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Abstract - Ensuring sustainability in electric power grid
requires a high-efficiency energy management system with
lessened energy depletion. Hence, a smart power grid with an
utmost flexible management system alongside an intelligent
officiating capability has no alternatives. Predicting the future
energy requirement is considered as one of the key features of
smart grid. Therefore, the studies of the energy forecasting
have started to contribute to the path of efficient energy
management for the grid. This paper presents a comparative
analysis of forecasting energy demand between a Time series
analysis technique (ARIMA model) and a Machine learning
technique (Random Forest). A benchmark data set of the
small-scale industrial load is taken as consideration for “train
and test” both methods. Both techniques are trained and
tested on monthly (Short Term Load Forecasting) and yearly
(Long-term load forecasting) timespan data. A comparative
study depending on the accuracy rate between these two
algorithms are is presented for forecasting energy demand.

Key Words: Smart Grid; Energy Load Forecasting; Short-
Term Load Forecasting (STLF); Long-Term Load
Forecasting (LTLF); ARIMA model; Seasonal ARIMA
(SARIMA); Random Forest (RF).

1. INTRODUCTION

With the growing energy demand, expected to be increased
by 40% by 2040, the consumption of fossil fuels has already
started to reach its peak [1]. The shortage of fossil fuels like
coal, oil, natural gas, and other resources is inevitable in the
near future. Correspondingly, the increasing rate of carbon
emission due to fossil fuel consumption in power generation,
estimated to be roughly 25%, is also a major concerning
issue for global warming [2]. So, more and more renewable
energy resources are getting into the picture of the power
generation field. However, renewable energy brings with it
an additional challenge of inherent stochasticity. Therefore,
an accurate energy forecast can ease the road of application
of renewable into grid [3]. Moreover, its significance is only
going to increase because of increased penetration of
inherently volatile distributed renewable energy resources
in the power grid [4].

Additionally, Short-Term Load Forecasting (STLF) and Long-
Term Load Forecasting (LTLF) are vital for today's
deregulated market as an efficient way of planning, load
switching, and energy buying strategy [3]. Any good STLF
and LTLF methods should satisfy the following two criteria:

1) accuracy and 2) speed. The significant variables affecting
energy demand should also be considered for forecasting [3].
Therefore, in the power grid, variables like weather, time of
the day, season, and the base demands are the crucial factors
to consider [5].

Energy load forecasting methodologies can be categorized
into three major groups: 1) statistical techniques, 2) artificial
intelligence techniques, and 3) a hybrid of the first two
methods [6-10]. Here, the classical statistical models are
referred to as the white-box models. The relationship
between outputs and inputs is expressed with mathematical
equations. These methods are simpler in their
implementation. However, they lag the Al-based methods in
terms of accuracy. The Al-based models are generally
termed black box models and based on machine learning
algorithms. These models are somewhat complex but can be
applied to a wider range of scenarios. Hybrid methods
couple artificial intelligence and optimization algorithm
together, which results in higher accuracy, computational
period, and complexity.

Despite usage complexity, Time series methods have gained
popularity for both STLF and LTLF recently. Modern data-
driven systems can analyze and predict result even from a
big data system [11]. ARIMA model is designed only to
reflect the behavior of observed data over time. Other
explanatory variables for forecasting are not considered in
the case [12]. ARIMA is generally used in stationary
processes; however, ARIMA can also be used in non-
stationary processes although, a differencing operation or
other necessary transformations need to be carried out to
alter the non-stationarity of the process. ARIMA model is
characterized by three parameters: p, d, and g, where they
represent the order of the autoregressive terms (p),
differencing terms (d), and moving average terms (q),
respectively.

Machine learning algorithms have already proven their
efficacy in capturing complex load characteristics. The two
most widely studied machine learning techniques in the
arena of load forecasting are support vector machine (SVM)
and artificial neural network (ANN) [13][14]. Despite the
ability of computation and incorporating non-linearity, these
methods carry major drawbacks: tuning of parameters in
SVM and being trapped in local optimization for ANN
[15][16]. Moreover, another major issue with forecasting
problems in the selection of an optimal number of features;
both SVM and ANN must deal with this issue. However,
random forest (RF), which is a kind of ensemble method,
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aims to tackle this issue [17]. RF is a fast forecasting method,
where accuracy is as good as ANN and SVM. Moreover,
parameter tuning is not essential in RF as even bad selection
of parameters does not worsen the prediction accuracy
drastically [15]. Finally, RF results in a globally optimal
solution through formulating a convex optimization problem
[14].

