Supratim Saha 
  
Pratik Naha 
  
Santonu Goswami 
  
Finding the best Machine Learning algorithm to forecast sedimentation in a wetland ecosystem in India: A comparative analysis

 considered for this analysis are Holt-Winters exponential smoothing, Moving Average(MA), AutoRegressive(AR), Autoregressive Moving Average(ARMA), AutoRegressive Integrated Moving Average(ARIMA), Seasonal AutoRegressive Integrated Moving Average(SARIMA), and Seasonal AutoRegressive Integrated Moving Average with Exogenous Variable(SARIMAX) models. RNN and Facebook Prophet models are used for deep learning model [2] analysis. After comparing the post-sample accuracy of popular ML methods thereupon of classical statistical ones, we found that the previous are dominated across both accuracy measures used and for all forecasting horizons examined and vice versa depending on the interval(i.e. daily, monthly or seasonal time interval) for which we're analyzing. Moreover, we observed that their computational requirements are considerably greater than those of classical statistical methods. The report explains how both the statistical and ML approaches work, discusses the results, and proposes some possible ways forward to decide which one to use. The empirical results found in our research stress the necessity for objective and unbiased ways to check the performance of forecasting methods which will be achieved through sizable and open competitions allowing meaningful comparisons and definite conclusions.

Introduction

What is a time series? -A time series [START_REF] Hamilton | Time series analysis[END_REF] is a sequence of observations taken sequentially in time. Looking at time-series data we can get to see how the data varies or changes over time. It is not possible just by looking at the data and say how much the data is subjected to variation which is introduced due to time. That is why we go through this analysis which is based mostly on Statistics and Mathematics, to determine the variation imparted on the data by Time. With the help of time-series analysis we can analyze any historical data and determine how the data will be in the future; i.e, forecasting. It is not possible to make exact predictions for future observations of the data but by means of statistical analysis, we are able to make predictions that are somewhat close to the actual observations in the future [START_REF] Farmer | Predicting chaotic time series[END_REF].

What are its applications? -In business, we observe weekly interest rates, daily closing stock prices, monthly price indices, yearly sales figures, then forth. In meteorology, we observe daily high and low temperatures, annual precipitation and drought indices, and hourly wind speeds. In agriculture, we record annual figures for crop and livestock production, erosion , and export sales. In the biological sciences, we observe the electrical activity of the guts at millisecond intervals. In ecology, we record the abundance of an animal species. The list of areas during which statistic are studied is virtually endless. The purpose of this analysis is usually twofold: to know or model the stochastic mechanism that provides rise to an observed series and to predict or forecast the longer term values of a series based on the history of that series and, possibly, other related series or factors [START_REF] Hoffmann | Temporal properties of spatially aggregated meteorological time series[END_REF].

Which of these applications will we focus on? -Ecology and Environmental applications. Time series are ubiquitous in all branches of ecology. This report will introduce a time series based on meteorology, which is a subset of the larger domain we talked about. The focus of this report is quite specific: how can one objectively determine whether a time series has changed with changing years? In time series terminology, this question is similar to asking if the series is stationary, although here we examine only certain types of nonstationarity [START_REF] Whittle | Estimation and information in stationary time series[END_REF]. The level of our study is limited. There is no attempt to give an introductory overview of time series analysis in ecology, nor to delve into formal mathematical and statistical questions. Rather, we offer a few practical comments on selected techniques for analyzing series that are, indeed, insightful.

What methods did we use to analyze our data? -Statistical methods as well as Machine Learning (ML) methods. We built statistical and ML models using the time series data we had which can later be used for predicting future values. The details of these models are described in later sections of this report. A somewhat unique feature of your time series and their models is that we usually cannot assume that the observations arise independently from a standard population (or from populations with different means, for example). Studying models that incorporate dependence is that the key concept in statistic analysis. Does using ML methods improve forecasting? -It depends. We can not jump into a conclusion which one works better. Out of ML and statistical methods which may outperform the other mostly depends on the data that have been used. The objective of ML methods [START_REF] Bontempi | Machine learning strategies for time series forecasting[END_REF] is the same as that of statistical ones. They both aim at improving forecasting accuracy by minimizing some loss function, typically the sum of squared errors. Their difference lies in how such a minimization is completed with ML methods utilizing nonlinear algorithms to try to to so while statistical ones linear processes. ML methods are computationally more demanding than statistical ones, requiring greater dependence on computer science to be implemented, placing them at the intersection of statistics and computer science.

