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1 Introduction

This user configuration handbook provides a full, sequential description of required elements
for both the product and the method. These are required to complete the research project
titled “Comparative Analysis of ARIMA and LSTM Models for Predicting Electricity
Consumption, Electricity Price and Stock Prices: A Case Study of Victoria, Australia”. The
procedures given include the hardware and software requirements as well. Furthermore, the
handbook includes exemplary code snippets used in various models, as well as their
associated results, all with the goal of providing practical instruction.



2 Data Gathering

This study proposal makes use of two separate datasets:

The first dataset is on electricity price and consumption in Victoria Australia. This
dataset consists of 14 columns and 216 rows. This dataset was obtained from
Kaggle.com. Various price and demand parameters such as temperature, holidays,
RRP, demand, solar exposure, negative RRP, positive RRP and more are recorded in
this dataset, with RRP and demand chosen as the predictive variable. The data is load
into the system in CSV format, and a preprocessing step is performed to properly format
the date information.

The second datasets come from Yahoo Finance and includes the NSX 200 Australian
Index. This dataset is divided into 4 columns and has 1265 rows, consisting of the
historical data of the NSX200 starting from 1/1/2015 ending in 31/12/2019. This dataset
collection serves as the foundation for the full analysis and inquiry provided in this
study. Various price and demand parameters such as Date, Open, High, Close were
recorded in this dataset, with the Close chosen as the predictive variable. The data is
also loaded into the system in CSV format, and a preprocessing step is performed to
properly format the date and other information.

3 System Configuration

In this section, Hardware and Software specification used in the study will be discussed

3.1 Local machine Hardware Specification

The project was completed on the hardware configuration shown in Figure 1.

Device specifications

Inspiron 15-3567

Device name DESKTOP-7CV2RDU
Processor ntel(R) Core(TM) i15-7200U CPU @ 2.50GHz 2.70
GHz

Installed RAM 8.00 GB (7.87 GB usable)

Device ID 201CF833-B756-428E-8C11-1839B9EDDTOE
Product ID 00325-81099-20785-AA0EM

System type 64-bit operating system, x64-based processor
Pen and touch  Touch support with 10 touch points

Figure 1: Device Configuration



3.2 Google Colab Hardware Specification

Hardware Specification
RAM | 12.7 GB
GPU (allocated based on runtime) | Tesla K80/ Tesla T4 (11.4GB)
Disk | 107.7GB

Table 2: Google Colab Hardware Specifications

3.3 Software Specifications

Software Specification
oS | Windows 10 Home (64-bit)
Programming Language | Python 3.8
IDE ‘ Google Colab

4 Installation and package required.

This step is in the same Google Colab with ARIMA and LSTM. The imported packages for
the data pre processing consists of the most basic packages such as numpy, pandas, in addition
to importing packages that will be useful for the analysis of the machine learning models such

as matplotlib.plot, seaborn, sklearn and statsmodels.

First, setting up python is a crucial step to do, then loading the datasets into the google colab
by uploading the CSV file into the files in google Colab and reading it using the formulas

shown in the picture below.

° FITOULUE UK WwolsxXl 25 MYUss
9 g

¥ [2] !pip install rpy2==3.5.1 enzrgy_desand.describs
Figure 2: loading Python and reading the dataset (electricity Dataset).

¥ [488] #reading the dataset in Python
dateparse = lambda dates: pd.datetime.strptime(dates, '%v-Im-%d')
ausindex = pd.read_csv( INDEX_AU_XASX_X10.csv')

ausindex.describe()

Figure 3: reading the NSX200 Dataset in Colab

5 Data Preprocessing

5.1 Electricity Consumption Dataset

Once the dataset is loaded into python, first step in the process will be cleaning. The dataset

is examined for missing values as shown in the figure 4
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s ° # To check the number of missing values
energy_demand.isna{}.sum{}

C» date
demand
RAF
demand_pos_RRP
RRP_positive
demand_neg_RRF
RRF_negative
frac_at_neg_RRP
min_temperature
max_temperature
solar_exposure
rainfall
school_day
holiday
dtype: ints4

