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Earthquake is one of the most hazardous natural calamity. Many algorithms have been proposed for earthquake

prediction using expert systems (ES). We aim to identify and compare methods, models, frameworks, and tools used to

forecast earthquakes using different parameters. The analysis shows that most of the proposed models have attempted

long term predictions about time, intensity, and location of future earthquakes. An investigation on different variants of

rule-based, fuzzy, and machine learning based expert systems for earthquake prediction has been presented. Moreover,

the discussion covers regional and global seismic data sets used, tools employed, to predict earth quake for different

geographical regions. Bibliometric and meta-information based analysis has been performed by classifying the articles

according to research type, empirical type, approach, target area, and system specific parameters.
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1. Fuzzy Expert System (FES)

The concepts of fuzzy set and fuzzy logic were introduced in 1965 by . Fuzzy expert system accepts input as crisp

variables and converts it into fuzzy variables. Fuzzy inference engine applies the rules suggested by an expert to

formulate the knowledge base. Fuzzy variables combined with linguistic variables to generate membership functions.

Techniques based on Fuzzy logic have the benefits over multiple procedures due to their ability to combine with linguistic

variables. These fuzzy variables would be converted back into the crisp variable to generate output through the process

called defuzzification. Fuzzy logic is more suitable in the situations where a greater number of uncertainties have been

involved, such as, earthquake prediction and in the scenarios where an approximate but quick solution is required. Fuzzy

logic is not a logic that is fuzzy itself, but a logic that can be used to demonstrate fuzziness . The vagueness of  fuzzy

logic has been highlighted in  by examining the events that cannot be recorded statistically such as crack in the

undergroundfault, etc. A new attenuation relationship has been proposed in  using three fuzzy input sets including

epicentral distance, earthquake magnitude and intensity using earthquake data set of Taiwan and United states of

America (USA). A normalized fuzzy ground motion model has been demonstrated using a rational design tool through a

combination of natural language with seismic data statistics to quantify response frequency. The earthquake pattern in the

Zagros range has been examined in  using fuzzy rule-based ES model for some earthquakes. The proposed model has

been evaluated using the Molchan statistical procedure by comparing complicated reasoning procedure of the forecasting

model with knowledge simulation provided by human experts using the datasets of Iran. A rock burst forecasting model

has been presented in  by studying the seismic features of coal mining in China. In this study, Gaussian shaped

membership function has been combined with the exponential distribution function using reliability theory. The

comprehensive forecasting result was obtained by integrating the maximum membership degree principle (MMDP) and

the variable fuzzy pattern recognition (VFPR) method. The performance of the proposed model has been evaluated using

seismic data collected over the period of four months. The proposed model has been able to forecast the rock burst

incident in the coal mine of China. Multiple algorithms have been combined for development of the hybrid prediction

model . Ionospheric disturbance has been examined in [26]and a fuzzy logic-based gradient descent method has been

proposed to forecast the ionospheric change parameters. The gradient descent estimated values were used to tune the

membership function. The satisfactory performance has been observed   during evaluated of the proposed model using

data collected from two geomagnetic storms on the low latitude.  has claimedearthquake prediction on the bases of the

classification of seismicsignals.

2. Rule Based Expert System (RBES)

In RBES domain knowledge is represented by a set of rules and the current situation is presented with the set of facts

stored in the database. An inference engine is responsible to match the rule with the fact. The fired rule may change the

set of facts and add new facts. Many researchers have used rule based expert system for earthquake prediction. A belief

rule based expert system has been presented in  to predict the earthquake under uncertainty. Specific animal behavior
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in response to environmental and chemical changes has been examined for earthquake prediction.  developed rules

from historical earthquake data using predicate logic. These rules have been mathematically validated on real time data.

Prediction is performed through RBES that takes current earthquake attributes for prediction of future earthquake.

3. Neuro Fuzzy Expert System (NFES)

Fuzzy logic is combined with neural networks to develop expert systems. Fuzzy logic provided a high level reasoning

procedure by including domain information from the domain expert and neural network has been used to develop low

level computational structures. The Neuro fuzzy expert system has been used in many articles to analyze multiple aspects

of data for earthquake predictions.  combined grid partition, subtractive clustering and fuzzy C-means (FCM) for the

development of models using NFES structure.  applied   NFES to compute land sliding   susceptibility using statistical

index (WI).  collected geographical information to pass through six different membership functions for measuring land

sliding susceptibility using NFES. Many researchers have analysed combination of artificial neural network and fuzzy

inference system . Earthquake attribute such as magnitude, depth, longitude and latitude has been studied

in  to provide input to NFES for computation of the future earthquake.

4. Machine Learning (Ml)

Machine Learning has been widely used for making earthquake predictions due to their ability to improve over time. With

the huge amount of earthquake instrumental data, machine learning approaches are capable enough to improve

efficiency and accuracy in earthquake prediction. Multiple machine learning methods including, Artificial Neural Network

(ANN), Support Vector machine (SVM), K-nearest neighbour (KNN), Native Bayes (NB) and random forest algorithms

have been exercised for earthquake prediction.  applied Artificial Neural Networks, Support Vector Machines and

Random Forests to perform temporal investigations on earthquake catalogue of Cyprus region and calculated sixty

seismic indictors for making short term earthquake prediction.  applied different machine learning algorithms namely

support vector machine (SVM), K-nearest neighbor (KNN), random forest (RF), and Naïve Bayes (NB) algorithms in R

programming language for earthquake prediction using seismic dataset of India.  studied the thermal anomalies that

happened before the earthquake occurred in Imphal, India, in 2016 and investigated multiple seismic facts through

satellite data using machine learning algorithms for an earthquake.  collected records of aftershocks of the Kermanshah

(Iran) Earthquake and applied different machine learning (ML) algorithms, including Naive Bayes, k-nearest neighbors, a

support vector machine, and random forests to predict future earthquakes by observing aftershock patterns.  exercised

neural networks for earthquake signal detection.  listed the detailed description of the monitoring techniques used for

earthquake prediction.  presented a comprehensive review of machine learning methods used for earthquake

prediction.  made seismic hazards forecasts by using two different machine learning based methods for both spatial and

space-time prediction of strong earthquakes.  determined the significance of shallow land slide triggers in making

earthquake forecasts using machine learning methods.  improved the conventional waveform correlation method and

presented a new method for detection of seismic signals for monitoring the false alarms using machine learning. 

identified, classified and reviewed the prominent machine/deep learning models used in energy systems.  discussed

multiple artificial intelligent models utilized for hydrologic model prediction in past decade.  highlighted the opportunities

and challenges presented by big data for informed decision-making.  developed a food forecast model using multiple

optimization methods.
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