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Abstract—Electricity price data is often non-linear and highly 

volatile. Under a weather and climate disaster event, price fore-
casting represents a challenging task. Noise in electricity price 
data is commonly affected by several factors such as season, week-
end or workday, critical event, etc. In this study, the proposed 
model uses a de-noised wavelet as a pre-processing algorithm to 
reduce price noise characteristics and a Non-linear Auto-Regres-
sion eXogenous (NARX) Neural Network (NN) for the data ana-
lytic approach. To test price forecasting, a seasonal week-ahead 
(168 hrs.) window is used. The forecasting models are evaluated 
using the Mean Absolute Percentage Error (MAPE). The model 
and methodology proposed show a remarkable improvement over 
standard methodologies, complemented by data visualization. 

Keywords—Neural networks, wavelet analysis, price forecasting, 
natural disaster management, data mining. 

I. INTRODUCTION  
In a competitive electricity market, price and demand 

forecasting is of great interest to market participants. To assess 
the uncertainty in the electricity price and escalate the 
effectiveness in price forecasting, many researchers have 
proposed methods and models to achieve reliable forecasted 
price [1-3]. Electricity demand forecasting has been studied by 
researchers [4-6], in order to enhance effective power manage-
ment and operation. Additionally, high integration of Distrib-
uted Energy Resources (DER), i.e. wind and solar, and uncer-
tainties in extreme-weather events, caused by climate change, 
are growing concerns for policy makers, stakeholders, consum-
ers, and prosumers because of variability in distributed genera-
tors and growing intermittent demand, due to irregular patterns 
in climate temperatures. One example of a billion-dollar ex-
treme-weather disaster happened in the United States (US) in 
2015, with 10 major events [7], as depicted in Fig.1a.  A second 
example occurred in 2018 [8], depicted in Fig.1b, where the 

extreme weather was followed by power disruption and power 
fluctuation in the Electrical Transmission and Distribution 
System (ETDS), aggravating the prediction task. 

Wholesale electricity market evolution requires a more ef-
fective forecasting model that can integrate a variety of re-
sources while being flexible enough to handle a mix of distribu-
tion generation methods and extreme-weather events, such as 
winter storms and hurricanes. A proper methodology to accu-
rately forecast demand and price is a challenging task. The 
implication of non-linearity, high volatility, and seasonality 
factors is that electricity price forecasting needs a specialized 
technique that can handle these characteristics. Similarly, de-
mand uncertainty during an extreme-weather event needs to be 
addressed with accurate forecasting models to minimize cost of 
wholesale power by serving proper loads during the critical op-
eration of the system under stress [9]. Market prices in these sit-
uations are controlled by the stakeholders in the intersectionality 
of the North American Electric Reliability (NERC) [10], i.e. 
Regional Transmission Organization (RTO) and Independent 
System Operator (ISO), as depicted in Fig.2. 

Artificial Neural Networks (ANN) with Time-Series 
methods has been a technique widely used amongst researchers 
[11-13]. Other researchers combine methods and models for a 
variety of applications. For example, Wang, et al. use wavelet 
de-noising to create a combined model to predict short-term load 
forecasting [14]. It should be noted that these techniques are use-
ful in other applications, such as fault detections in wind turbines 
and image filtering in MRI for coronary disease diagnosis, 
which was used by Sun [15] and Tianhua [16]. 
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Fig. 1. U.S. Weather and Climate Disasters. a)2015 [7]. b)2018 [8]. 

 

 

 

 

 

Fig. 2. North America Electric Reliability Interconnections [10]. 

In this study, the proposed model for electricity price 
forecasting is a Neural Network time series NARX, with 
wavelet de-noising as a pre-processing step in data analytics. 
The yearly historical price of electricity was divided into 4 
seasons: spring, summer, fall and winter, taking into account a 
week ahead forecasting (168 hrs.) window. 

The remainder of this article is organized in sections. In 
section 2, the data is described. Section 3 provides details on the 
proposed method. Section 4 briefly discusses wavelet analysis 
(preprocessing and data transformation). Section 5  describes 
neural network analysis (data mining). Section 6 presents the 
simulation results. Section 7 discusses the results and provides 
an evaluation, and section 8 delivers the conclusions of the 
study. 

