygons. In the last decade, many deep learning algorithms have achieved remarkable results in computer vision, speech recognition, and intelligent control of robots, whose capacity for exploiting the potential of multiple relationships in massive data has also been gradually noticed by geohazard specialists . Consequently, some types of deep learning framework have been successfully applied to landslide detection and prediction, including deep neural networks (DNN), convolution neural networks (CNNs), stacked autoencoder (SAE), and their derivative models .

In this paper, a deep learning framework that considers landslide source area is proposed for the spatial prediction of EQIL. Then, the EQIL inventory of the Wenchuan earthquake is used as a sample dataset to train and test the proposed approach. A comprehensive comparison with traditional machine learning models, such as MLR, SVM, and decision tree, is carried out.

Natural disasters result in a large number of deaths, property loss, damages and injuries. Individuals cannot avoid them, but early prediction and appropriate protective precautions can minimize human life casualties and save a large number of valuable items. Earthquake is one amongst the main such disaster. Presently, we don’t have any specific technique that can be used for predicting earthquake, unlike other disaster, that makes it much more devastating. Some researchers believe that earthquakes can’t be anticipated, whereas others believe they are a predictable occurrence. According to them, many procedures for earthquake prediction are often used, including the study of quick visual phenomena such as changes in electric field, magnetic field, total electron content of the ionosphere, change in animal behaviour and historic earthquake records, all of which are well kept in the form of collection. A model capable of predicting earthquakes must be able to predict the accurate location, magnitude spectrum and precise occurrence time and chances of occurrence. Until now, there has not been a comprehensive way to predict earthquake. Indeed, an earthquake prediction mechanism that provides precise prediction is urgently needed. A signal created by such a device could allow authorities to deploy resources, and shutdown devices which will cause major damage like atomic power plants & power grid so that deaths and damages can be avoid. The input parameter for this earthquake prediction study were derived from a laboratory micro earthquake simulation. These types of steaky distributions show the frequency of laboratory micro earthquake simulation events as function of magnitudes. These function and distinct parameters are used to figure out the fundamental relationship between geophysical activity of seismic tranquilly and major earthquake frequency. Irrespective of degree of the nonlinearity among them, the relationship between seismic activity and geophysical data must be modelled. Seismic contemplation is a break in the natural release of seismic energy obtain from fracture region. These concentration of seismic energy inside the faults region may result in earthquake. Amount of seismic energy stored can be used to estimate the magnitude of next coming earthquakes. Similarly, major earthquake frequency is taken into account as a precursor of a major earthquake. Major earthquakes are the sequence of earthquakes, which has magnitude significantly higher frequency than the previous seismic activity. Machine Learning (ML) is employed in fields for the purpose of prediction and categorization. The main idea of this project is to depict the time that we have before laboratory earthquake occurred from real time seismic data. These laboratory seismic data are used for the purpose of input to the various Machine Learning approaches. These include Random Forest Regression, Linear Regression, Light Gradient Boosting Mechanism, Support Vector Machine, Case Based Reasoning and XGBoost ensemble of decision trees to predict earthquake. During this paper we have extract the data from all the above mention techniques and we also compared these techniques so that we come to a conclusion that which technique is best for predicting earthquake.
Earthquake activity is presumed as a spontaneous phenomenon that can damage huge number of lives and properties, and currently there is no any model exists that can predict the exact position, magnitude, frequency and time of an earthquake. Researchers have conducted several experiments on earthquake events and forecasts, leading to a variety of findings based on the factors considered. The well-known Gutenberg and Richter statistical model found a correlation between the magnitude of earthquake and frequency of earthquake. For structural design, this earthquake probability distribution model was used. In supervision of the California Geological Survey, Petersen conducted research and suggested a model that is time-independent. This time independent model demonstrating that chances of occurrence of earthquake follow the Poisson's distribution model. Shen suggested a probabilistic earthquake forecasting model based on the strain studied between the behaviour of tectonic plates. Based on this model, higher measured strain results in a higher risk of earthquake. Ebel provided a long-term prediction model that allowed for the extrapolation of previous earthquakes with magnitudes greater than and up to 5.2 in order to forecast possible seismic events. There are various methods for predicting earthquakes using Artificial Neural Networks and seismic precursors are discussed in the literature. Negarestani used a Back Propagation Neural Network to identify irrational behaviour in concentration of radon due to occurrence of earthquake. The presence of radon gas in soil is constantly measured and researcher have founded that it varies constantly due to changes in environment. The concentration of soil radon also rises due to seismic activity. This radon can be differentiated from natural variations caused by the environment through neural networks. Since splitting the entire globe in four quadrants, the system devices establish logic and correlation principles based on the historical record of earthquakes. The expert method will forecast earthquakes in each quadrant of the world for a period of 24 hours. Panakkat and Adeli presented an enthralling approach to earthquake prediction based on mathematically determined seismic indicators derived from the spatial variation of historical seismic events for Southern California. The algorithm makes monthly predictions, and the parameters are modelled using various Artificial Neural Networks. The estimation of all those parameters required to make sufficient earthquake database. For this limited number of times, the events were executed to measure the parameters of seismic event before taking the month into account. After this study, Adeli and Panakkat used exactly same parameters of seismic in collaboration with Probabilistic Neural Network to forecast earthquakes.