2. SYSTEM MODEL

2.1 ARIMA Model

For forecasting a stationary time series, the most widely used
methodology is ARIMA models. The ARIMA model acts as a
regression-type linear equation for stationary time series,
where the predicted value (dependent variable) consists of
lag terms of the projected value and lag terms of the
residuals. So, the general format of the ARIMA forecasting
equation is as follows [18]: the forecasted value of Y = a
weighted sum of one or more autoregressive terms of Y
and/or a weighted sum of forecast errors (along with
associated lag terms) and/or a constant. The ARIMA model is
purely autoregressive if it contains only the lagged terms of Y.
Autoregression is a specific variation of regression and can be
fitted with any standard software of regression. A first-order
autoregressive model (AR(1))'s independent variable is Y1),
which is one time period lagged version of Y.

When the model includes the lagged terms of the errors, it
deviates away from being a linear regression model. Although
the predictions are still linear functions of past values, the
prediction does not have a linear relationship with the
coefficients. That is why the coefficients of an ARIMA model
that contains lagged errors need to be optimized by non-
linear techniques like hill-climbing.

2.2 Non-Seasonal ARIMA

An ARIMA (p, d, q) model is the non-seasonal variation,
where p, q, and d represent the number of total
autoregressive terms, lagged forecast error terms and
differencing needed to ensure stationarity, respectively. If the
dth (d = 0, 1, 2) difference of Y is denoted as y, then the
autoregressive terms are constructed respectively as follows
[19]:
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A very interesting point to be noted here is that the
second difference, Equation 2, is not actually the difference
between two time periods, rather, it is analogous to the
second derivative. Finally, the forecasting equation can be
presented in the following way:
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The parameters of autorepression and moving average
operations are represented by ¢ and 6, respectively. In order
to determine the relevant ARIMA model for a forecasting
purpose, first the order of differencing (d) needed for series
stabilization is determined. Then the gross seasonality
features are  reduced and  variance-stabilizing
transformations like deflating or logging have been
performed. Without the deflating process of the data set, this
model will just be considered as the random trend or random
walk model. However, the stationary series would still need
MA terms (q = 1) and AR terms (p = 1) to represent the
autocorrelated errors.

2.2.1 Model Formulation

The framework to fit non-seasonal time series data into an
ARIMA model is described in the following steps and in
Figure 1 below:

e Data plotting and identifying unusual patterns

e Data transformation for variance stabilization, if
necessary

e Conversion of the time series into a stationary one

e Plotting and analyzing the correlation functions -
Auto Correlation Function (ACF) and Partial Auto
Correlation Function (PACF)

e Model selection and optimizing it using Akaike
Information Criteria (AIC)

e Residual checking of the chosen model by
conducting a Portmanteau test and plotting the
residual ACF; the model needs to be modified if the
residuals do not indicate the presence of white noise
only

e Forecast calculation, when the residuals represent
white noise only
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Figure 1: Forecasting Framework for ARIMA Model

2.3 Seasonal ARIMA

Seasonality is the presence of a regular patternin the data set
where the pattern is periodic. The seasonality in a time series
is represented by parameter S, the span of the seasonality.
For example, if yearly sales data of some equipment tend to
have high and low values during winter and summer
respectively, then S = 12. Just like the non-seasonal time
series, seasonal data can also be modeled and forecasted as
an ARIMA process.