Our Goals and Objectives? -Our goal will be to fit the data we have, into a model, using statistical and ML approaches and find out which model focuses on what component of the time series. We aim to choose the model that accounts most of the time-series components that are necessary for making future predictions. Broadly speaking, using the given data of the 20 years period we wish to forecast for coming days with the least amount of error.

Data and Methods

Data Description

We have used only one dataset for this project. The dataset contains data of twenty years period starting from the year 2000 to the end of 2019, the dataset contains 7247 no. of records. Any record displays data of the sedimentation level for 25 distinct measurements taken in a particular day and the average value of the 25 distinct measurements taken. Above are the first two rows from the dataset. Like them, a total of 7,247 rows are present and each record displays data for a particular day by which they are indexed.

Data Preparation and Wrangling

The first thing we had to do with our dataset is removing the missing/null values, which might have come into our dataset due to non-availability of data. There are different ways of removing the null values from our data:

1. Removing rows with them:

In this method the null values of removed together with the entire row,so it can lead to unnecessary deletion of data when multiple columns are involved.

2. Impute using mean, median, forward and backward fill etc.

In this method,instead of removing all the null values,it tends to interpolate or impute from the rest of the values and replace them with it.This vaues can be the mean or the median of the data in that column.

In Why did we create four different datasets for our analysis? -The reason is there can be many types of patterns in the data which is not prominent in the overall data. After creating small datasets [START_REF] Politis | Resampling time series with seasonal components[END_REF] from the original data, it helps us to get the idea very clearly if there is a seasonal pattern in the data, or if any pattern is present in the data which varies on a monthly basis; if that's the case, how do they vary, etc. We used statistical resampling techniques to create these datasets. The monthly dataset contains 240 rows which is basically average data for each month starting from 31-01-2000 to 31-12-2019 and indexed by corresponding end date of the month. The yearly dataset contains 20 rows for 20 consecutive years from 2000 to 2019 and indexed by corresponding end date of the year. The daily dataset obtained pretty much looks like the original dataset. And the seasonal dataset contains 80 records. Each year contains four seasons (Winter(December-February),Summer(March-May),Rainy(June-August) and Autumn(September-November)), so 20 years put together makes 80 records of data and indexed by corresponding end date of the seasons.

Using these four datasets our next job is to make forecasting models to predict average values of sedimentation level for each of the datasets. We will do that using Statistical and ML methods. But before we move on to that part, we need to check whether the data is stationary or not. If the data isn't stationary then we need to make necessary transformations in our data to make it stationary before moving onto training our model.

In contrast to sophisticated time series forecasting methods, where achieving stationarity is considered essential [START_REF] Rappoport | Segmented trends and non-stationary time series[END_REF], some studies claiming that ML methods are capable of effectively modeling any type of data pattern and can therefore, be applied to the original data. Other studies, however, have concluded the opposite, claiming that without appropriate preprocessing, ML methods may become unstable and yield suboptimal results.

Preprocessing [START_REF] Wang | Time series classification from scratch with deep neural networks: A strong baseline[END_REF] can be applied in three forms: Seasonal adjustments, log or power transformations, and removing the trend. For instance, we found that many ML algorithms can not capture seasonality adequately, while some ML algorithms claim exactly the opposite. There is a greater agreement concerning the trend. Yet, more empirical results are needed to support the conclusions related to preprocessing, including the most appropriate way to eliminate the trend in the data. In this study, the following indicative alternatives are used:

• Original data • Transforming the data: The first order difference or the difference of the log terms of the original data is taken to remove the presence of possible trend.

• Deseasonalizing the data: This step is taken when there is the possibility of the presence of seasonality in the time plot that is there is significant correlation noted in the ACF and PACF plots after a regular intervals of 12 or 24 lags in case of monthly plots.No such step is required in the case of Holt-Winters smoothing where Seasonality smoothing is taken into consideration [START_REF] Nelson | Time series forecasting using neural networks: Should the data be deseasonalized first?[END_REF].

• Detrending the data: The first order difference or the difference of the log terms of the original data is taken to remove the presence of possible trend [START_REF] Raffalovich | Detrending time series: A cautionary note[END_REF].

• Combination of the above three: All the above techniques can be used to reap the rewards and achieve forecasting from the original data.

Above are the traditional methods of making transformations in the data. We didn't use all of these methods in our datasets. Checking stationarity is very important and for our datasets we used Augmented Dickey-Fuller test.

