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Abstract 
 
Earthquakes that have occurred worldwide have caused severe damage not 

only to human, human structure but have led to flash floods, landslides, fires, 

tsunamis and deformation of ground surfaces .Time series analysis for 

prediction of earthquake can help to save a lot of lives. Time series is a set of 

observation conducted and recorded at different point of times. Information 

is always represented with respect to time as one of its variable. In this paper 

we have proposed to predict earthquakes by analyzing previous year data. 

The data we use will be of last five decades. In this paper, the number of 

earthquakes having magnitude greater than 7 on Richter scale which will 

happen in future is predicted. 
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1 Introduction 

Time series modelling is used to tackle real world problems and 

applications of time series in complex real world problems like prediction of 

bitcoin prices, earthquake prediction, and census analysis etc. The 

difference between a normal machine learning algorithm and time series 

analysis is that time series analysis does not depend on independent 

variables and we need not know the input values as in machine learning, 

because, for time series analysis, the input is previous values. Time series 

analysis uses many machine learning algorithms such as supervised and 

unsupervised algorithm. We will use adfuller test to check if p value is 

greater than significant value to determine if differencing is required or not 

by means of null hypothesis test. The data used should be periodic and 

follow a trend such as seasonal and yearly. The data should be complete and 

white noises should be removed before using it as training data for 

predicting future. In the proposed work, machine learning algorithms are 

developed to promote environmentally safe engineering by prediction of 

earthquakes which may happen in future. 

2  Related Work 

The author Amei in [1], has analysed the earthquakes with magnitude 

greater than 8 which occurred during 1896-2009 and assumed to follow the 

Poisson process. ARIMA model is developed to predict the occurrence of 

earthquakes by fitting the model with empirical recurrence rates time series. 

They have predicted 12 large earthquakes in next 6 years and showed that 

statistical data can be used for real life disaster prediction. In paper [2], 

Mirac et al. had used Radon gas and time series analysis was applied on it at 

regular time interval for one year from Karataş-Osmaniye Fault Zone and 

East Anatolian Fault Zone. They were using the radon gas concentration to 

predict earthquake. The results obtained are compared by autocorrelation 

and time series analysis. 

RBF neural network is used by the authors Zhang et al. with chaotic 

algorithm in [3]. The time series analysis was done on the events happened 

in the Guangxi region in last 30 years based on phase-space reconstruction 

theory. First chaotic algorithm was applied; after that RBF neural network 

was applied for short term forecasting. The results show that these methods 

combined provide promising results with good accuracy. 

In paper [4], the authors Fabio et al. a framework, TSpred present in the 

R-Package is developed. The benchmark process is used to evaluate the 

performance of various linear methods like ARIMA model and polynomial 

regression and find which one is the fittest and used as a benchmark 

method. This benchmark method is compared with machine learning  
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methods using time series prediction and checked for results. In paper [5], 

Yang proposed a new algorithm, named n
th
-order difference, which uses 

moving average to predict the next term for the time series. Artfifical Neural 

Networks and range evaluation are used for error in hybrid model which 

extends the prediction method further. The monthly data is taken and 

algorithm results are reported on sunspot data and earthquake data.   

In paper [6],Yasutoshi proposed soft computing techniques such as 

Chaos theory, Neural Network, GMDH and fuzzy modelling, which comes 

under non-linear time series method. In the result, they found that neural 

network and GMDH methods require shortest time to predict but they are 

not producing good results. Chaotic and Fuzzy modelling are helpful for 

short term prediction. The author Anxu [7] proposed Chebyshev 

quantitative method to eliminate background trend of time series and 

evaluated the characteristics of electron temperature and concentration 

parameter to obtain relationship between two for strong moderate 

earthquake. The authors have attempted for safety measures in Engineering 

Sciences and Technology. 