Morales-Esteban and Reyes suggested separate seismic criteria for earthquake prediction using mathematical calculations in Chile and Iberia for a time interval of 8–9 days, respectively. For modelling the relationship between earthquake events and parameters, these parameters are determined using Bath's law and Omori's law. Zamani proposes using a combination of neural networks and mathematical logic to forecast earthquakes in Iran. For a selected group of seismicity indices, this study includes information normalization and corresponding feature extraction accompanied by principal component analysis. Mirrashid provides another design for earthquake prediction in Iran, which incorporates symbolic logic, fuzzy C-means, subtractive clustering, and grid partitioning. Through this model, we try to predict earthquakes by training various Machine Learning models on seismic and acoustic data from a laboratory micro earthquake simulation
The data that we are using came from an experiment that was conducted on rock during a very double direct shear geometry which was subjected to bi-axial packing, in classic laboratory earthquake model. Two fault gouge layers were sheared simultaneously while plagued to a relentless normal load and a mentioned shear velocity.
Through Fourier transform, as the name suggests is a technique of transforming or converting a signal such like seismic signal that we have used in the result of several frequency. Fast Fourier Transformation is a method of calculating the Fourier transform at a much faster rate (from N² form to NlogN time form).
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Power spectral density primarily tells that what fraction or proportion of variance in the original frequency was produced by the given set of frequency that was breakdown by the Fast Fourier Transform. The Spectral welch Density is Power Spectral Density. Welch’s method of computing said distribution
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It is a commonly supervised using algorithm that is used for both classification and regression problems. However, we had used it in Machine Learning for regression problems. The Support Vector Machine algorithm's main aim is to find out a line that is best also called decision boundary for categorizing n number of dimensional space. That we can conveniently position data points in the best category in the future. This deciding boundary is called as hyperplane.
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It solves regression as well as classification problems by using ensemble methods (bagging). Any training phase, the model constructs n no. (where n is usually depends upon sample space, usually n is the square root of sample space). Random forest applied on the principle of ‘wisdom of crowds’ which states that a large number of differentiated models that is working like committee could perform outstandingly every set of the individual constituent models. The explanation for this is that the trees guard each other from their own mistakes. A random forest functions as an estimator algorithm, aggregating the results of multiple decision trees and then producing the best possible outcome. In this case, 60 trees are selected for developing ensembles based on the concept of experimentation
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Case Based Reasoning (CBR) analyze a database of problem solutions to solve new problems. It saves problem-solving tuples or cases as complex symbolic definitions. When a new case emerges to classify, a Case based Reasoner can first search to see whether an equivalent training case exists. If one is detected, the case's corresponding solution is returned. If no equivalent case is detected, the Case Based Reasoner will look for training cases with similar elements to the current case. Conceptually, these testing cases may be considered of as the latest case’s neighbours. If the cases are represented as graphs, this entails looking for subgraphs that are close to subgraphs in the new case. To suggest a solution for the current situation, the Case Based Reasoner attempts to merge the solutions of neighbouring training cases. If there are incompatibilities with the particular solutions, it could be important to go out and look for other solutions. To suggest a viable solution, the Case Based Reasoner can use background experience and problem-solving techniques.
Landslides are one of the most critical categories of natural disasters worldwide and induce severely destructive outcomes to human life and the overall economic system [42]. Their existence is ascribed to the geological environment and meteorological processes on earth. Some factors, including lithology, slope morphology, and unplanned urban expansions, can predispose slopes to landslides [28, 73]. Severe extreme events caused by climate change, including heavy rainfall and rapid snowmelt, could also trigger landslide occurrences [167]. With climate change has strengthened, the frequency and intensity of landslides are expected to increase rapidly as a consequence.