Augmented Dickey-Fuller Test:

The hypotheses for the test:

• The null hypothesis for this test is that there is a unit root.

• The alternate hypothesis differs slightly according to which equation you're using. The basic alternate is that the statistic is stationary (or trend-stationary)

We use Augmented Dickey-Fuller stationarity test to find out if the time series at given time interval is stationary or not. A time series is stationary if the mean and variance are fixed between any two equidistant points. That is, no matter where we take our observations, the results should be the same. A times series that shows seasonality is not stationary. A test for stationarity usually involves unit root hypothesis test, where the null hypothesis H0 is that the series is nonstationary, and contains a unit root. The alternate hypothesis H1 supports stationarity.

Using this tests on our datasets we have got the following result:

Monthly Data: Data is stationary.

Yearly Data: Data is stationary.

Daily Data: Data is non-stationary. We took difference of log transformed values and ran this test which says the transformed data is stationary.

Seasonal Data: Due to downtown trend the data seems to be non-stationary. We made the series stationary by using differencing of order 1 of successive values. Now we will move on to our model training and test part for forecasting methods, which we will do by means of statistical and ML methods.

Forecasting Methods

The traditional way to deal with time series forecasting is derived from the regression. The standard regression model includes determining a direct parametric connection between a lot of explanatory factors (or exogenous factors) and the dependent (or endogenous variable). The parameters of the model are regularly assessed during a kind of ways, going as far as the "Least Squares" strategy, yet the methodology consistently comes full circle in making progress toward some type of symmetry between the independent features and the residuals of the regression. That is, we wish to express the linear relationship [START_REF] Said | Unit-roots test for time-series data with a linear time trend[END_REF] in a form in which the innovations represent that part of our information which is completely unpredictable. It should probably also be emphasized that in the engineering context this is analogous to reducing a signal to "white noise".

Classical Forecasting Methods

This literature demonstrates 11 different classical time series forecasting [START_REF] Papacharalampous | Predictability of monthly temperature and precipitation using automatic time series forecasting methods[END_REF] Next we'll talk about these above models:

2.3.1.1. Autoregression (AR)
We are looking at some general stochastic processes that are useful in understanding the driving mechanisms behind the Time Series that we encounter. We can generalize a random walk to an autoregressive process of order p, denoted AR(p). This has to do with the formula 𝑋𝑡=𝑍𝑡+ℎ𝑖𝑠𝑡𝑜𝑟𝑦 That's a little vague, so let's spell out what we mean by "history". We can also find possible order of AR(p) process from PACF plot. Let's take the 𝑍𝑡′s to be white noise 𝑍𝑡∼𝑖𝑖𝑑(0, 𝜎2)

By history we mean that we include previous terms in the process as 𝐻𝐼𝑆𝑇𝑂𝑅𝑌= 𝜙1𝑋𝑡-1+⋯+𝜙𝑝𝑋𝑡-𝑝 So, we then have 𝐴𝑅(𝑝) 𝑝𝑟𝑜𝑐𝑒𝑠𝑠: 𝑋𝑡=𝑍𝑡+𝜙1𝑋𝑡-1+⋯+𝜙𝑝𝑋𝑡-𝑝

Moving Average (MA)

A moving average process will create a new set of random variables from an old set, just like the random walk does, but now we build them as, for IID 𝑍𝑡 with 𝐸[𝑍𝑡]=0 and 𝑉[𝑍𝑡]=𝜎𝑍2 𝑀𝐴(𝑞) 𝑝𝑟𝑜𝑐𝑒𝑠𝑠: 𝑋𝑡=𝛽0𝑍𝑡+𝛽1𝑍𝑡-1+⋯+𝛽𝑞𝑍𝑡-𝑞

The parameter q tells us how far back to look along the white noise sequence for our average.ACF plot tells us possible order of MA(q) process.

Autoregressive Moving Average (ARMA)

We are looking at ARMA processes. We have seen how to express simple cases of ARMA as either Moving Average or Autoregressive Processes and now we turn to an example. Remember that we form a mixed process by bringing together an MA(q) and an AR(p)

𝑋𝑡=𝑁𝑜𝑖𝑠𝑒+𝐴𝑢𝑡𝑜𝑅𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑣𝑒 𝑃𝑎𝑟𝑡+𝑀𝑜𝑣𝑖𝑛𝑔 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑃𝑎𝑟𝑡 𝑋𝑡=𝑍𝑡+𝜙1𝑋𝑡-1+⋯+𝜙𝑝𝑋𝑡-𝑝+𝜃1𝑍𝑡-1+⋯+𝜃𝑞𝑍𝑡-𝑞.
The orders of AR(p) and MA(q) can be used as parameters for developing ARMA(p,q) model.