The authors Yosihiko et al [8], developed a model for prediction of 

earthquake by stochastic process, as earthquake happens due to abrupt slips 

on faults and due to stress accumulated through time and these uncertain 

elements and complex conditions should be taken into account. The study 

between precursory phenomena and earthquake mechanisms is essential for 

deriving useful point process model. Same seismogenic area as in [9] is 

used to implement two different models. The first model is based on 

characteristic earthquake hypothesis that uses fixed rupture geometries and 

historical/pale seismic recurrence times. The hazard rate is changed by 

coulomb static stress change which is caused by nearby earthquake. The 

second model is based on earthquake simulator based on fault slip or plate 

motion and is adoption of Gutenberg-Richter magnitude-frequency 

distribution. There is a note difference between two methods, but have 

enough similarities to suggest that it is useful forensic tool. 

The authors Siddharth et al. [10] have shown that how time series 

modelling is used to tackle real world problems and applications of time 

series in complex real world problems. Finance, health care and bio-

informatics, anomaly detection, general outlook, sports were some of the 

areas on which time series can be applied. Machine learning methods like 

concept drift and deep learning are used.  

  

3   Implementation of Time Series Analysis 

3. 1  ARIMA Model 
 

The mathematical models namely Autoregressive Integrated Moving 

Average (ARIMA) is used for prediction. It is autocorrelation model in a  
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time series analysis. Time series model will decide how many prior terms 

are needed to be considered and it is expressed as the series of different 

models. 

The main reason that stationary in time series is used, because tools 

used in time series forecasting are assumed to be stationary which means 

that it has auto regressive behavior and also noise. It is necessary that data 

collected is periodic and should have constant mean, constant variance and 

constant auto covariance with time. Machine learning algorithms such as 

supervised and unsupervised learning are used to determine the trend and 

give input in ARIMA model to predict output from the training data. Time 

series prediction is forecasting the residuals and then they are again 

feedback which gives us inverted transformation. Both training sample, and 

prediction set are combined on the basis of ability of both prediction set and 

training sample as full dataset to forecast earthquake on any occurrence is 

required in future. Difference between p value and significant value which 

is checked by means of adfuller test is used. Autocorrelation Function 

(ACF) and Partial Autocorrelation Function (PACF) graphs are shown in 

Figure 1 to determine how many times differencing is required. If the model 

is under differenced, the order of p is increased and if it is over differenced 

the q order is increased and finally, the least standard deviation in the 

differenced series is continued. It needs to take care that differencing is done 

only when the series is non-stationary. If the graph depicts maximum values 

in negative y axis, then it is over differenced and if values lie on x axis, then 

the series is properly differenced. Whenever we have to order a model in 

time series with Box-Jenkins approach, time series have to be stationary. It 

is stationary, if it tends to be around some fixed level.  
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                   Figure 1 ACF and PACF Graphs 

  

A series in statistical term is said to be in stationary process if it is in 

statistical equilibrium or we can say it is around same point for all t. The 

training data will be generated by means of unknown probability 

distribution P(x, y) which is defined on input X and output D. The input is 

taken for training dataset by P(x) and the output is seen in D by P(y/x) 

conditional probability. 

 

Components of time series: 
 

• Trends: It is the decreasing and increasing values in series and it will 

not last forever.  

• Seasonality: It is the short term cycle in the time series which is 

repeating in nature.  

• Cyclic: It is the component in time series that have recurrence or 

consistency and it can be described and modelled.  

• Noise:  It is the random variation in the time series. 
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Combining all components: 
 

A time series is the combination of all components and all of them have 

noise and seasonality and trend are not mandatory. They can be combined 

multiplicatively and additively. A stationary time series have properties like 

mean, variance, autocorrelation, etc. and they are constant with time.  When 

there is a curve line, it means that there is nonlinear trend and when there is 

decreasing and increasing amplitude or frequency it is non-linear 

seasonality. Every time we should ensure that series is such as stationary 

time series, we use a sequence of mathematical transformations. For 

example Box-Cox transformation, mean subtraction and differencing. In 

autoregressive model, regression is done on self. AR model describes this 

series as function and it is always linear and it is the summation of all the 

noise term and its past values. The order of the AR model provides the 

number of past values involved. This analysis will be done using various 

models such as Auto Regressive (AR) Model, Moving Average (MA) 

Model, Auto Regressive Moving Average Model (ARMA) and Auto 

Regressive Integrated Moving Average (ARIMA) model which uses Box-

Jenkins (B-J) methodology which has three steps:Identification, Estimation 

and Diagnostic checking.  