Figure 4: missing values of electricity consumption dataset
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We can see 4 missing values, 1 from solar_exposure and 3 from rainfall. To deal with
missing values, and since the number of missing values is low, we filled the missing values
with median, then tested again the dataset for missing values and there was no missing values
in the dataset as shown in the figure 5

¥ [88] df.isna(}.sum()

date

demand

RRP
demand_pos_RRP
RRP_positive
demand_neg_RRP
RRP_negative
frac_at_neg RRP
min_temperature
max_temperature
solar_exposure
rainfall
school_day
holiday

dtype: imted

Figure 5: missing values after filling them with the median
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Second step in the data preprocessing is to explore the data. To do so, multiple plots were
added to visualize the dataset and give a better understanding of it. Starting with plotting the
variation of the price over a year, then the price of electricity per month for each of the 5
years on a monthly basis, followed by comparing the distribution of price with and without
outliers, then plotting the variation of the positive and negative price over the year and for
each year on a monthly basis. After plotting the price of the electricity with this different
plots and parameters, next step would be visualizing the demand of the electricity with the
same plots in order to understand how the demand of the electricity is changing over the year,
and over the 5 years on a monthly basis. Here are some plot visualizing the demand and the
price.
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After visualizing the demand and the price of the electricity, next step will be to plot the
hexogenous factors related to the electricity demand and price, in order to conclude the
reason of the fluctuation of the price and the demand. One of these factors would be the
temperature, which could give us an understanding of the seasons in Australia. Figure 6
shows the variation of the temperature over the month for the 5 years.

Minimum temparature per month for each year Maximum temperaturs per month for each yoar

— s
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- 0?
- 0o

e
— 0

Minimum tempamture (degree Celcus)
Maximum tEmperatioe (degres Cechus)
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Month Momth

Figure 5: Min and Max temperature graph over the month for each of the 5 years

Next, drawing the correlation matrix between the multiple factors. Figure 6 shows the plot.
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Figure 6: Correlation map of the dataset
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5.2 NSX Index Dataset

After loading the NSX Dataset, plotting and visualization would be good in order to visualize
how the data is distributed. Figure 7 shows the distribution of the dataset.

SEPIASX 200 Stock prices

soni oo x

Partial Autecor elation

AU DI ars

ooy 10 x o 0

Pamal Lo urectee

Figure 7: Closing Price vs Date and The autocorrelation and Partial Correlation Plot

6 Modelling
6.1 ARIMA

6.1.1 Electricity Consumption Dataset
a) Check Stationarity of the Data

o # create and summarize stationary versiom of time series
from statsmodels.tsa.stattocols import adfuller

def adfuller_test{data):
#Perform Dickey-Fuller test:
print ("Results of Dickey-Fuller Test:')
testing = adfuller{data, autclag="AIC'}
output = pd.Series(testing[@:4], index=["Test Statistic','p-value','#lLags Used', 'Mumber of Observations Used'])
for key,value in testing[s].items():
output[ 'Critical Value (%s)'Xkey] = value
print (output)

P value is less than 0.05, the null hypothesis is rejected

b) Split the data ( 70% traln and 30% test)

wr) m.’c u 2 . tc ( Juuq ['date’, ‘desans’, ‘mar, "desasg_pes e ”_n Lot CSearil_neg B CREP_pegatice’ CFrac At seg werc,mbn_tesperature’, mss_tesperatuse

o_datet ,"kdt _oanaf “sate

m-xa.- *s.20))

|
N

c) Testing Auto-Correlation



sm.graphics.tsa.plot_acf(train{'demand’'], lags=18@)
plt.show()
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d) Fitting ARIMA using auto-ARIMA
[118] stepwise_fit = pm.auto_arima{df[ 'demand'], trace=True, suppress_warnings=True)