Autoregressive Integrated Moving Average (ARIMA)

ARIMA.(p,d,q) processes are simple extensions of ARMA(p,q) processes where the data on which the model is applied is non-stationary.That is we apply differencing on the data whose order is defined by the parameter d and on account of which the notation I in ARIMA(p,d,q).  AR(p) Autoregression -a regression model that utilizes the dependent relationship between a current observation and observations over a previous period.

 I(d) Integration -uses differencing of observations (subtracting an observation from an observation at the previous time step) in order to make the time series stationary  MA(q) Moving Average -a model that uses the dependency between an observation and a residual error from a moving average model applied to lagged observations.

Seasonal Autoregressive Integrated Moving-Average (SARIMA)

The Seasonal Autoregressive Integrated Moving Average (SARIMA) method models processes are simple extensions of ARMA(p,q) processes where the data on which the model is applied is non-stationary and seasonal in nature.

In this model there is a combination of the ARIMA model with seasonal order ie when there is a repetition of pattern after a certain period. The notation for the model involves specifying the order for the AR(p), I(d), and MA(q) models as parameters to an ARIMA function and AR(P), I(D), MA(Q) and m parameters at the seasonal level, e.g. SARIMA(p, d, q)(P, D, Q)m where "m" is that the number of your time steps in each season (the seasonal period).

Seasonal Autoregressive Integrated Moving-Average with Exogenous Regressors (SARIMAX)

The Seasonal Autoregressive Integrated Moving-Average with Exogenous Regressors (SARIMAX) is an extension of the SARIMA model of exogenous variables We look now to models that encompass these non-seasonal (p,d,q) and seasonal (P,D,Q,m) factors, but introduce the idea that external factors (environmental, economic, etc.) can also influence a time series, and be used in forecasting.The previous models were based on endogenous variables.As opposed to the previous models, the exogenous variables are modelled at each time step in this model but not like the endogenous variables as in AR,MA or ARIMA processes.

Vector Autoregression (VAR)

The Vector Autoregression (VAR) method is the generalization of AR process to multiple parallel time series, e.g. multivariate time series. The notation for the model involves specifying the order for the AR(p) model as parameters to a VAR function, e.g. VAR(p).

Similarly as in AR process,there can be parallel time series analysis corresponding to ARMA process called VARMA and ARMAX process caleed VARMAX. The extension of Simple exponential smoothing is Holt-Winter's Exponential Smoothing where we take the trend and seasonality into consideration [START_REF] Weigend | Time series prediction: forecasting the future and understanding the past[END_REF]. The equations for forecast with additive seasonality will look like 𝑥n+h=leveln +h⋅trendn+seasonal𝑛+ℎ-𝑚 Once we develop a one-step-ahead term called 𝑡𝑟𝑒𝑛𝑑𝑛, we move into the future ℎ steps in the simplest possible way by multiplying 𝑡𝑟𝑒𝑛𝑑𝑛 by the number of time lags h we wish to look into the future Multiplicative seasonality will look much the same, except that we will multiply 𝑥n+h=(leveln +h⋅trendn)⋅seasonal𝑛+ℎ-𝑚 The method is suitable for univariate time series with trend and/or seasonal components.

Deep Learning based Forecasting Methods

Traditionally, time series forecasting has been dominated by linear methods because they are well understood and effective on many simpler forecasting problems. Deep learning neural networks are able to automatically learn arbitrary complex mappings from inputs to outputs and support multiple inputs and outputs.

The deep learning based models [START_REF] Kim | Artificial neural networks for non-stationary time series[END_REF] that can be used for time series analysis are following:

Multilayer Perceptrons (MLPs)

Network Networks like Multilayer Perceptrons(MLPs) provide capabilities like the following :

• Robust to Noise-This kind of neural networks are indifferent to the presence of noise or missing values in the input data.

• Nonlinear-It does not make any prior assumptions regarding the mapping function and judges by itself the nature of relationship between the input and output.

• Multi-step Forecasts.MLPs are flexible in regard to producing outputs whether it is it single or multiple in nature.

For these capabilities , feedforward neural networks may be useful for time series forecasting [START_REF] Brownlee | Deep Learning for Time Series Forecasting: Predict the Future with MLPs, CNNs and LSTMs in Python[END_REF].