II. DATA DESCRIPTION 
 

The data ccollection is based on information from the New 
York Independent Service Provider (NY-ISO) web site [17], and 
temperatures data is based on information from the Network for 
Environment and Weather Applications web site [18]. The load 
and price data is based on a time sequence from the two case 
studies carried out in preparation for this project. The first, Case 
1, is a price forecasting case study using data from one year (01-
01-2010 to 12-31-2010), which is short-term forecasting based 
mainly on a day-ahead prediction. Price, in this study, is based 
on market clearing price (MCP), which is the price established 
by the ISO, in this case NY-ISO. MCP establishment is based 
on three factors, supply and demand, transmission congestion, 
and market rules. The second case study, Case 2, is demand fore-
casting using 168 data points. In this study, the demand forecast-
ing takes into account a winter storm from a cold wave that oc-
curred during February of 2015 in New York city, this case 
study was used as proof of an extreme-weather demand forecast-
ing application. 

III. DATA ANALYSIS 
The data analysis in this study is based on knowledge 

discovery (data mining) methodology, and as an experimental 
platform we used MATLAB software [19]. The following enu-
merated list describes the steps implemented in this study, Fig. 
3 shown the proposed neural network. 

Fig. 3. Proposed neural network. 

1) Data understanding (Selection). The data used in this 
study is based on NY-ISO databases, which have vast amounts 
of data, containing 8760 entries, with high quality numerical 
values. Fig. 4 shows the electricity price, and Fig. 5 shows the 
electricity demand consumption, for Case 1 and Case 2, 
respectively. This data is studied for correct interpretation and 
understanding. 

2) Preprocessing. A wavelet transform is used as a method 
to preprocess the time-series data,  

3) Transformation. Wavelet denoising is used to normalize 
price non-linearity. Wavelet analysis is explained in section IV. 

4) Data mining. A supervised learning NARX recurrent 
dynamic network, with feedback connections to several layers 
of the network are used for this step, and detailed in section V. 

5) Interpretation/Evaluation. Interpretation of the results is 
shown in section VI. The evaluation performance is shown in 
section VII, based on Mean Average Percentage Error (MAPE). 
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Fig. 4. NY-ISO electricity price in 2010. 

 

Fig. 5. NY-ISO electricity demand in 2015. 

IV. WAVELET ANALYSIS (PREPROCESING AND DATA 
TRANSFORMATION) 

Selection of the correct wavelet for the task is important for 
effectively achieving the desired results. Wavelet transform 
technique consist of the time-frequency decomposition, this 
technique allows the identification of hidden trends in the signal 
by the processing of the time series main frequency component, 
and abstracting local information. The wavelet decomposition is 
based in two types of filters, the low-pass filters which corre-
spond to the approximated series “ ”, and the high-pass filters 
which correspond to the detailed series “ ”.  Fig. 6 shown the 
signal and the wavelet representation, and Fig. 7 shown the 
wavelet 3 representation in three levels, both illustrated in the 
work of Nazaripouya [20]. 

Fig. 6. Signal and wavelet representation [20]. 

 

 

 

 

 

 

 

 

Fig. 7. Wavelet decomposition three at level 3 [20]. 

   In Case-1, because of the nature of electricity pricing data 
was analyzed as a signal, the chosen wavelet was the Daubechies 
type 3 with 7 coefficient levels. Figs. 8 and 9 show the wavelet 
decomposition (approximation and coefficients) for fall and 
winter seasons. 

The wavelet de-noising procedure can be described as apply-
ing the following steps: 

 Use a wavelet transform to reconstruct the signal (price) 
from a noisy signal (original price). In this study, the 
chosen level was 7. 

 Select the appropriate threshold limit at each level, that 
which will best remove the noise. This study uses soft 
thresholding to smooth the signal, preventing loss of 
important features. 

 Use an inverse wavelet transform of the thresholder 
wavelet coefficient to obtain the de-noised signal.  

 Final electricity price emerges from the previous step, as 
preprocessed data. 

 

 

 

 

 

 

 

 

 

Fig. 8. Fall electricity price wavelet decomposition signal: approximations 
(blue), coefficients (green). 
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Fig. 9. Winter electricity price wavelet decomposition signal: 
approximations (blue), coefficients (green). 

In Case-2, because of the nature during a winter storm the 
electricity demand data was analyzed as a signal, the chosen 
wavelet was the Daubechies type 3 with 3 coefficient levels. 
Figs. 10 show the wavelet decomposition (approximation and 
coefficients) for the winter seasons. 