Performing stepwise search to minimize aic

ARIMA(2,1,2)(e,8,8)[a] intercept  AIC=44439.398, Time=1.S58 sec
ARIMA(®,1,8){@,8,8)[@] intercept : AIC=45157.766, Time=@.83 seC
ARIMA({1,1,8){@,8,8)[8] intercept : AIC=45146.712, Time=8.12 seC
ARIMA{@,1,1)(e,0,8}[@] intercept : AIC=45121.745, Time=8.29 sec
ARIMA(®,1,8){8,8,8)[8] © AIC=45155,768, Time=g.87 sec
ARIMA(L1,1,2)(e,8,8)[a] intercept ¢ AIC=44493,571, Time=2.92 sec
ARIMA(2,1,1)(e,8,8)[@] intercept ¢ AIC=44435,878, Time=2.34 sec
ARIMA(Z,1,2){@,8,8)[8] intercept DO AIC=44424.182, Time=3.31 sec
ARIMA(Z,1,1)(e,8,8)[a] intercept ! AIC=44437.022, Time=1.30 sec
ARIMA(2,1,2){@,8,8)[@] intercept : AIC=44222,293, Time=6.34 seC
ARIMA(2,1,1){@,8,8)[@] intercept : AIC=44351,1@2, Time=2.62 seC
ARIMA(S,1,2)(@,8,8)[8] intercept : AIC=44188.823, Time=4.17 sec
ARIMA(S,1,1){@,8,8}[8] intercept : AIC=44214,451, Time=1.39 sec
ARIMA(S,1,3){8,8,8)[@] intercept : AIC=43919.694, Time=11.52 sec
ARIMA(4,1,3){@,8,8)[2] intercept : AIC=inf, Time=7.15 sec
ARIMA(S,1,4){8,8,8}[@] intercept : AIC=43931.447, Time=18.22 sec
ARIMA(2,1,4){@,8,8)[@] intercept : AIC=43958.843, Time=9.37 seC
ARIMA(S,1,3){8,8,8)[&] : AIC=43988.558, Time=7.84 sec
ARIMA{4,1,2)(e8,8,8}[8] i AIC=43979.564, Time=5.76 sec
ARIMA(S,1,2){8,8,8}[@8] ¢ AIC=44185,311, Time=3.56 s&c
ARIMA(S,1,4){8,8,8)[&] © AIC=43931.483, Time=8.93 sec
ARIMA(2,1,2){8,8,8)[8] : AIC=inf, Time=6.84 sec
ARIMA(4,1,4)(@,8,8)[8] : AIC=43846.615, Time=7.28 sec

Best model: ARIMA(S,1,3)(@,8,8)[a8]
Total fit time: 182.788 seconds

The best ARIMA model was ARIMA(5,1,3)

e) Plotting the forecasted with the Actual Model
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f) Calculating the MAE, MSE, RMSE, Rsquared

6.1.2

W ed

pranti Mouan Absolutc Crrwr CMACT: ", muc)

Print{"Menan “quUAred srcoar (M3, d

Print{"=Roar Mean Sgquare rros (RM s FRAEl)
PrintiTARaLke IOFormalion Criterion (ATZCH T, dac)
Erint("Rayeacinan Iinformation Ccditerion (RIc):", bic)
PCANLETN-SQuored: “, o_zquored)

print("Liung-Rox fTest (p-vAalues):=")

pPrint{"Mean Abrolute Fearceantage Rcrar (MAREI Y, mape, "N
POANTI"Mesn Vvalue OFf plectiriclity pemanadtl ™, mean_demanad)
print{lb_test_reszult)

Meun Absolute Errcr (MAE): CGOOZ.291113014GC3E

Moan Squered Error (MEE): F130430C.00C55C44

Nt The avaluation meatrics Aand Tent reacultTe

Root Meun Sgquured Error (PMIC): 0440.C21C120440C0022

Abca i

HAVeacian INFOrMATION critTear1on (K10 ) SS9N) . 7aaNASK7IN<
K ZQUAred: S . mIoex s anm) X SnTy