A seasonal ARIMA is a multiplicative model that incorporates
both the wvariations, seasonal and non-seasonal. The
generalized seasonal ARIMA model is expressed in the
following way [21]:

ARIMA [pr d.r f?:] ® [:PJ' -D: Q]_’-’.‘ mewomee [5:

where, p = order of AR terms (non-seasonal), P = order of AR

terms (seasonal), g = order of MA terms (non-seasonal), Q =

order of MA terms (seasonal), d = order of differencing (non-
seasonal), D = order of differencing (seasonal), and S = span
of pattern in seasonality

A seasonal ARIMA model is expressed in a more
mathematically detailed way by Equation 6:

, Wf T e \df N\
(1-¢3 --'--qu;Sp}Ill—c;.‘B’--"-;,ﬂDBP’}],L-ﬁf{i-5‘) ¥
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where B represents the backshift operator which is defined
by the following operation:

m J— ™
B™Y, = Ve e (7]
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2.3.1 Model Formulation

The seasonal ARIMA model can be formulated using the
following steps:

e Data plotting and identifying patterns of seasonality
and trend.

e Performing differencing operation if either
seasonality or trend is present. For only seasonality,
differencing oflag S needs to be done. When the only
trend is present, a first-order differencing needs to
be performed. Finally, when both seasonality and
trend are present, a first-order differencing should
be done after seasonal differencing if the presence of
trend is still there.

e Analysis of the differenced time series data using
ACF and PACF. ACF and PACF give us the order of
MA terms and AR terms respectively for both
seasonal and non-seasonal data.

e [Estimation of the seasonal model.

e Analysis of residual to check whether the model is a
good fit.

2.4 Random Forest

Random forest, a supervised learning algorithm, was
developed by Hyndman and Athanasopoulos [21]in 2001. It
is based on bagging and Classification and Regression Trees
(CART) techniques. CART is the basic building block of RF.
CART is a classification algorithm with a tree-like structure.
CART maps observation about a sample into a decision about
the sample's class. A simplified CART algorithm is illustrated
in Figure 2.

Root Node
=
Ni=2 XI=3
' l l
51 £ node Leave nu-h" Leave node . Sub node
X2=w | 1

Leave node Leuve node

Figure 2: CART Algorithm

Every node is a decision point in CART and the decision
process propagates until aleaf node is reached. Based on the
GINIindex [22], every node is split into two sub-nodes. CART
has a good fitting ability; however, the generalization erroris
relatively high in CART. Bagging method is another basic
building block of RF, which solves the overfitting problem
[13]. When used alongside CART, it significantly increases the
latter method's generalization ability. Bootstrap sampling is
the basis of the bagging method.

The training data are used for the performance analysis of
this generalization ability and it is possible because of the
existence of out-of-bag (00B) samples. RF, which contains a
lot of CARTsS, decides on the final prediction by averaging the
outputs from all the CARTs. Moreover, RF further increases

its variance by utilizing random node optimization. The
bagging method, along with other modifications, enhances
the performance of CART and makes RF more robust.

Itis highly probable that the trees in RF are correlated as they
use the bagging principle and use the same data. To tackle
this issue and make the trees uncorrelated, Breiman [21]
proposed to grow each split of the tree randomly, both in
terms of features and number of samples. This decorrelation
increases the accuracy of RF prediction [23]. A complete
specification of RF needs a setting of three parameters: B, m
and nmin. They represent forest size or several trees, the
number of randomly chosen predictors for each split, and
minimum leaf size or number of nodes, respectively.

The RF algorithm is built using the following three steps:

o Extract Bsample datasets, which can be overlapped
and replaced, from the training data.

e For each of the B datasets, grow a tree Ty, by
following the steps in each node, until nmp is
reached:

= Selectmrandomly from the total number of
variables, p

= Select the best predictor out of the m
predictors

=  Splitthe nodeinto two sub-nodes according
to an established criterion

e  Summarize the outputs from all the trees by finding
b
the ensemble, {Tb }1.

Finally, at any given point X, the prediction is given by
Equation 8 [24]:

B
1
for = 7 ;Tb(xj v eeean (B)

The general framework of RF is illustrated in Figure 3
[24].
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Figure 3: Generalized RF Framework
3. ANALYSIS

The ACF and PACF plots of a time series can demonstrate the
stationarity of a time series. If the ACF of a time series
decreases quickly or the PACF of a time series has a sharp
cutoff after the firstlag [23], then the time series is deemed to
be stationarity. Otherwise, the time series is non-stationary
and differencing operation needs to be performed to ensure
stationarity. After the necessary ACF and PACF plotting,
Augmented Dickey-Fuller (ADF) test is performed for
hypothesis testing to confirm stationarity.