The wavelet de-noising procedure can be described as apply-
ing the following steps: 

 Use a wavelet transform to reconstruct the signal 
(demand) from a noisy signal (original demand). In this 
study, the chosen level was 3. 

 Select the appropriate threshold limit at each level, that 
which will best remove the noise. This study uses soft 
thresholding to smooth the signal, preventing loss of 
important features. 

 Use an inverse wavelet transform of the thresholder 
wavelet coefficient to obtain the de-noised signal.  

 Final electricity demand emerges from the previous step, 
as preprocessed data. 

 

 

 

 

 

Fig. 10. Winter electricity demand wavelet decomposition signal: 
approximations (blue), coefficients (green). 

V. NEURAL NETWORK ANALYSIS (DATA MINING) 
The neural network used is the recurrent dynamic time series 

nonlinear autoregressive network with exogenous inputs 
(NARX), with feedback connections to several layers of the 
network, with one-layer delayed feedback. The NARX model is 
represented in equation (1). 

where function f is a nonlinear function, u(t) and y(t) represent 
the input and output of the network at time t. Additionally, 

and are the input and output order, respectively [21]. The 
implementation of the NARX model in this study uses a multi-
dimensional input: actual price ( ), actual demand ( ),  week-
ahead price temperature ( ), week-ahead demand temper-
ature ( ), week-ahead (168 minutes) electricity price 

, and week-ahead  (168 minutes) electricity demand 
. Output value of the NARX is the forecasted electricity 

price ( ) and the forecasted electricity demand ( )  
which is the estimated output of the nonlinear dynamic system. 
The neural network for the two cases was implemented in the 
same manner with 3 inputs, 1 output, and 10 hidden neurons. 
The training method used was the Levenberg-Marquardt. 

VI. WAVELET SIMULATION RESULTS 
This section shows de-noised wavelet results for Case-1 and 

Case-2. All seasons values in Case-1 and winter season values 
are obtained in the same manner. The threshold selection rule 
was soft in both cases, with rigorous SURE for case-1 and fixed 
for case-2. Figs. 11 and 12 show the original fall and winter 
electricity price forecasting and the de-noised wavelet signal, 
respectively for case-1. For case-2 the original winter electricity 
demand forecasting and the de-noised wavelet signal is shown 
in Fig. 13. 

Fig. 11. Fall electricity price showing original signal (red) and de-noised 
signal (black). 

Fig. 12. Winter electricity price showing original signal (red) and de-noised 
signal (black). 
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Fig. 13. NY-ISO electricity demand in 2015. 

Case-1: A comparison of the electricity price statistical char-
acteristics is shown in Table I. Specifically, original signal and 
de-noised signal values from the fall season are shown for com-
parison. Table II contains similar information for the winter. 

TABLE I.  FALL SEASON STATISTICAL RESULTS FROM 
ORIGINAL AND DE-NOISED SIGNAL 

Fall Original Signal De-noised Signal 

Mean 31.83 31.66 

Median 32.81 31.94 

Max value 114.4 85.75 

Min value -45.34 -24.73 

Stardard deviation 22.36 18.22 

TABLE II.  WINTER STATISTICAL RESULTS FROM ORIGINAL 
AND DE-NOISED SIGNAL 

Winter Original Signal De-noised Signal 

Mean 39.07 39.05 

Median 34.29 36.21 

Max value 505.9 178.9 

Min value -3.13E-10 17.53 

Stardard deviation 37.95 19.8 

 

Case-2: A comparison of the electricity demand statistical 
characteristics is shown in Table III. Specifically, original signal 
and de-noised signal values from the winter season are shown 
for comparison.  

TABLE III.  WINTER SEASON STATISTICAL RESULTS FROM 
ORIGINAL AND DE-NOISED SIGNAL 

Fall Original Signal De-noised Signal 

Mean 6293 6160 

Median 6223 6267 

Max value 7284 7512 

Min value 4643 4552 

Stardard deviation 833 756.5 

VII.  RESULTS AND EVALUATION 
Three Scenarios are analyzed in this study for case-1 and two 

scenarios for case-2, details of which are presented below. 

NN Scenarios studies  
The NN is modified in three main configurations as 

explained below. Each has the same input, hidden and output 
constraints. The actual price ( ), actual demand ( ), week-
ahead price temperature ( ), week-ahead demand temper-
ature ( ), week-ahead price ( ), and weak-ahead de-
mand ( ) are provided to the input layer shown in Fig. 7. 
The output generated is the week-ahead forecasted price ( ) for 
case 1, and the output generated for case 2 is the week-ahead 
forecasted demand ( ) also shown in Fig.7. MAPE evaluation 
is conducted, as shown in equation (2), where and  are the 
actual price and the forecasted price, respectively, and N is the 
number of samples for case 1, and for case 2 the electricity de-
mand was applied in equation (1). 

