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APPENDIX B- CODING 

 

Code to calculate WQI using the WQI-PCA dataset 

importing pandas as pd    

import pandas as pd    

Read and store content    

 of an excel file     

read _file = pd.read _excel ("WQI-PCA.xlsx")    

Write the dataframe object into csv file    

read _file.to _csv ("WQI-PCA.csv",     

index = None,    

header=True)    

read csv file and convert into a dataframe object    

df = pd.DataFrame(pd.read _csv("WQI-PCA.csv"))    

show the dataframe    

df   

Temp = df[df.columns[0]]   

Temp   

i = 1   

Temp=[]   

for i in range(len(df)):   

s1=28   

w1=0.004249273   

v1=df[df.columns[0]][i]   

q1=(v1/s1)*100   

tmp = w1*q1   

print(tmp)   

Temp.append(tmp)   
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pH= df[df.columns[1]]   

i=1   

pH=[]   

for i in range(len(df)):   

s2=8.5   

w2=0.013997604   

v2=df[df.columns[1]][i]   

q2=(v2/s2)*100   

p2 = w2*q2   

print(p2)   

pH.append(p2)   

"---------------"for each attribute similar coding   

fc= df[df.columns[26]]  # FC   

i = 1   

fc=[]   

for i in range(len(df)):   

s27= 60   

w27=0.001982994   

v27=df[df.columns[26]][i]   

q27=(v27/s27)*100   

fc27 = w27*q27   

print(fc27)   

fc.append(fc27)   

wqi=[]   

total=0   

for i in range(len(df)):   

total=Temp[i]+pH[i]+cd[i]+tr[i]+pa[i]+ta[i]+ch[i]+cod[i]+tkn[i]+am[i]+ha[i]+cal[i]+mg[i]+sl[i]

+so[i]+tss[i]+tds[i]+fds[i]+ps[i]+b[i]+do[i]+bod[i]+fl[i]+do[i]+ni[i]+tc[i]+fc[i]   

wqi.append(total)   
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print(wqi)   

df = pd.read _csv('WQI-PCA.csv')   

df.head()   

df["WQI"] = wqi   

df. to _csv("WQI-PCA.csv", index=False)   

 textbf{Code for Exploratory Data Analysis}   

import pandas as pd   

import numpy as np   

import seaborn as sns                          

import matplotlib.pyplot as plt                

get _ipython().run _line _magic('matplotlib', 'inline')   

sns.set(color _codes=True)   

df = pd.read _csv("weather.csv")   

 # To display the top 5 rows    

df.head(5)   

df.tail(5)      

df.dtypes   

df.shape   

duplicate _rows _df = df[df.duplicated()]   

print("number of duplicate rows: ", duplicate _rows _df.shape)   

df.count()       # Used to count the number of rows   

df.describe()   

df = df.drop _duplicates()   

df.head(5)    

df.count()   

print(df.isnull().sum())   

df = df.dropna()     # Dropping the missing values.   

df.count()   
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print(df.isnull().sum())    # After dropping the values   

plt.figure(figsize=(10,5))   

c= df.corr()   

sns.heatmap(c,cmap="BrBG",annot=True)   

c   

 # Create the default pairplot   

sns.pairplot(df)   

df.hist()   

sns.boxplot(x=df['Temp'])   

sns.boxplot(x=df['pH'])   

sns.boxplot(x=df['Conductivity '])   

sns.boxplot(x=df['Turbidity'])   

sns.boxplot(x=df['Total Alkalinity'])   

sns.boxplot(x=df['Cholride'])   

sns.boxplot(x=df['COD'])   

sns.boxplot(x=df['TKN'])   

sns.boxplot(x=df['Ammonia'])   

sns.boxplot(x=df['Hardness'])   

sns.boxplot(x=df['Sodium'])   

sns.boxplot(x=df['TDS'])   

sns.boxplot(x=df['FDS'])   

sns.boxplot(x=df['Pottassium'])   

sns.boxplot(x=df['BOD'])   

sns.boxplot(x=df['Fluoride'])   

sns.boxplot(x=df['Nitrate-N'])   

sns.boxplot(x=df['TC'])   

sns.boxplot(x=df['Dew'])   

sns.boxplot(x=df['Humidity'])   
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sns.boxplot(x=df['Sealevelpressure'])   

sns.boxplot(x=df['Precipitation''])   

sns.boxplot(x=df['Precipcover'])   

sns.boxplot(x=df['Windspeed'])   

sns.boxplot(x=df['Cloudcover'])   

sns.heatmap(c)   

sns.heatmap(c,cmap="BrBG")   

d=df.corr(method ='pearson')   

d   

 Code for Feature Selection  

from sklearn.datasets import make _regression   

from sklearn.model _selection import train _test _split   

from sklearn.feature _selection import SelectKBest   

from sklearn.feature _selection import f _regression   

from matplotlib import pyplot   

 # feature selection   

def select _features(X _train, y _train, X _test):   