In first step, the model type is identified which means we identify the 

order of the model using ACF and PACF. In second step, the model 

parameters are estimated and in third step, diagnostic checking is done 

which will check if the model fit is good or not. Over fitting and residual 

diagnostics are also tested. White noise should be removed, as it is a series 

which is purely random in nature and predication cannot be done on it. 

 

When not to apply time series? 

1) When the values are constant, there is no need to apply time series as 

value will be the same and there is no utility as output will be known even 

before prediction. 

2) When values are in the form of functions, we can get value or output 

directly by giving input and time series will have no advantage over it.  

 

In autoregressive model, regression is done on its own data. This model 

describes this series as its own function and it is always linear and it is the 

summation of all the noise terms and its past values. This order tells us 

about how many past values can be involved. A most basic order model is 

of 1
st
 order auto-regression. The mathematical equation is given by: 

 

          Xt = Xt-1 t where t 1, 2, ..., N  
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and here Xt is the stationary mean of time series and is  1
st order auto 

regressive coefficient. As it is known that this model is of form of a 

regression where Xt has been regressed on its past value and the error term 

t denotes „white noise‟ (uncorrelated with mean as always 0 and variance 

as always constant). 

 
 

Figure 2 Graphical representation of first differencing and Partial Autocorrelation 

 

Another form of ARIMA model is the Moving Average (MA) model 

where the time series is described by function of its current or present error 

plus summation of all prior errors. The model is represented by Equation 

below. 

      ∑            Where t 1, 2, ..., N                (2) 
 

And here Xt is stationary mean time series,t and t -1 are the error terms 

at time t and t 1, and is  1
st
 order MA coefficient. Figure 2 shows 

Graphical representation of first differencing and Partial Autocorrelation. 

Figure 3 shows Graphical representations of First differencing and Partial 

Autocorrelation 

 

 

 
Figure 3 Graphical representations of First differencing and Partial Autocorrelation 
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Autoregressive Moving Average model is given by Equation below. 

 

Xt -Xt-1 ……..p Xt-p = tt -1 qt-q                  (3) 

 

This Integrated ARMA (ARIMA) includes or inclusion of both AR and 

MA class under ARMA which involves differencing. 

 

 
3. 2. Transformation and Data Splitting 
 

Data is split into two sets: Prediction set and Training sample. 

Transformation of the series is done to the new time series, where the values 

are differences between the consecutive values. The procedure is applied 

consecutively even more than once, which will give rise to the „first 

differences‟ and „second differences‟. It is very rare that more than two 

regular differencing is required and sometimes prior to differencing, 

transformation is required. If series is stochastic, then differencing is done, 

otherwise it is not regression and it is also tested that if variance changes 

with the time, then we can make it constant with square root transformation. 

Removing the trend in the series can also make it stationary and it can be 

achieved either by differencing or smoothing. If there is seasonality in the 

series then moving average, smoothing and differencing can be used. When 

training set is used for development of any model for prediction, it will be 

done under supervised learning as it will evaluate the predictive ability of 

the model which has been selected. Validation procedure is the statistical 

practice which always split data in two sets, so analysis can be initially 

performed on one set till another set is used for confirmation and validation 

of the initial analysis. 

A stationary time series have properties like mean, variance, 

autocorrelation, etc. are constant with time. Every time we should ensure 

that series is stationary, and sequence is used as mathematical 

transformations, for example, Box-Cox transformation, mean subtraction 

and differencing. Figure 4 shows Block diagram of forecast generation 

using ARIMA Model. 
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Figure 4 Block diagram of forecast generation using ARIMA Model 

      

3.2.1 Box-Jenkins Transformation 
 

An appropriate differencing is lowest order in terms of differencing as it 

the yields mean as the autocorrelation function (ACF) where it comes down 

to zero, maybe below or above. If ACF has periodicity, then the model has 

seasonality and if it dies slowly, then the series has trend and more 

differencing for the data is required. 