ADF [24] is a widely used method for checking the
stationarity of a time series [26-28]. ADF is also called the
unit root test. Presence and absence of a unit root in the
characteristic equation indicate non-stationarity and
stationarity, respectively. The model for the ADF test is as
follows:

0¥, =p+Pt+pl  +0Y,  +-+0,Y , +e, ...(10)

Here, p, p and ff represent a constant value, autoregressive
order and trend, respectively. Moreover, e; represents a
sequence of zero mean and unit variance independent normal
random variables. So, the hypotheses for ADF are presented
in the following way [23]:

Null Hypothesis: Hy:|p| = 0 (Non Stationary)

Alternative Hypothesis: H,: |p| # 0 (Stationary)

The p-value that we obtain after running the ADF test decides
whether to reject or accept the null hypothesis. For a 95%
confidence level, if p>0.05, null hypothesis is true. For p<0.05,
the value is significant enough to reject the null hypothesis
and the time series is stationary.

3.1 Short Term Load Forecasting

The load profile used for short-term load forecasting is
plotted in Figure 4. This is the industrial load profile for the
month of January 2017. The total daily load of this timeline,
along with the rolling mean and standard deviation is
displayed in Figure 5. Finally, this short-term daily load is
decomposed into the trend, seasonal and residual
components, as demonstrated in Figure 6.

Figure 4: Short-Term Load Profile

Nterg vrvee

Dwaredt Looet (18 bawr:

Figure 5: Short-Term Load Profile with Rolling Mean
and Standard Deviation

Figure 6: Decomposition of Short-Term Load Profile

As evident from Figure 6, the short-term load profile contains
anincreasing trend on average, as well as seasonality. So, the
time series data of short-term load is not stationary and
would need to be modeled using seasonal ARIMA. A first-
order differencing operation is performed on the time series
data. The ADF testis conducted on the differenced time series
data and the obtained p-value is 1.98*10-14. As the p-value is
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well below 0.05, it can be concluded that the differenced time
series is stationary and can be modeled using ARIMA. The
ACF and PACF plots of the stationary time series are
demonstrated in Figures 7 and 8, respectively. The ACF and
PACF confirm the stationarity of the differenced time series.
Moreover, the significant terms of the ACF and PACF plots
would represent the order of MA and AR terms, respectively.

Autccorrelation plot

|||..1|. L

Lag

Figure 7: ACF of Short-Term Load

Partial autocorrelation plot

Lag

Figure 8: PACF of Short-Term Load

ARIMA (0,1,0) (1,1,1)7 model has been used to forecast the
short-term loads. So, the system model equation becomes:

(1-¢,B")(1-B)(1~-B")y, = (1+6,B")e, ... (11]

The residual, along with their histogram, q-q plot and
correlogram have been plotted in Figure 9. The residual
mostly follows a normal distribution, which proves the
validity of our SARIMA model.

Figure 9: Residual analysis of SARIMA modeling of short-
term load

Finding the variables with the most predictive power is one
of the major topographies in the prediction process using RF
methodology. Variables with high importance are the main
drivers of the prediction result. Additionally, low important
variables can be removed from the process which makes it
simple and fast for fitting and predicting the outcome. Figure
10 shows the importance of the given variable when
predicting the outcome. It shows that the hours of the day
alongside the weather feature like temperature have a high
importance rate in the prediction process.

Varute rprraies

Figure 10: RF variables of short-term load
3.2 Long Term Load Forecasting

The load profile used for long term load forecasting is plotted
in Figure 11. This is the industrial load profile for the entire
calendar year of 2017. The total daily load of this timeline,
along with the rolling mean and standard deviation, has been
displayed in Figure 12. Finally, this long-term daily load is
decomposed into the trend, seasonal and residual
components, as demonstrated in Figure 13.
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Figure 12: Long-term load profile with rolling mean and
standard deviation
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Figure 13: Decomposition of long-term load profile

As evidentin Figure 13, the long-term load profile contains an
initial increasing trend and a decreasing trend later, as well
as seasonality. So, the time series data of long-term load is not
stationary and would need to be modeled using seasonal
ARIMA. A first-order differencing operation is performed on
the time series data. The ADF test is conducted on the
differenced time series data and the obtained p-value is
0.005. So, one can reject the null hypothesis and consider the
differenced time series as stationary. The ACF and PACF plots
of the stationary time series are demonstrated in Figures 14
and 15, respectively. The ACF and PACF confirm the

stationarity of the differenced time series. Moreover, the
significant terms of the ACF and PACF plots would represent
the order of MA and AR terms, respectively.