 # configure to select all features   

fs = SelectKBest(score _func=f _regression, k='all')   

 # learn relationship from training data   

fs.fit(X _train, y _train)   

 # transform train input data   

X _train _fs = fs.transform(X _train)   

 # transform test input data   

X _test _fs = fs.transform(X _test)   

return X _train _fs, X _test _fs, fs   

 # load the dataset   

X, y = make _regression(n _samples=1000, n _features=100, n _informative=10, noise=0.1,   

random _state=1)   
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import pandas as pd   

import seaborn as sns   

df = pd.read _csv('WQI.csv')   

df.head()   

 #Divide the features into Independent and Dependent Variable   

X = df.drop('WQI' , axis =1)   

y = df['WQI']   

 # split into train and test sets   

X _train, X _test, y _train, y _test = train _test _split(X, y, test _size=0.33, random _state=1)   

 # feature selection   

X _train _fs, X _test _fs, fs = select _features(X _train, y _train, X _test)   

 # what are scores for the features   

for i in range(len(fs.scores _)):   

print('Feature  %d:  %f'  % (i, fs.scores _[i]))   

 # plot the scores   

pyplot.bar([i for i in range(len(fs.scores _))], fs.scores _)   

pyplot.show()   

 Code for WQI Prediction using GRU using WQI-PCA Dataset 

import tensorflow as tf   

import pandas as pd   

import numpy as np   

from sklearn.preprocessing import MinMaxScaler   

from sklearn.metrics import mean _absolute _error, mean _squared _error, r2 _score   

from tensorflow.keras.layers import Dense, LSTM, Dropout, GRU   

 # load the dataset   

df = pd.read _csv("WQI _PCA.csv")   

df   

 # extract the target variable   
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y = df['WQI'].values   

 # drop the target variable from the dataset   

df = df.drop(['WQI'], axis=1)   

 # normalize the input data using MinMaxScaler   

scaler = MinMaxScaler()   

X = scaler.fit _transform(df)   

X   

df   

 # split the data into training and testing sets   

split = int(0.8 * X.shape[0])   

X _train, X _test = X[:split, :], X[split:, :]   

y _train, y _test = y[:split], y[split:]   

 # convert the training and testing sets to constants   

X _train = tf.constant(X _train, dtype=tf.float32)   

y _train = tf.constant(y _train, dtype=tf.float32)   

X _test = tf.constant(X _test, dtype=tf.float32)   

y _test = tf.constant(y _test, dtype=tf.float32)   

 # add an additional dimension to the input data   

X _train = tf.expand _dims(X _train, axis=-1)   

X _test = tf.expand _dims(X _test, axis=-1)   

 # create the GRU model   

model = tf.keras.Sequential()   

model.add(tf.keras.layers.GRU(64, input _shape=(X _train.shape[1], 1), return 

_sequences=True))   

model.add(tf.keras.layers.GRU(32))   

model.add(tf.keras.layers.Dense(1, activation='linear'))   

model.add(Dropout(0.2))   

 # compile the model   

model.compile(optimizer='adam', loss='mean _squared _error')   
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 # fit the model on the training data   

history= model.fit(X _train, y _train, epochs=200,validation _split = 0.2, batch _size=64, 

verbose=2)   

 # make predictions on the test data   

y _pred = model.predict(X _test)   

y _pred = y _pred.reshape(-1,)   

 # calculate the evaluation metrics   

mae = mean _absolute _error(y _test, y _pred)   

mse = mean _squared _error(y _test, y _pred)   

rmse = np.sqrt(mse)   

r2 = r2 _score(y _test, y _pred)   

 # print the evaluation metrics   

print("MAE:", mae)   

print("MSE:", mse)   

print("RMSE:", rmse)   

print("R2-Score:", r2)   