Convolutional Neural Networks (CNNs)

The type of neural network models that can handle image data and prdict future results based on that are called convolutional neural networks(CNNs).A sequence of data related to time can be treated a one-dimensional image on which the CNN can work on produce results based on its salient features.CNNs use the sequence of rectification, pooling and then flattening into appropriate numbers of inputs.

Long Short-Term Memory Networks (LSTMs)

Recurrent neural systems like the Long Short-Term Memory network or LSTM include the treatment of order between perceptions when taking in a mapping function from inputs to outputs. They are a sort of neural network that includes help for input made out of arrangements of observations. • Native Support for Sequences. Repetitive neural systems straightforwardly include support for input data. This capacity of LSTMs has been utilized to extraordinary impact in complex NLP problems, for example, neural machine interpretation where the model must get familiar with the interrelationships between words both inside a given language and predict the next word for a given set of words as input.

• Learned Temporal Dependence. The most pertinent setting of input to the normal output is found out and can change progressively. The model both takes in a mapping and takes in what context from the sequence is valuable for the mapping, and can powerfully change this setting .

Recurrent Neural Network (RNN)

A recurrent neural network (RNN) is a type of ANN where connections between nodes structure a co-ordinated graph along a sequence. This permits it to exhibit temporal dynamic behavior. RNNs are derived from feedforward neural network. Simple RNN contains feedback connections so as to consider past states along with the current input before creating the last output(s). This is done by saving a duplicate of the previous estimations of the layer containing the recurrent nodes and utilising them as an additional input for the subsequent stage. In this respect, the network is allowed to show dynamic temporal behavior for a period. It comprises of two layers, a hidden one containing recurrent nodes and an output layer consisting of linear nodes.

Facebook Prophet Model

Prophet is an open source library distributed by Facebook that depends on decomposable (trend+seasonality+holidays) models. It gives us the capacity to make time series predictions with accuracy utilizing straightforward instinctive parameters and has support for including effect of custom seasonality and occasions..

In the above segment we depicted the absolute most usually utilized modelling strategies. There are a lot more progressively separated from this which are utilized in Machine Learning yet not referenced here. We additionally left the scientific definitions for various demonstrating procedures for comfort of staying away from complex languages. Additionally, out of every one of these models we referenced, each model is utilized with respect to some particular setting. We can not take a solitary dataset and apply all the above models on that. Which demonstrating procedure ought to be utilized, relies upon the sort of time arrangement. Like, MLP can more readily be utilized for Multivariate time arrangement information; the dataset we utilized is a univariate time arrangement information, so we can't utilize this calculation on our dataset. Contingent upon the pattern, we pick which calculation we should use to model our data [START_REF] Gamboa | Deep learning for time-series analysis[END_REF].

Results and Analysis

Insights from Data Visualization

As we mentioned in above sections, we have resampled our data into four different datasets which are on monthly, daily, annual and seasonal basis. The monthly values of 25 points is plotted : We see similar behaviour from the time plots of yearly values of 25 points.So we take similar step as that for the monthly dataset. We take similar actions for the seasonal and daily dataset where we only consider the average column our time series analysis. Look this is way too convoluted. Table 3.1-Possible orders of AR(p) and MA(q) from PACF and ACF plots respectively

These AR(p) and MA(q) values can vary and take values other than what we mentioned in above table. There are numerous software available now which can handle the computational complexity of modelling the data using multiple values of p and q in combination and choosing out the one pair for which we can have the best model.

Next we will move on to the modelling part. The first thing we needed to do a train test split.

Using the training data we will fit the model and then we will test the model on our test data. To evaluate how our model is doing on the data there are some standard error metrics and we will talk about them in the next section.

Error Metrics

Picking the correct model to forecast future expectations is the most significant part for time series analysis. For that we have to quantify the performance of the model i.e, how well the model is adhering to the actual values. There are numerous different performance measures to choose from. It tends to be confusing to realize which measure to utilize and how to decipher the outcomes. Time series for the most part work in the forecast of genuine qualities, called regression problems. In this manner the performance quantifies in this investigation will concentrate on strategies for assessing real-valued expectations [START_REF] Entekhabi | Performance metrics for soil moisture retrievals and application requirements[END_REF] Next we'll talk about the most used error measures which were also used for evaluating our model- Forecast Error (or Residual Forecast Error) : Forecast Error = Expected Value -Predicted Value  Mean Forecast Error (or Forecast Bias) : Mean Forecast Error = mean(Forecast Error)  Mean Squared Error : Mean Squared Error = mean(Forecast Error^2)  Root Mean Squared Error: RMSE = √MSE If any of the above forecasting metrics have value equals to zero, that implies there is no error in forecasting i.e, our data perfectly fits the model, which shouldn't be the case. If it happens we can be sure that our model overfits the data.