Autecarrelation plot
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Figure 14: ACF of long-term load
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Figure 15: PACF of long-term load
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Figure 16: Residual analysis for SARIMA modeling of
long-term load

ARIMA (0,1,0) (1,1,1)12 model has been used to forecast the
long term loads. So, the system model equation becomes:

(1-B%)(1-B)(1-BZ)y, = (1+6,8%)e,..(12)

The residual, along with its histogram, g-q plot and
correlogram have been plotted in Figure 17. The residual
mostly follows a normal distribution, which proves the
validity of our SARIMA model.
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Figure 17 also shows the importance of variables for
predicting the outcome. The feature importance figure shows
that the hours of the day together with the weather feature
like temperature have a high importance ratio.

Figure 17: RF variables for long-term load profile
4. RESULTS
4.1 Short Term Forecasting

For the short-term load profile, SARIMA has been used to
forecast the total daily load for the second half of January and
the predicted values are plotted together with the actual load
values in Figure 18.

Actual vs Forecasting Short Term Load
using SARIMA

od Derand

orrall Lix

e Actual Lond (28 HOUT) e

Figure 18: Actual versus forecasted short-term load using
SARIMA

RF is used to predict the total load from January 22 to January
31, and the predicted values are demonstrated along with the
actual load values in Figure 19.

Actual vs Forecasting Short Term Load
using Random Forest

%

Ml Load Bemand

e Aty Lood (24 Hoor) w— 1 yd {24 Mour]

Figure 19: Actual versus forecasted short-term load using
RF

Finally, the comparison of the forecasting accuracy between
SARIMA and RF is illustrated in Figure 6.20. The accuracy of
forecasting using SARIMA and RF is 85.74% and 97.02%,
respectively. So, it can be noted that RF based forecastingis a
significant improvement over SARIMA based forecasting for
short-term loads.

Accuracy Comparison Graph between SARIMA

and Random Forest

v Percomtage %

tficing

Figure 20: Accuracy comparison for short-term load
forecasting

4.2 Long Term Forecasting

For the long-term load profile, SARIMA has been used to
forecast the total daily load for the last two months of the
year and the predicted values are plotted together with the
actual load values in Figure 21.

Actual vs forecasted long term load using SARIMA

Figure 21: Actual versus forecasted long-term load using
SARIMA

RF is used to predict the total load for the last three months of
the year and the predicted values are demonstrated along
with the actual load values in Figure 22.
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Figure 22: Actual versus forecasted long-term load using
RF

Finally, the comparison of the forecasting accuracy
between SARIMA and RF for long-term loads is illustrated in
Figure 23. The accuracy of forecasting using SARIMA and RF
is 83.65% and 97.25%, respectively, which is a clear indicator
of the superiority of RF over SARIMA for long-term load
forecasting.

Accuracy comparison between SARIMA and RF

for long term load fo ecasting

Figure 23: Accuracy comparison for long-term load
forecasting

5. CONCLUSION

In this work, a comparative performance analysis has been
conducted between the widely used classical time series
modeling tool ARIMA and recently introduced but highly
effective machine learning algorithm RF. These two methods
have been applied for forecasting of short-term and long-
term industrial loads. As the loads have seasonality in their
profile, the seasonal variation of ARIMA (SARIMA) has been
used for forecasting purpose. Both the ARIMA and RF have
been introduced and their modeling techniques are discussed
briefly in this work. Classical statistical analysis tools like
ACF, PACF, and ADF test are used to aid in the SARIMA
modeling process. For both the short-term and long-term
load profiles, RF demonstrates superior performance over
SARIMA in terms of accuracy. However, the tradeoff among
accuracy, complexity, and speed of execution is an issue that
should be further studied. Forecasting using machine
learning methods is a promising arena of research and more
ML algorithms need to be tested for forecasting performance.
Moreover, deep learning would be explored in future
research to check their feasibility to enhance forecasting
accuracy.