 Code for WQI Prediction using WQI-SA Dataset and LSTM 

import pandas   

import matplotlib.pyplot as plt   

dataset = pandas.read _csv('WQI-SA.csv', usecols=[], engine='python')   

 # LSTM for Water quality  problem with regression framing   

import numpy   

import matplotlib.pyplot as plt   

from pandas import read _csv   

import math   

from keras.models import Sequential   

from keras.layers import Dense   

from keras.layers import LSTM   

from sklearn.preprocessing import MinMaxScaler   
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from sklearn.metrics import mean _squared _error   

 # convert an array of values into a dataset matrix   

def create _dataset(dataset, look _back=1):   

dataX, dataY = [], []   

for i in range(len(dataset)-look _back-1):   

a = dataset[i:(i+look _back), 0]   

dataX.append(a)   

dataY.append(dataset[i + look _back, 0])   

return numpy.array(dataX), numpy.array(dataY)   

 # fix random seed for reproducibility   

numpy.random.seed(7)   

 # load the dataset   

dataframe = read _csv('weather.csv', usecols=[38], engine='python')   

dataset = dataframe.values   

dataset = dataset.astype('float32')   

 # normalize the dataset   

scaler = MinMaxScaler(feature _range=(0, 1))   

dataset = scaler.fit _transform(dataset)   

 # normalize the dataset   

scaler = MinMaxScaler(feature _range=(0, 1))   

dataset = scaler.fit _transform(dataset)   

 # split into train and test sets   

train _size = int(len(dataset) * 0.67)   

test _size = len(dataset) - train _size   

train, test = dataset[0:train _size,:], dataset[train _size:len(dataset),:]   

train, test = dataset[0:train _size,:], dataset[train _size:len(dataset),:]   

 # reshape into X=t and Y=t+1  

look _back = 1   
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trainX, trainY = create _dataset(train, look _back)   

testX, testY = create _dataset(test, look _back)   

 # reshape input to be [samples, time steps, features]   

trainX = numpy.reshape(trainX, (trainX.shape[0], 1, trainX.shape[1]))   

testX = numpy.reshape(testX, (testX.shape[0], 1, testX.shape[1]))   

 # create and fit the LSTM network   

model = Sequential()   

model.add(LSTM(4, input _shape=(1, look _back)))   

model.add(Dense(1))   

model.compile(loss='mean _squared _error', optimizer='adam')   

model.fit(trainX, trainY, epochs=10, batch _size=1, verbose=2)   

 # make predictions   

trainPredict = model.predict(trainX)   

testPredict = model.predict(testX)   

print(trainPredict.shape)   

print(testPredict.shape)   

 # invert predictions   

trainPredict = scaler.inverse _transform(trainPredict)   

trainY = scaler.inverse _transform([trainY])   

testPredict = scaler.inverse _transform(testPredict)   

testY = scaler.inverse _transform([testY])   

y _pred=testPredict   

y _test=testX   

print( (y _test),(y _pred))   

from sklearn import metrics   

testScore = metrics.mean _absolute _error(testY[0], testPredict[:,0])   

print('Test Score:  %.4f MAE'  % (testScore))   

from sklearn import metrics   
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 # calculate mean squared error   

testScore = metrics.mean _squared _error(testY[0], testPredict[:,0])   

print('Test Score:  %.5f MSE'  % (testScore))   

 # calculate root mean squared error   

testScore = math.sqrt(mean _squared _error(testY[0], testPredict[:,0]))   

print('Test Score:  %.4f RMSE'  % (testScore))   

from sklearn import metrics   

 # calculate r squared    

testScore = metrics.r2 _score(testY[0], testPredict[:,0])   

print('Test Score:  %.2f R2 score'  % (testScore))   

from sklearn import metrics   

 # calculate Explained _Variance   

testScore = metrics.explained _variance _score(testY[0], testPredict[:,0])   

print('Test Score:  %.2f Explained _Variance'  % (testScore))   

Code for WQI Prediction using TFT   

EPOCHS = 200   

INLEN = 32   

HIDDEN = 64   

LSTMLAYERS = 2   

ATTHEADS = 1   

DROPOUT = 0.1   

BATCH = 32   

N _FC = 12            # default forecast horizon   

RAND = 42            # set random state   

N _SAMPLES = 100      # number of times a prediction is sampled from a probabilistic model   