Performance and Model Evaluation

In our case, we created as many models possible for our time series using the training data. As we mentioned earlier, we made four different datasets from the original one for monthly, daily, yearly and seasonal interval analysis. For all the datasets we divided the data into training and testing sets [START_REF] May | Data splitting for artificial neural networks using SOM-based stratified sampling[END_REF]. Using the training set we trained the model and after deriving the model we used it on the test set for forecasting predictions to determine how much the predictions deviate from the actual value. In each of the four cases we took data for 19 years i.e. from 2000 to end of 2018 as our training set and forecasted values for the year 2019 which we took as testing set. Out of all the models which gave us the lowest RMSE [START_REF] Zeger | Exposure measurement error in time-series studies of air pollution: concepts and consequences[END_REF], we took that model for forecasting. Below is a table containing the model names and the corresponding RMSE values when applied on test sets. The models that give the lowest RMSE in each case are highlighted in green.

Conclusion

From the above comparison we can find that ARIMA(2,1,5) is the best fit model for the Monthly Data with the minimum RMSE.But seasonality being involved in the original dataframe we cannot help but consider SARIMA(1,1,1)(1,0,1,12) to be the best fit model.Thus we should ignore the slight difference in RMSE values with that of the ARIMA model and consider the SARIMA model to be the best fit model and in case of deep learning models we can use RNN models for accuracy.

From the above comparison we can find that Facebook Prophet Model is the best fit model for the Daily Data with the minimum RMSE.For small time intervals Prophet model is ideal for time series forecasting and thus it is shown for daily data.In case of deep learning models we can use RNN models for accuracy.

From the above comparison we can find that SARIMA(0,0,1)(1,0,1,4) to be the best fit model due to the involvement of seasonality after 4 seasons and in case of deep learning models we can use RNN models for accuracy.Facebook Prophet Model is the worst model in this case.

From the above comparison we can find that Double Exponential Smoothing(Additive) is the best fit model for the Yearly Data with the minimum RMSE.

As we can see the model which gives the least RMSE varies for each of the datasets. This is quite natural. As an example, SARIMA model includes Seasonal component of the time series whereas ARIMA doesn't, and as a result, SARIMA fits the seasonal data better than ARIMA fits it. We also used modern ML methods like RNN, Facebook Prophet as well. The ML methods are supposed to work better in most of the cases, but broadly speaking, it mainly depends on the data we are handling. There might be other methods as well which can fit the data better, but whatever it is, it must be a Statistical approach or a ML based approach. Below are few suggestions that can actually help an analyst to infer better from the data. At this point, the following suggestions/speculations, that must be empirically verified, can be made about the way forward regarding the ML & Statistical methods:

. • Obtain more data about the future estimations of the data instead of their previous ones and base the optimisation on such future qualities however much as could be possible. • Deseasonalize the information before utilizing ML strategies. This will bring about a less complex one, lessening the computational time required to show up at ideal weights and, along these lines, learn quicker.

• Avoid overfitting as it isn't clear if ML models can effectively recognize the noise from the pattern of the data.

•

Allow the estimation of uncertainity for the point forecasts and give data to the development of confidence intervals.
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  The dataset looks like:

	Date	Point1	Point2	Point3	……....	……...	……....	Point24	Point25	Average
	24-02-2000	30.28	31.88	29.51	….	….	….	22.36	23.95	20.563
	25-02-2000	30.28	31.88	29.51	….	….	….	22.36	23.95	20.587

Table 2 .

 2 1-Complete dataset consisting of daily values for 25 points and Average for 20 years.

  If you'd like to make a forecast based upon past values, but would like to give a greater weighting to values that are more recent, consider Simple Exponential Smoothing (SES). All we need is a decaying sequence of weights. Modified versions of exponential smoothing like, Double Exponential Smoothing, Triple Exponential Smoothing are nowadays also used where we can add the seasonality and trend as well.

	new level=α⋅new information+(1-α)⋅old level
	𝑥n+1=α.xn+(1-α). x̂n
	2.3.1.9. Holt Winter's Exponential Smoothing (HWES)

2.3.1.8. Simple Exponential Smoothing (SES)

We plotted our data using the exponential smoothing as well, from 2017