REFERENCES

[1].V. Dehalwar, A. Kalam, M. L. Kolhe, and A. Zayegh.
“Electricity Load Forecasting for Urban Area Using
Weather Forecast Information." IEEE International
Conference on Power and Renewable Energy (ICPRE).
Shanghai, 2016, pp- 355-359. doi:
10.1109/ICPRE.2016.7871231

[2].Agency, I. “World Energy Uutlook 2014 Executive
Summary.”

[3].Karthika, S., V. Margaret and K. Balaraman. "Hybrid Short
Term Load Forecasting Using ARIMA-SVM.” Innovations
in Power and Advanced Computing Technologies (i-
PACT), Vellore, 2017, pp. 1-7. doi:
10.1109/IPACT.2017.8245060

[4].Atique, S, S. Noureen, V. Roy, V. H. Subburaj, and S. Bayne,
“Forecasting of Total Daily Solar Energy Generation
Using ARIMA: A Case Sstudy,” IEEE 9th Annual
Computing and Communication Workshop and
Conference (CCWC) USA, 2019

[5]-Daneshi, H., M. Shahidehpour and A. L. Choobbari. “Long-
term Load Forecasting in Electricity Market.” IEEE
International Conference on Electro/Information
Technology, Ames, I[A, 2008, pp. 395-400. doi:
10.1109/EIT.2008.4554335

[6].El-Attar, E. E., ]. Y. Goulermas and Q. H. Wu. “Forecasting
Electric Daily Peak Load Based on Local Prediction.”
IEEE Power & Energy Society General Meeting, Calgary,
AB, 2009, pp. 1-6. doi: 10.1109/PES.2009.5275587

[7].Fay, D. and ]. V. Ringwood. “On the Influence of Weather
Forecast Errors in Short-Term Load Forecasting Models.
IEEE Transactions on Power Systems, vol. 25, no. 3, pp.
1751-1758, Aug. 2010. doi:
10.1109/TPWRS.2009.2038704

[8].Khuntia, S. R, ]. L. Rueda and M. A. M. M. van der Meijden.
“Volatility in Electrical Load Forecasting for Long-term
Horizon — An ARIMA-GARCH Approach,” International
Conference on Probabilistic Methods Applied to Power
Systems (PMAPS), Beijing, 2016, pp. 1-6. doi:
10.1109/PMAPS.2016.7764184

[9].-Weron, R. “Electricity Price Forecasting: A Review of the
State-of-the-Art with a Look into the Future.”
International Journal of Forecasting. 30 (4) (2014)
1030-1081.

[10].Liu, B., ]. Nowotarski, T. Hong, R. Weron. “Probabilistic
Load Forecasting Via Quantile Regression Averaging on
Sister Forecasts.” IEEE Transactions on Smart Grid 8 (2)
(2017) 730-737

[11]. Huo, Juan, Tingting Shi and Jing Chang, “Comparison of
Random Forest and SVM for Electrical Short-term Load
Forecast with Different Data Sources.” 7th IEEE
International Conference on Software Engineering and
Service Science (ICSESS), Beijing, 2016, pp. 1077-1080.
doi: 10.1109/ICSESS.2016.7883252

© 2019,IRJET | ImpactFactor value: 7.34

IS0 9001:2008 Certified Journal |

Page 1820



‘,/ International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 06 Issue: 09 | Sep 2019

www.irjet.net

p-ISSN: 2395-0072

[12].Srivastava, A. K, A. S. Pandey and D. Singh. “Short-term
Load Forecasting Methods: A Review.” International
Conference on Emerging Trends in Electrical Electronics
& Sustainable Energy Systems (ICETEESES), Sultanpur,
2016, pp. 130-138. doi:
10.1109/ICETEESES.2016.7581373

[13].Qonita, A, A. G. Pertiwi and T. Widiyaningtyas,
"Prediction of Rupiah Against US Dollar by Using
ARIMA.” 4th International Conference on Electrical
Engineering, Computer Science and Informatics (EECSI),
Yogyakarta, 2017, pp- 1-5. doi:
10.1109/EECSI1.2017.8239205

[14].Ahmad, A, M. Hassan, M. Abdullah, H. Rahman, F.
Hussin, H. Abdullah, and R. Saidur. “A Review on
Applications of ann and svm for Building Electrical
Energy Consumption Forecasting.” Renewable and
Sustainable Energy Reviews 33, 2014. (pp. 102 - 109).