N _JOBS = 3           # parallel processors to use;  -1 = all processors   

 # default quantiles for QuantileRegression   

QUANTILES = [0.01, 0.05, 0.1, 0.2, 0.25, 0.5, 0.75, 0.8, 0.9, 0.95, 0.99]   
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TRAIN = "20201201"   # train/test split   

MSEAS = 12          # max seasonality to check: months   

ALPHA = 0.05         # significance level for seasonality test   

FIGSIZE = (9, 6)   

qL1, qL2, qL3 = 0.01, 0.05, 0.10        

  # percentiles of predictions: lower bounds   

qU1, qU2, qU3 = 1-qL1, 1-qL2, 1-qL3     

 # upper bounds derived from lower bounds   

label _q1 = f'{int(qU1 * 100)} / {int(qL1 * 100)} percentile band'   

label _q2 = f'{int(qU2 * 100)} / {int(qL2 * 100)} percentile band'   

label _q3 = f'{int(qU3 * 100)} / {int(qL3 * 100)} percentile band'   

import numpy as np   

import pandas as pd   

import matplotlib.pyplot as plt   

from darts import TimeSeries, concatenate   

from darts.dataprocessing.transformers import Scaler   

from darts.models import TFTModel, NaiveSeasonal, NaiveDrift, ExponentialSmoothing   

from darts.utils.statistics import check _seasonality, extract _trend _and _seasonality   

from darts.metrics import mape   

from darts.utils.timeseries _generation import datetime _attribute _timeseries   

from darts.utils.likelihood _models import QuantileRegression   

from darts.utils.utils import ModelMode, SeasonalityMode, TrendMode   

pd.set _option("display.precision",2)   

np.set _printoptions(precision=2, suppress=True)   

pd.options.display.float _format = '{:,.2f}'.format   

df = pd.read _csv('WQI-SA.csv')   

series = TimeSeries.from _dataframe(df, 'Month','WQI')   

ts = series / TimeSeries.from _series(series.time _index.days _in _month)   
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ts = ts.astype(np.float32)   

print(type(ts))   

df = ts.pd _dataframe()   

print(df.shape[0])   

print(df.shape[1])   

ts = TimeSeries.from _series(df["WQI"])    

plt.figure(100, figsize=(18, 5))   

ts.plot();   

mseas=MSEAS   

for m in range(2, MSEAS):   

is _seasonal, mseas = check _seasonality(ts, m=m, alpha=ALPHA, max _lag=MSEAS)   

if is _seasonal:   

break   

print("seasonal? " + str(is _seasonal))   

if is _seasonal:   

print('There is seasonality of order {} months'.format(mseas))   

ts _trend, ts _seas = extract _trend _and _seasonality(ts=ts, freq=mseas)   

 # train/test    

if isinstance(TRAIN, str):   

split = pd.Timestamp(TRAIN)   

else:   

split = TRAIN   

ts _train, ts _test = ts.split _after(split)   

 #print(ts _train.count())   

 #scale the time series on the training settransformer = Scaler()   

transformer = Scaler()   

ts _ttrain = transformer.fit _transform(ts _train)   

print(len(ts _ttrain))   
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ts _ttest = transformer.transform(ts _test)   

ts _t = transformer.transform(ts)   

 # create covariates: year, month, and integer index series   

cov = datetime _attribute _timeseries(ts, attribute="year", one _hot=False)   

cov = cov.stack(datetime _attribute _timeseries(ts, attribute="month", one _hot=False))   

cov = cov.stack(TimeSeries.from _times _and _values( 

times=ts.time _index,  

values=np.arange(len(ts)),  

columns=["linear _increase"]))   

cov = cov.astype(np.float32)   

 # train/test   

train _cov, test _cov = cov.split _after(split) 

 # rescale the covariates: fit on the training set   

scaler = Scaler()   

scaler.fit(train _cov)   

tcov = scaler.transform(cov)   

 # naive seasonal forecast   

modelNs = NaiveSeasonal(K=mseas)   

modelNs.fit(ts _train)   

ts _predNs = modelNs.predict(len(ts _test))   

 # naive drift (trend) forecast   

modelNd = NaiveDrift()   

modelNd.fit(ts _train)   

ts _predNd = modelNd.predict(len(ts _test))   

ts _predN = ts _predNd + ts _predNs - ts _train.last _value()   

plt.figure(100, figsize=(18, 5))   

ts.plot(label="actual")   

ts _predN.plot(label="naive forecast")   
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plt.title("Naive Forecast (MAPE: {:.2f} %)".format(mape(ts _test, ts _predN)))   

plt.legend();   