 

3.2.2 Artificial Neural Network 
 

Artificial Neural Network (ANN) approach is always used as a method 

for forecasting. The main focus is the construction of a model for 

understanding the knowledge of our brain. It tries to remember patterns and 

also regularities from input data, and learn from past experience to provide 

better results on that basis or from the knowledge it has acquired. ANNs are 

self-adaptive and data-driven. There is no need for model specification form 

or for making assumption which are prior about normal distribution of data; 

and model is always build is on the basis of features extracted from data. 

These types of methods are very helpful for those conditions, where there 

are no helpline is given for data generation process. 

They  are non-linear, due to that they are most accurate and practical for 

modeling very complex data patterns, with respect to various linear 

approaches, for example ARIMA methods. There are many cases, which 

have been used and have shown that ANNs can make better forecasting than 

various linear models. They are the universal functional approximators. It 

can be seen that these types of networks can be approximated for continuous 

function to achieve the required accuracy. The main advantage of ANNs is  
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that they have usage of parallel processing for the data approximation over 

the classes with very high accuracy. And also they can deal or handle the 

situation, where input data have error and are incomplete. 

 

3.3  Model Diagnostics and Comparison 
 

Autocorrelation Function (ACF) and the Partial Autocorrelation 

Function (PACF) determine randomness of the model. This diagnosis will 

determine the trend and also bring clarity about the distribution of trend 

over period of time. Ljung-Box test will check the trend is stationary and it 

checks either residual of fitted models are in this model. It is drawn on 

autocorrelation plot basis which is drawn with help of ACF and PACF and 

it checks independence which is on basis of time lags.  

Akaike Information Criterion (AIC) is used which acts as an estimator 

for statistical models for time series data. In the proposed ARIMA model 

the values for different models are compared to determine quality of every 

model, relative to other models. It is noticed that it helps in model selection. 

When we use statistical model for representation of data there is always 

some loss of information as representation is never exact. So, AIC will 

estimate the amount of information lost by the model and the more the 

information lost, the lower the quality of that model and vice versa. AIC is 

also used to evaluate hypothesis test. Goodness of fit is used by AIC to 

determine the amount of information lost. It also deals with risk of under-

fitting and over-fitting. 

Bayesian Information Criterion (BIC) is also a model selection criterion 

among AR, MA and ARIMA and the model which has lowest BIC is always 

preferred over other. It is closely similar to AIC and is based on part of 

likelihood function. During fitting models, likelihood can be increased by 

the addition of parameters, but we need to care that the result is not 

having over-fitting. Both of them try to solve these types of problems by 

introduction of the penalty term for total number of parameters used in the 

model. 

Hannan-Quinnn Information Criterion (HQIC) is the model selection 

criteria from AR, MA and ARIMA. It is used as an alternative to AIC and 

BIC. It is very consistent and it follows iterated algorithm. In many cases it 

behaves in asymptotically while retaining advantages of Bayes method. 

AIC, BIC, HQIC statistic models are used as the information criterion for 

selecting candidate models from ITSM package. Small values of AIC 

means, the model are very good; but, it should be used only as guide. Final 

conclusions among models must be made on maximum likelihood 

estimation. 
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4   Performance Measures  

In all below Equations, yt denotes actual value; ft denotes the forecast 

value and et=yt-ft denotes forecast error and n is the size of test dataset. 

 

             Figure 5. Graph of Residuals and density 

 

Mean Forecast Error (MFE) is given by  

MFE=
 

 
∑   
 
                    (4) 

It is the measure of average deviation for the forecasted values from the 

actual ones. Error direction is shown by this method. In this both negative 

and positive errors counter balance we cannot find the exact amount. A zero 

MFE indicate that forecasts are on target; but, it does not mean that they are 

perfect or we cannot say that it does not contain error. MFE does not 

remove or correct extreme errors. It is always affected by the data 

transformations and depends on measurement scale. If we want good 

forecast then MFE should be close to zero. Figure 5 shows Graph of 

Residuals and density 

Mean Absolute Error (MAE) is given by 

 

MAE=
 

 
∑ |  |
 
                                     (5) 

 

It always measures average of absolute deviation for the forecasting. 