CASE-1: 

1) Scenario-1 [NN NARX only] 
The NARX NN is utilized to forecast the electricity price in 

an NY-ISO market in 2010. The historical price data is divided 
into four seasons, as described in the previous section. Since the 
selected data for output is week-ahead (168 mins), this data is 
used as the training target.  

2) Scenario-2 [De-noised Wavelet before NN NARX (DW-
NN NARX)] 

This case utilizes the proposed model, where the de-noised 
wavelet technique is applied first to actual electricity price ( ), 
taking into account the fact that it is a noisy signal. De-noised 
wavelet process results are the input of NARX NN. 

3) Scenario-3 [NN NARX after de-noised Wavelet (NN 
NARX-DW)] 

In this scenario, the de-noised wavelet process is applied af-
ter the electricity price forecasting by the NN NARX network. 

Comparison Analysis and Results for Case-1 
The comparison between the results in the three scenarios is 

detailed in this section. 

4) Scenario-1, Scenario-2 and Scenario-3 results 
Table IV shows the comparison between Scenarios 1, 2 and 

3. 
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TABLE IV.  CASE-1: MAPE (%) RESULTS FOR SCENARIO-1, 
SCENARIO-2 AND SCENARIO-3 RESULTS 

SEASON MAPE (%) 
NARX NN 

MAPE (%)  
DW-NARX NN 

MAPE (%)  
NARX NN-DW 

Spring 13.58 14.83 10.72 

Fall 62.28 46.15 53.47 

Summer 11.44 12.79 21.55 

Winter 23.09 21.63 18.05 

 

Examination of the three scenarios’ result for the spring sea-
son, shows that the NARX NN-DW model presented the best 
performance with 10.72 % (MAPE). The average MAPE ob-
tained with the three methods (scenarios) result in 27.6 %, 23.85 
% and 25.95 %, respectively. These results exhibit a better per-
formance using the de-noising wavelet as input and after, to han-
dle non-linearity feature in the processed signal and in the price 
forecasting signal. 

CASE-2: 

1) Scenario-1 [NN NARX only] 
The NARX NN is utilized to forecast the electricity demand 

in an NY-ISO market in 2015. The historical price data is di-
vided into four seasons, as described in the previous section but 
only winter season was taken into account (winter storm case). 
The data for output is week-ahead (168 mins), this data is used 
as the training target as explained in Case-1.  

2) Scenario-2 [De-noised Wavelet before NN NARX (DW-
NN NARX)] 

This case utilizes the proposed model, where the de-noised 
wavelet technique is applied first to actual electricity demand 
( ), taking into account the fact that it is a noisy signal. De-
noised wavelet process results are the input of NARX NN. 

Comparison Analysis and Results 
The comparison between the results in the three scenarios is 

detailed in this section. 

3) Scenario-1 and Scenario-2  results 
Table V shows the comparison between Scenarios 1 and 2. 

TABLE V.  MAPE (%) RESULTS FOR SCENARIO-1, SCENARIO-2 AND 
SCENARIO-3 RESULTS 

SEASON MAPE (%) 
NARX NN 

MAPE (%)  
DW-NARX NN 

Winter 0.039 0.032 

 

Examination of the two scenarios’ result for the winter sea-
son, shows that the DW-NARX NN model presented the best 
performance with 0.032 % (MAPE).  This result exhibit a better 
performance using the de-noising wavelet as input, to handle 
non-linearity feature in the processed signal and in the demand 
forecasting signal in the case of a winter storm. 

VIII. CONCLUSIONS 
The electricity price and demand forecasting can be 

enhanced using a de-noised wavelet as a prepossessing 
technique. Similarly, data mining allows for better forecasting 
of electricity price and demand. The proposed model shows 
accurate electricity price and in a nonlinearity winter storm case, 
where the MAPE comparisons between the cases clearly shows 
that the proposed signal treatment with the de-noising wavelet is 
well suited to forecast the electricity price and demand. In future 
work, deep learning as a data mining technique to manage the 
nonlinearity in the electricity price and demand will be explored. 
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