 # search space for best theta value: check 100 alternatives   

modelX = ExponentialSmoothing( 

seasonal _periods=mseas,  

seasonal=ModelMode.MULTIPLICATIVE)   

modelX.fit(ts _train)   

ts _predX = modelX.predict(  n=len(ts _test),  

num _samples=N _SAMPLES)   

print(ts _test)   

print(ts _predX)   

plt.figure(100, figsize=(18, 5))   

ts.plot(label="actual")   

ts _predX.plot(label="Exponential Smoothing")   

plt.title("Exponential Smoothing (MAPE: {:.2f} %)".format(mape(ts _test, ts _predX)))   

plt.legend();   

 #temporal fusion transformer   

model = TFTModel(   input _chunk _length=INLEN, 

output _chunk _length=N _FC, 

hidden _size=HIDDEN, 

lstm _layers=LSTMLAYERS, 

num _attention _heads=ATTHEADS, 

dropout=DROPOUT, 

batch _size=BATCH, 

n _epochs=EPOCHS, 

likelihood=QuantileRegression(quantiles=QUANTILES),  

 # loss _fn=MSELoss(), 

random _state=RAND,  
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force _reset=True)   

 # training   

model.fit(  ts _ttrain,  

future _covariates=tcov,  

verbose=True)   

 # testing: generate predictions   

ts _tpred = model.predict(   n=len(ts _test),num _samples=N _SAMPLES,n _jobs=N _JOBS)   

print("Do the predictions constitute a probabilistic time series?", ts _tpred.is _probabilistic)   

 # testing: helper function: plot predictions   

def plot _predict(ts _actual, ts _test, ts _pred):   

 # plot time series, limited to forecast horizon   

plt.figure(figsize=FIGSIZE)   

ts _actual.plot(label="actual")                                        

  # plot actual   

ts _pred.plot(low _quantile=qL1, high _quantile=qU1, label=label _q1)     # plot U1 quantile band   

ts _pred.plot(low _quantile=qL2, high _quantile=qU2, label=label _q2)    # plot U2 quantile band   

ts _pred.plot(low _quantile=qL3, high _quantile=qU3, label=label _q3)     # plot U3 quantile band   

ts _pred.plot(central _quantile="mean", label="expected")   

 # plot "mean" or median=0.5   

plt.title("TFT: test set (MAPE: {:.2f} %)".format(mape(ts _test, ts _pred)))   

plt.legend();       

 # testing: call helper function: plot predictions   

ts _pred = transformer.inverse _transform(ts _tpred)   

plot _predict(ts, ts _test, ts _pred)   

 # testing: call helper function: plot predictions, focus on test set   

ts _pred = transformer.inverse _transform(ts _tpred)   

ts _actual = ts[ ts _tpred.start _time(): ts _tpred.end _time() ]     

 # actual values in forecast horizon   
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plot _predict(ts _actual, ts _test, ts _pred)   

 # testing: collect the prediction percentiles in a dataframe dfY   

dfY = pd.DataFrame()   

 # helper method: calculate percentiles of predictions   

def predQ(ts _tpred, q):   

ts _t = ts _tpred.quantile _timeseries(q)          

 # percentile of predictions   

ts = transformer.inverse _transform(ts _t)        

 # inverse-transform the percentile   

s = TimeSeries.pd _series(ts)   

header = "Q" + format(int(q*100), "02d")   

dfY[header] = s   

 # fill Actual column into the new dataframe   

dfY["Actual"] = TimeSeries.pd _series(ts _actual)   

 # call helper function: percentiles of predictions   

quantiles = [0.5, qU1, qU2, qU3, qL3, qL2, qL1]   

 _ = [predQ(ts _tpred, q) for q in quantiles]   

dfY.iloc[np.r _[0:2, -2:0]]   

 # backtest the model: predictions vs actual values   

 # start: at 10 % of time series   

STARTBACKT = ts.get _timestamp _at _point(point=max(0.2, INLEN))     

#pd.Timestamp("19500301")   

print("start:",STARTBACKT)   

 # forecast horizon: until end of test period   

tdiff = (   pd.to _datetime(ts.end _time()).to _period("M") -    

pd.to _datetime(STARTBACKT).to _period("M")).n   

print("months:",tdiff)   

ts _tbacktest = model.historical _forecasts(  series=ts _t, 

past _covariates=None,  
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future _covariates=tcov, 

start=STARTBACKT,   

num _samples=N _SAMPLES, 

forecast _horizon=tdiff, 

stride=12, 

last _points _only=False, 

retrain=False, 

verbose=True)   