Another name is the Mean Absolute Deviation (MAD). It is responsible for 

showing magnitude of overall error that is occurring during forecasting. In 

this, effects of negative and positive errors do not cancel out. Error direction 

is not shown by this method. For a good forecast, the obtained MAE should 

be as small as possible. It is dependent on measurement scale and  
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transformation of data. In this method also extreme forecast errors are not 

panellized. 

Mean Absolute Percentage Error (MAPE) is given by  

MAPE=
 

 
∑ |

  

  
| 

                  (6) 

It represents percentage of average absolute error occurred. It does not 

dependent on measurement scale, but it is affected by transformation of 

data. Error direction is not shown by this method. It does not panellize 

extreme deviations. In this measure, opposite signed errors do not offset 

each other. Mean Percentage Error (MPE) is represented by  

MPE=
 

 
∑ 〈

  

  
〉 

                             (7) 

It is the representation of percentage of average error occurred during 

forecasting. Error direction is shown by this method. In this method also 

opposite signed errors are affected by one another and so they counter 

balance. So like MFE, by having the value of MPE close to zero, we cannot 

say that model has performed well. MPE should be small for good forecast. 

Mean Squared Error (MSE) is given by  

MSE=
 

 
∑ 〈  

 〉 
                               (8) 

It is the average squared deviation for forecasted values. In this method 

error of opposite sign does not cancel each other. It indicates about error 

occurred during forecasting. It panelizes extreme errors that occurred during 

forecasting. It shows that large errors are always much expensive than the 

smaller ones. Direction of error cannot be concluded. It is very sensitive to 

the change of data transformations and measurement scale. It is very good 

measure to forecast error. 

Sum of Squared Error (SSE) is given by 

SSE=∑ 〈  
 〉 

              (9) 

It measures the total squared deviation of forecasted observations, from 

the actual values. The properties of MSE are similar to SSE. 

 

Signed Mean Squared Error (SMSE) is represented by the Equation 

SMSE=
 

 
∑ 〈

  

|  |
〉 

     
         (10) 

It is similar to MSE, but here original sign for each and every individual 

squared error are used. It panelizes extreme errors that are occurred during 

the forecasting. Error direction is shown by this method. Negative and 

positive error counters one another. It is also very sensitive to data 

transformations and scale measurement. 

 

Root Mean Squared Error (RMSE) is given by  

RMSE=√
 ∑   

  
   

 
        (11) 

It is the square root of calculated MSE. RMSE have all MSE properties. 
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4.1  Various Phases of ARIMA Model 

In the proposed model, machine learning algorithms such as supervised 

and unsupervised learning are used to determine the trend and give input to 

ARIMA model to predict output from the training data. Time series 

prediction is forecasting the residuals and then they are again feedback 

which gives us inverted transformation. Both training sample, prediction set 

on the basis of ability of both prediction set and training sample are 

combined as full dataset to forecast earthquake on any occurrence in future. 

Differencing is used if p value is less than significant value which is 

checked by means of adfuller test. ACF and PACF graph are shown to 

determine how many times differencing are required. If the model is under 

differenced, the order of p is increased and if it is over differenced, then the 

q order is increased and finally, least standard deviation in the differenced 

series is continued. It needs to take care that differencing is done only when 

the series is non stationary. If the graph depicts maximum values in negative 

y axis, then it is over differenced and if values lies on x axis then the series 

is properly differenced. The results of this work can be used in theoretical 

and numerical modeling of environmentally safe electrical engineering 

devices and systems. 

 
5  Conclusion 

In this paper we have analysed different methods to predict earthquakes 

out of which ARIMA model gives output with high accuracy and precision. 

We have observed that ARIMA gives more accuracy than moving average 

and autoregressive models. Using previous occurred earthquakes of 

magnitude greater than 7, it has been predicted that strong earthquake might 

happen in future. Further research includes reduction in the error using 

different machine learning techniques and then applying them to other time 

series; and also the other direction is to limit moving average, which can 

find and set values dynamically for predicting earthquake. 
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