Lfun mew tesr (p o vAaluen):

rMEaAn AREATUTE FArCFARTAMSA R rET (MIARR D D LT MM e i MY < N
rMeann vAaliae A =Tearrvrictirsy eamand: L e Rt L L

€ INntormetion Criterdoen (AIC): <43200.0Z502201C0C<d0

NSX 200 Index
Check Stationarity of the Data

G

#Perform Augmented Dickey-Fuller test:
primt{"Results of Dickey Fuller Test:"}
dftest = adfuller{ausindex['Close'], autolag="AICL"}

dfoutput = pd.Series(dftest[e:4], index=['Test Statis
for key,value in dftest[4].items():
dfoutput[ "Critical value (%s)'Ekey] = value

print{dfoutput)

Results of Dickey Fuller Test:

Test Statistic -8.988457
p-value 8.758157
#Lags Used 7. ega288
Number of Observations Used 1256 .8222e88
Critical value (1X%) -3.435567
Critical value (5%) -2.263844
Critical value (18X} -2.557957

dtype: ftloates

To reject the HO ( null Hypothesis) , the pvalue should less less than 0.05

Applying the difference data method, the result are shown below:

ADF statistic: -1£.247212
p-value: @,228808
Critical values:

1% -3.438
SHI -2.882
18%: -2.558

b) Split the data (70% training and 30% testing)
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c) Fitting Auto Arima

] # Fit model with autoc-arima
import matplotlib.pypleot as plt
from pmdarima import auto_arima
arima_model = autoc_arima{train, seasonal=False)
arima_model . fFit{train)
results = arima_model.fit(train}
print{results.summary()}

SARIMAX Results

Dep. Variable: ¥ Ma. Observations: 884

Model : SARIMAX(G®, 1, @) Log Likelihood 4526582

Date: sat, 12 Aug 2823 ATC 9255, 363

Time: 1la:58:32 BIC D258.147

Sample: -] HQTC 9257.182
- EBL

Covariance Type: opg

coef std err

Ljung-Box (L1} (Q): 8.85 Jarque-Eera 119.96
Prob{Q}: 8.81 Prob{JB): 8,88
Heteroskedasticity (H): 2.35 Skew: -3, a3
Prob{H} (two-sided): &.88 Kurtosis: 4,81

d) Plotting the forecasted ARIMA Model

10



--—— ralin

— tOSL

6500
predicted

6000

5500

2015 2016 2017 2018 2019

e) Calculating the MAE, MSE, RMSE, Rsquared

}| # calculate RMSE
rmse = np.sgqrit{mean_squared_error(test, predictions})
print{"Root Mean Sgquared Error (RMSE}:", rmse)
mae = mean_absolute_error(test, predictions)
print{"Mean Absolute Error (MAE):", mae)
mse = mean_squared_error{test, predictions)
print{“"Mean Squared Error (MSE):", mse)
r_squared = r2_score(test, predictions}
print{"R-squared:"”, r_squared)
gic = arima_model.alic()
bic = arima_model.bic()
print({"akaike Information Criterion {AIC):", aic)
print{"Bayesian Information Criterion (BIC):", bic}

Root Mean Squared Error {(RMSE): 45.66158832852277

Mean Absolute Error {(MAE): 24, 34121578947367

Mean Sgquared Error (MSE): 2884.973342185252

R-squared: &.9834896453873981

Akaike Information Criterilom (AIC): 13237.911197918547
Bayesian Information Criterion (BIC): 13243.852443232899

f) Forecasting with confidence interval
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6.1.3 Electricity Price
a) Check Stationarity of the Data
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[ 1 #apply adf _price test on the series
resultl = adfuller_test{df_price[ 'demand"'])
print{""’
resultz
print{""’
results
primt{""’
results
print{""’
results
print{""’
resulte
print{""’

adfuller_test{df_price["'RRP"])

adfuller_test{df_price['demand_pos_RRP'
adfuller_test{df_price['RRP_positive'])
adfuller_test{df_price['demand_neg_RRP'

adfuller_test{df_price['RRP_negative'])

e I | I | B I L

Results of Dickey-Fuller Test:

Test Statistic -2.953447
p-value B8.221675
#Lags Used 26 . 228208
Humber of Observaticns Used 2875, 880008
Critical value (1%} -3.433499
Critical value (5%} -2.862921
Critical wvalue (12X} -2.5587511

ditype: floates
p-value is less than 0.05, the null hypothesis is rejected

b) Split the data (70% tralnlng and 30% testlng)

| soael_deta_price » 2F _price[('mz
trads grice « mcdel_dats grice,}
tess_price » moael_sata_price

jar -n:.-l --tn ;*uo .70
trala_price). it

© troiaoricel nrt ] plotifiasizes v,
TeRt_prioe] TMRET L plotifipriies 20,5

c) Testing Auto-Correlation
Partial Autocorrelation
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d) Fitting Auto Arima
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» iii) Fit ARIMA

[ 1 stepwise_fit_price = pm.auto_arima(df_price["RRP'], trace=True, suppress_warnings=True)

Performing stepwise search to minimize aic

ARIMA(2,1,2)(8,8,8)[a] intercept i AIC=26266.188, Time=9.51 sec
ARIMA(®,1,8){8,8,8)[a] intercept : AIC=27248.733, Time=8.23 sec
ARIMA({1,1,8)(e,8,83[a] intercept i AIC=25930.822, Time=8.42 sec
ARIMA(®,1,1){@,8,8)}[a] intercept : AIC=26372.524, Time=2.58 sec
ARIMA(®,1,8){e,8,8)[a] : AIC=27238.733, Time=2.83 sec
ARIMA(L,1,2)(e,8,8)[@] intercept i AIC=25264.158, Time=3.38 sec
ARIMA(®,1,2){@,8,8)[8] intercept t AIC=25284.898, Time=2.24 sec
ARIMA(1,1,1){@,@,8}[a] intercept : AIC=26262.796, Time=3.83 sec
ARIMA(2,1,1)(e,8,8)[a] intercept : AIC=25264.196, Time=5.54 sec
ARIMA(Z,1,8){e,8,8)[8] intercept : AIC=26748.727, Time=9.34 sec
ARTMA(1,1,1)(@,8,8)[a] : AIC=25268.837, Time=2.87 sec
ARIMA(®,1,1){8,8,8}[a] © AIC=25378.529, Time=9.23 sec
ARIMA(1,1,8){8,8,8)[a] : AIC=26328.823, Time=2.83 sec
ARIMA{2,1,1)(8,8,8}[a] : AIC=26262.234, Time=1.23 sec
ARIMA(1,1,2){8,8,8}[a] ¢ AIC=25262.195, Time=£.98 sec
ARIMA(®,1,2){8,8,8)[a] : AIC=25262.913, Time=2.81 sec
ARIMA(Z,1,8){8,8,8)[a8] : AIC=26746.727, Time=28.14 sec
ARIMA{2,1,2)(8,8,8}[0] : AIC=26264.151, Time=2.65 sec

Best model: ARIMA(1,1,1)(2,8,8)[8]
Total it time: 34.218 secconds

Best ARIMA model is (1,1,1)

e) Plotting the forecasted ARIMA Model
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f) Calculating the MAE, MSE, RMSE, Rsquared

13



# Print the evaluatiom metrics and test results
print{“"Mean Absolute Error (MAE)}:", mae)

prinmt{“"Mean Sgquared Error (MSE)}:", mse)}

primt{"Root Mean Sgquared Error (RMSE):", rmse)
print{"Akaike Information Criteriom {AIC):", aic)
print{"Bayesian Infermation Criterion (BIC):", bic)
print{"R-squared:”, r_squared)

print{"Ljung-Box Test (p-values):")

print{“"Mean Absolute Percentage Error (MAPE):", mape, "X")
print{“"Mean value of Electricity Demand:", mean_RRP)
print{lb_test_result price)