It is quite urgent to understand landslides to predict their occurrences and behavior, and then to adopt appropriate prevention policies and methodologies. The prevention of an incipient or potential landslide requires the recognition of the landslide and investigation of landslide-related information. Then, the region where a landslide is prone to occur in the future is predicted. Finally, the anticipation of the character and magnitude of movement may occur [142]. Therefore, common landslides prevention techniques can be divided into two categories: detection and prediction. In the spatial extent of a landslide, an inventory collected by means of detection is often required. As a common strategy, detection can overcome the limitation of the scale and the location of landslide events to produce detailed inventories that can not only provide a better understanding of the important information about the landslide but also establish a relationship between different factors and the landslides. An accurate landslide inventory can play a part in most stages of landslides prevention, especially in landslide susceptibility assessment. Landslide susceptibility assessment refers to the possibility of the occurrence of landslides in the spatial dimension. The principle of landslide susceptibility assessment is that a region prone to landslides can be predicted based on available data, including conditional factors and historical landslides. These data are extracted from the landslide inventory. As a static instrument, landslide susceptibility assessment has shown its value in spatial analysis [181]; however, it lacks information on the temporal landslide probability .

Reliable early warning systems can be used to predict the short-term behavior of landslides for preventing sudden events. Once emergency warnings are issued, people can take action before the disaster occurrences. An effective approach for achieving early warnings of landslides is to establish quantitative models of landslide evolution processes. The modeling of landslides is based on continuous monitoring of landslide-related variables [188]. Most landslides are triggered by extreme precipitation events [151]. Thus, the rainfall threshold should be regarded as a critical parameter to predict the occurrence of a landslide in the temporal domain. On the other hand, an adequate understanding of landslide deformation mechanisms is essential to develop a reliable early warning system [99]. Landslide displacement is a crucial parameter for judging the condition of the landslide, and rapid changes are generally considered a direct sign of upcoming disasters [127]. The analysis of the aforementioned stages in landslides prevention remains a challenge due to complex geodynamic and microphysical processes. Recently, as an analytics tool, machine learning methods, which can provide predictions, perform clustering, extract association features, and make decisions from given information, are coming to the fore. Various domains have successfully utilized machine learning methods to complete some  demanding tasks. Likewise, the landslides prevention domain has begun to apply most major machine learning methods to accurately, efficiently, and effectively solve problems. At least 80% of machine learning is data preprocessing, which means that the performance of machine learning methods depends on the data quality. With advances in a variety of location-aware sensors and model simulations, available data volumes in the landslides prevention domain are exponentially increasing with increasing spatial, temporal, and spectral resolutions. These continuous cumulative datasets provide applications for machine learning with more opportunities. Overall, in the context of the spatiotemporal complexity and uncertainties, landslides prevention provides novel opportunities, challenges, and methodological demands for machine learning, which has been a hot research topic in recent years. In the following sections, this paper reviews the development of machine learning methods in landslides prevention. It mainly concentrates on various applications of machine learning in several different landslides prevention stages.
The main contributions of this survey can be summarized as follows. (1) The paper starts with investigating the applications of machine learning in landslides prevention that comprise landslide detection and prediction. Landslide detection provides inventory data for the other prevention stages. Landslide prediction involves static and dynamic methods to predict landslide occurrences from spatial and temporal perspectives, respectively. (2) This paper points out the potential challenges and limitations of machine learning in landslides prevention and proffers several strategies that have been utilized in other research domains to overcome or circumvent them. Moreover, this paper discusses the opportunity for the emergence of challenges, summarizes and recommends a few of the most promising deep learning methods that have been applied in other domains, and envisages their possible applications in landslides prevention. (3) This paper advises combining data-driven machine learning with knowledge-driven landslide mechanisms to interpret machine learning results. The rest of this survey is organized as follows. Section 2 briefly introduces machine learning and landslides prevention. Section 3 surveys machine learning applications in landslide detection. Section 4 surveys machine learning applications in landslides susceptibility assessment. Section 5 surveys machine learning applications in landslide warning systems. Section 6 outlines major challenges and

Conventional machine learning methods :

As an analytics tool, one of the major objectives and tasks of machine learning is to build a model to represent complex, unknown, or incompletely understood relationships between data and target variables [79]. There are slight variations in the types of machine learning algorithms; and the machine learning algorithms can be roughly divided into two major categories according to their purpose: supervised learning and unsupervised learning algorithms. Supervised learning refers to building a model for connecting known inputs to unknown outputs. Consequently, the output values for new data can be predicted based on those relationships learned from the previously labeled training data [16]. Supervised learning can be divided into classification and regression problems. In classification problems, the intended output is a semantic label or class. For example, to identify potential landslides, classification problems would label each pixel in an image as ’’landslide’’ or ’’non-landslide’’. Regression problems aim to predict a continuous variable.