 # backtesting: helper function: plot backtest predictions   

def plot _backtest(ts _backtest, ts _actual, transformer):   

plt.figure(figsize=FIGSIZE)   

ts _actual.plot(label="actual")   

ts _backtest.plot(low _quantile=qL1, high _quantile=qU1, label=label _q1)   

ts _backtest.plot(low _quantile=qL3, high _quantile=qU3, label=label _q3)   

plt.legend()   

MAPE = "MAPE: {:.2f} %".format(mape(ts _actual, ts _backtest))   

plt.title(  "TFT: backtest from " +                 format(ts _backtest.start _time(), " %Y. %m") +                 

" to " + format(ts _backtest.end _time(), " %Y. %m") +                 "  (" + MAPE + ")");   

 # backtesting: call helper function: plot backtest   

ts _backtest = transformer.inverse _transform(ts _tbacktest)   

plot _backtest(  ts _backtest=concatenate(ts _backtest), 

ts _actual=ts, 

transformer=transformer)   

 # create future covariates: year, month, integer index   

FC _HORIZ = 12              

 # months after end of training set   

start = ts.start _time()   

n _per = len(ts _train) + FC _HORIZ    

  # set a maximum horizon to create covariates for   
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 # create covariates from beginning of training data to end of forecast horizon   

ts _year = datetime _attribute _timeseries( 

pd.date _range(start=start, periods=n _per, freq="MS"),   #, closed="right"), 

attribute="year",  

one _hot=False)   

ts _month = datetime _attribute _timeseries( 

pd.date _range(start=start, periods=n _per, freq="MS"),   

attribute="month",  

one _hot=False)   

cov = ts _year.stack(ts _month) 

 # combine year and month with integer index as third covariate 

cov = cov.stack(TimeSeries.from _times _and _values( 

times=cov.time _index,  

values=np.arange(n _per),  

columns=['linear _increase']))   

cov = cov.astype(np.float32)   

tcov = scaler.transform(cov)   

print("start:", cov.start _time(), "; end:",cov.end _time())   

 # generate future, out-of-sample predictions   

ts _tpred = model.predict(n=FC _HORIZ, future _covariates=tcov, num _samples=N 

_SAMPLES)   

print("start:", ts _tpred.start _time(), "; end:",ts _tpred.end _time())   

ts _pred = transformer.inverse _transform(ts _tpred)   

plt.figure(figsize=FIGSIZE)   

ts _actual = ts.slice _intersect(other=ts _pred)   

ts _actual.plot(label="actual")        

ts _pred.plot(low _quantile=qL1, high _quantile=qU1, label=label _q1)    

 # plot U1 quantile band   

ts _pred.plot(low _quantile=qL3, high _quantile=qU3, label=label _q3)     # plot U3 quantile band   
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ts _pred.plot(central _quantile="mean", label="expected")               # plot "mean" or median=0.5   

plt.title(  "TFT: forecast" +             " from " + format(ts _tpred.start _time(), " %Y. %m") +             " 

to " + format(ts _tpred.end _time(), " %Y. %m"));     

plt.legend();    

 # forecast: collect the prediction percentiles in a dataframe   

dfY = pd.DataFrame()   

 # call helper function predQ: percentiles of predictions   

 _ = [predQ(ts _tpred, q) for q in quantiles]   

dfY["Actual"] = TimeSeries.pd _series(ts _actual)   

dfY.iloc[np.r _[0:2, -2:0]]   

ts _tpred.plot(central _quantile="mean", label="expected")                 # plot "mean" or median=0.5   

plt.legend();    

print(ts _actual)   

print(ts _pred)   
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APPENDIX C- SCREENSHOTS 

Feature Selection -Select K Best 

 

 

Implementation of LSTM 
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Implementation of GRU 

 

 

 

Implementation of Temporal Fusion Transformer 
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Implementation of GRU with Bharathapuzha Data 

 

 

 

Implementation of Transfer Learning with LSTM based Pre-trained Model 
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Implementation of Transfer Learning with TFT based Pre-trained Model 

 

 

 

Implementation of Hetrogenous Transfer Learning with TFT Pre-trained Model  

 

 