Mean Absolute Error (MAE): 24,58427743381486

Mean Sguared Error (MSE): 15257.88195932221C

Root Mean Squared Error {RMSE): 123.51956183922251

Akaike Information Critericon (AIC): 26268.83735863545
Bayesian Information Criteriom {BIC): 26277.7935782738
R-squared: @.1882849:5%87819:53

Ljung-Box Test (p-values):

Mean Absolute Percentage Error {(MAPE): 37.61887139439868 X
Mean Value of Electricity Demand: 76.87955285872697

6.2 LSTM

6.2.1 Electricity Consumption Dataset
6.2.2 LSTM for electricity Price

6.2.3 LSTM for Index
a) Importing Libraries

o import numpy as np
import pandas as pd
import seaborn as sns
import matplotlib.pyplot as plt

b) Splitting the data into train and test
o ##splitting dataset imto train and test split
train_size = imt{len(df1)*8.65)
train_data,test_data = dfi[e:train_size,:],df1[train_size:len{dfl),:1]

[ ] train_size

821

c) Creating LSTM
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=+ 2.5) Creating LSTM

[ 1 from keras.meodels import Seguential
from keras.layers import Demse, Dropout, LSTM, Bidirectional

[ 1 # Define the LSTM model
def create_lstm_model{window_size):
model = Sequential()
model.add(LSTM({58, input_shape={window_size, 1))}
model.add(Dense({1))
model.compile{loss="mean_squared_error’, optimizer="adam'}
return model

d) Prepare LSTM

] # Prepare data for LSTM
def prepare_lstm_data(datal, window_size):
¥ = [:J :]
for 1 in range(leni{data) - window_size}:
X.append({datal[i:i + window_size])
v.append{datal[i + window_size])
return np.array(X), np.array(y)

e) Train LSTM

| # Train the LSTM model
1stm_modell.fit{X_traini, y_trainl, epocchs=58, batch_size-=64, verbose=1)

Epoch &/58

13,713 [==============================] - 8s Zﬂmsfstep - loss: @.8818
Epoch 9/58
13/13 [==============================] - 85 19ms/step - loss: 2.2817
Epoch 18/58
13,713 [==============================] - 8s ZE'I'I'IS-_."'StEFI - loss: @.88ls
Epoch 11/5@
12/13 [==============================] - 85 27mMs/s5tep - loss: 2.8815
Epoch 12/58
13713 [==============================] - 8s 2?"15-_."'51:&'[3 - loss: @.88ls
Epoch 13/5@
12/13 [==============================] - @5 18ms/step - loss: 2.8081:5
Epoch 14/5@
13713 [==============================] - 8s 23"15-_."'51:&'[3 - loss: @.88ls
Epoch 15/58@
12/13 [==============================] - @5 22ms/step - loss: 2.8815
Epoch 1&/58
13/12 [===============s==============] - 8% 26Ms/step - loss: 8.8016
Frnch 17./cG
f) Evaluation
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] # Calculate RMSE,MAE,MSE,R sqaured,MAPE
rmse = np.sqriimean_squared_errcor(y_testl, y_predi})
mae = mean_absoclute_error(y_testl, y_predl)
mse = mean_squared_error{y_testl, y_predl)
r_squared = r2_score(y_testl, y_predl)
mape = np.mean{np.abs({y_testl - y_predl) / y_testl)) * 15a

I print{"Root Mean sSquared Error (RMSE}:", rmse)
print{"Mean Absolute Errcr (MAE}:", mae)
print{"Mean Squared Error (MSE)}:", mse)
print{"R-squared:", r_squared)
print{"Mean Absolute Percentage Error (MAPE):", mape, "X"}

y Root Mean Squared Error (RMSE): 66.28551879538803
Mean Absolute Error (MAE): 45.878638852855724
Mean Squared Error (MSE): 4393,.768941484448
R-squared: 2.9628391789775476
Mean Absolute Percentage Error {(MAPE): €.302649578735248% X
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