Common supervised learning algorithms include the logistic regression (LR), decision tree (DT), support vector machine (SVM), Naive Bayes (NB), artificial neural networks (ANN). Each single learning algorithm can be considered as a base learner. Although base learners behave well, it is necessary to improve the performance further (e.g., the classification, prediction, or function approximation) of a machine learning model. Since more powerful learners are constructed from a set of base learners, multiple learner systems (i.e., ensemble learning) have gradually gained much attention. Three representative ensemble methods are bagging, which can decrease variance, boosting, which can decrease the bias, and stacking, which improves predictions [30, 141]. Unsupervised learning methods try to find patterns in unlabeled data. One of the most common unsupervised learning algorithms is clustering, where samples are grouped based on similarity. Another typical method is dimensionality reduction that aimed at reducing the variance in a dataset and remove outliers. Brief introductions to these methods are listed as follows. – LR: A supervised learning algorithm that uses a logistic function to map the input variables to categorical dependent variables. – DT: A supervised learning algorithm is commonly used in classification problems. The structure resembles a tree. The branch node represents several alternatives. Each leaf node represents a decision. – SVM: A supervised learning algorithm is also commonly used in classification problems by constructing a separating line to distinguish between objects in a multidimensional space. – NB: A supervised learning algorithm is based on Bayes’ theorem and widely used in classification problems, which assumes that features are independent and have no correlations. – ANN: ANN consists of a set of connected processing units that work together, can found an association of patterns among input and output. – ELM: ELM is a feedforward neural network that can be used for classification, regression, clustering, sparse approximation, compression, and feature learning. The parameters of its hidden nodes need not be tuned. – kNN: A supervised learning algorithm uses ’’feature similarity’’ to predict the values of new data points, in which the new data point will be assigned a value based on the distance it matches the points in the training set. – K-Means clustering: An unsupervised learning algorithm divides all input data into k clusters, in which data in the same cluster are as similar to each other as possible. – Boosting: An ensemble method can train weak learners sequentially, each strives to correct its predecessor. – Bagging: An ensemble method applies the so-called Bootstrap statistical method to a high-variance machine learning algorithm. As typical bagging, RF can be structured from multiple decision trees. – Stacking: An ensemble method can combine models of different types
Deep learning methods :
As a subdiscipline of machine learning, deep learning is an extension of ANN. Deep learning uses multilevel deep neural networks to extract features from the raw input progressively. The scale and complexity of the networks is the major difference between deep learning and traditional ANN.
A multilayer deep learning neural networks consists of some input layers, some hidden layers, and then the output layer. After loading input data into an input layer, hidden layers receive a group of weighted inputs and implement nonlinear transformations, and provide the output through activation functions. A deep learning architecture is a multilayer stack of simple modules, all or most of which are subject to learning, and many of which compute nonlinear input– output mappings. Each module in the stack transforms its input to increase both the selectivity and the invariance of the representation. With multiple nonlinear layers, a system can implement extremely intricate functions [93]. Similar to conventional machine learning methods, common deep learning methods can be predominantly classified into two categories: supervised and unsupervised learning methods. Different categories have different architectures, which allowed them highly flexible. CNN is a typical supervised deep learning method that achieves the best predictive performance in areas such as speech and image recognition by hierarchically composing simple local features into complex models. CNN can extract and classify features from high-dimensional data. As a variation of a multilayer perceptron, common CNN consists of one or more convolutions, max pooling, and fully connected layers
The input layer is a m n matrix in which every cell has a feature value. Each convolutional layer consists of several convolutional units, and the parameters of every unit are optimized by a back-propagation algorithm. The purpose of a convolutional manipulation is to extract different features from the input layer [138]. The first convolutional layer may only extract some low-level features such as lines, edges, and corners. Additional convolutional layers can iteratively learn more intricate representations from low-level features. Pooling is a critical manipulation technique in CNN [162]. It is a form of downsampling to reduce the dimensionality of feature maps, without altering the depth of these maps. Since the initial development of CNN, multiple CNN architectures have been created. Some notable examples include: VGGNet [155], ResNet [54], Inception [163], and DenseNet [66]. Each of these networks employs the same structure of convolutional layers and feature extraction but may vary in the number of layers they have, feature mapping, and efficiency [62]. RNN is mainly viewed as a supervised learning method and can be used for processing sequential data. RNN remembers the past, and their decisions are influenced by what they have learned in the past. RNN is made up of nodes, and the process of after being fed data, it outputs the result back into itself is repeated. This process allows the analysis of dynamic changes over time, where persistent information is needed [174]. LSTM is a special RNN architecture that inherits RNN’s advantages of sequence learning and is able to learn timeseries data with long temporal dependency [144]. With its memory block structure, LSTM models can judge whether the learned rules from the previous time step are useful or not and then determine whether the learned rules should be passed along to the next time step or abandoned. The prediction accuracy is thus not 