[15]. Wy, Xiaoyu, Jinghan He, Tony Yip, Jian luand Ning Lu. “A
Two-stage Random Forest Method for short-term Load
Forecasting.” IEEE Power and Energy Society General
Meeting (PESGM), Boston, MA, 2016, pp. 1-5. doi:
10.1109/PESGM.2016.7741295

[16].Lahouar, A. and ]. Ben Hadj Slama, "Random Forests
Model for One Day Ahead Load Forecasting,” The Sixth
International Renewable Energy Congress, Sousse,
2015, pp. 1-6. doi: 10.1109/IREC.2015.7110975

[17].Fard, A. K, and M.-R. Akbari-Zadeh, “A Hybrid Method
Based on Wavelet, Ann and Arima Model for Short-term
Load Forecasting.” Journal of Experimental &
Theoretical Artificial Intelligence, 26 (2) (2014) 167-
182.

[18].Cheng, Ying-Ying, P. P. K. Chan, and Zhi-Wei Qiu,
"Random Forest-based Ensemble System for Short term
Load Forecasting” International Conference on Machine
Learning and Cybernetics. Xian, 2012, pp. 52-56. doi:
10.1109/ICMLC.2012.6358885

[19].Introduction to Arima: nonseasonal
www.people.duke.edu/~rnau/411larim.htm

models:

[20].Shumway, R. and D. Stoffer. “Time Series Analysis and
Its Applications: With R Examples.” Springer Texts in
Statistics, Springer New York, 2010

[21]. Shumway, R. and D. Stoffer. “Time Series Analysis and
Its Applications: With R Examples.” ser. Springer Texts
in Statistics. Springer New York, 2010. [Online].
Available:
https://books.google.com/books?id=dbS51Q8P5gYC

[22].Hyndman, R. and G. Athanasopoulos, “Forecasting:
Principles and Practice.” 2d ed. Australia: OTexts, 2018

[23].Breiman, L. “Random Forests.” Machine Learning. 45 (1)
(2001) 5-32.d0i:10.1023/A:1010933404324

[24].Liu, Y.and H. Wu, "Prediction of Road Traffic Congestion
Based on Random Forest.” 10th International
Symposium on Computational Intelligence and Design

(ISCID), Hangzhou, 2017,
10.1109/1SCID.2017.216

[25].Abuella, M. and B. Chowdhury, "Hourly Probabilistic
Forecasting of Solar Power,” North American Power
Symposium (NAPS), Morgantown, WV, 2017, pp. 1-5.
doi: 10.1109/NAPS.2017.8107270

pp. 361-364. doi:

[26].Hyndman, R., and G. Athanasopoulos. “Forecasting:
Principles and Practice.” 2nd Edition, OTexts, Australia,
2018

[27].Dickey, David A. and Wayne A. Fuller. “Distribution of
the Estimators for Autoregressive Time Series with a
Unit Root.” Journal of the American Statistical
Association, vol. 74, no. 366, 1979, pp. 427-431.]STOR,
www.jstor.org/stable/2286348.

[28].S. Halim, S., I. N. Bisono, Melissa and C. Thia, "Automatic
Seasonal Auto Regressive Moving Average Models and
Unit Root Test Detection.” IEEE International
Conference on Industrial Engineering and Engineering
Management. Singapore, 2007, pp. 1129-1133. doi:
10.1109/IEEM.2007.4419368

[29].Wu, ]. and C. K. Chan. "The Prediction of Monthly
Average Solar Radiation with TDNN and ARIMA," 11th
International Conference on Machine Learning and
Applications. Boca Raton, FL, 2012, pp. 469-474. doi:
10.1109/ICMLA.2012.225

© 2019,IRJET | ImpactFactor value: 7.34

ISO 9001:2008 Certified Journal | Page 1821


http://www.people.duke.edu/~rnau/411arim.htm
https://books.google.com/books?id=dbS5IQ8P5gYC
http://www.jstor.org/stable/2286348

