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Abstract 
As the Internet-of-Things makes various types of 

sensing possible, edge computing has been developed 

to collect, store, and analyze vast amounts of data. It 

is becoming a great resource for future industries 

because unlike in cloud systems, large amounts of data 

can be processed efficiently and immediately near the 

source. In this paper, we propose an SLA architecture 

for wind power output forecast which uses data 

collected from edge computing. To validate the 

proposed method, we analyzed empirical data 

obtained from the Jeju carbon-free Islands in South 

Korea. 
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1. Introduction  

The advent of industrial Internet-of-Things (IIoT) 

has increased the reliability and efficiency of remote 

assets so that operators can analyze the data at the edge 

of a network from where the data is generated. Real-

time sensor data collected from wind power generators 

can be used as input data for prediction models, 

because real-time sensor data analysis allows output 

prediction models to achieve higher accuracy. As large 

wind farms are relatively far from the power system, 

edge computing is introduced.  

The four steps that allow an efficient use of edge 

computing applications are:  

(1) Identification of original data: Weather 

information based on weather conditions, atmosphere, 

and terrain plays an important role in wind power 

prediction solutions 

2) Edge and big data analysis: Use edge and big data 

analysis for accurate prediction 

3) Learning a model to improve prediction accuracy: 

Construct a prediction model and perform learning 

4) Establishing procedures and providing solutions: 

Apply solutions configured with edge computing 

The use of wind and solar powered energy 

systems is expected to increase. Because of the nature 

of a power system, if variable generation resources are 

connected to the system, a variety of problems that 

have not been experienced in the operation and 

planning of the grid should be expected. Therefore, we 

believe that it is necessary to improve the error of the 

output prediction model through real-time (online) 

sensor data analysis of renewable energy using edge 

computing. To focus on the edge computing paradigm, 

where pushing aggregated data to the edge of IoT 

network allows the complexity of analytics tasks to be 

distributed into many smaller and more manageable 

pieces, Natascha et al. generalized a mechanism that 

explores the potentials of predictive intelligence on the 

edge computing paradigm over evolving data streams. 

Distributed intelligence mechanism that supports 

communication efficient aggregation and predictive 

modeling within the edge network of SANs (Several 

Sensing and Actuator Nodes) and ENs (Edge Nodes) 

is provided. In the paper written by Y. -J et al., to save 

grid power in MEC (Mobile Edge Computing), a 

machine learning based model for predicting the intra-

hour and hour-ahead SoE (State of Energy) in a 

renewable energy-driven MEC system is presented. 

Based on the previous studies, this paper proposes the 

concept of edge computing as a way to implement a 

real-time forecast system. The overall flow of this 

study for applying edge computing to wind power 

output forecast is described in figure 1 which will be 

explained in Section 4.4 in more detail. 

 

 
Figure 1. Schematic representation of this study. 

 

The remainder of this paper proceeds as follows. 

Section 2 explains the modeling of edge-based 

renewable energy data analysis techniques in several 

sectors. In Section 3, case studies related to the status 

of renewable energy monitoring and control systems 

in Korea, Germany, and Ireland are provided to 

determine the best method for edge computing 

applications. In Section 4, the algorithm based on edge 

computing used to forecast the renewable energy 

system power outputs proposed in this study is 

provided. The main conclusions of this paper are 

presented in Section 5.  
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2. Modeling of the edge computing-based 

renewable energy data analysis 

techniques  

Edge computing is different from traditional 

cloud computing. It is a new computing paradigm that 

computes at the edge of a network. Many IoT devices 

generate large amounts of data during operations, and 

this new infrastructure uses sensors that collect data 

and edge servers that safely process data on site and 

connect other devices, such as laptops and 

smartphones, to the network. Changing the way data 

is processed and delivered across millions of devices 

worldwide, the explosive growth of Internet-

connected devices (IoT), and new applications 

requiring real-time computing capabilities continue to 

drive edge computing systems. Therefore, in this 

section, we define edge computing and present case 

studies to identify ways to process the modeling data 

for edge computing-based renewable energy data 

analysis techniques. 

2.1. Comparison between edge computing 

and cloud computing 

Owing to the exponential growth of IoT devices, 

edge computing models have emerged to supplement 

cloud computing in easily processing large amounts of 

data. Cloud-based big data processing has several 

shortcomings.  

• Real-time data processing: If many edge devices 

are added, a large amount of terminal data is still 

transmitted to the cloud for processing, the 

intermediate data transmission volume will be greatly 

increased, and the data transmission performance will 

be reduced; thus, resulting in a large load of network 

transmission bandwidth, causing data transmission 

delays. Therefore, in some application scenarios, 

which require real-time feedback, cloud computing 

will not be able to meet real-time business 

requirements. 

• Security and privacy: When using various 

applications in smartphones, these require user data, 

including privacy data. There is a high risk of privacy 

leakage or attacks on these data when uploaded to the 

cloud center. 

• Energy consumption: As the number of smart 

devices continues to increase, the power consumption 

of data centers has increased significantly. Improving 

the use efficiency of cloud computing cannot meet this 

increase in data energy consumption. A rapidly 

developing intelligent society will have higher 

requirements for the energy consumption of cloud 

computing. 

Conversely, edge computing is a distributed 

computing model in which data collection and analysis 

occurs near a centralized server or location that 

handles data rather than the cloud. Therefore, edge 

computing provides computing and data storage closer 

to the device where data is being collected rather than 

relying on central locations thousands of miles away; 

thus, eliminating time-delay issues that can affect 

application performance, particularly real-time data 

processing. In addition, companies can reduce costs by 

conducting local processing; thus, reducing the 

amount of data they need to process in centralized or 

cloud-based locations. For many businesses, cost 

reduction can be a driving force for using edge 

computing. The biggest advantage of edge computing 

is that it can process and store data faster than clouds 

with higher bandwidth costs. As a result, real-time 

applications which are critical to enterprises can be 

used more efficiently. 

Both cloud computing and edge computing 

models are non-exchangeable technologies. Edge 

computing is used to process time-sensitive data, and 

cloud computing can easily process non-time-driven 

data. Therefore, they complement each other's 

strengths and weaknesses, rather than replacing one 

another. The paradigm of cloud computing and edge 

computing is shown in Figure 2. 

In this study, we have focused on the fact that 

edge computing provides maximum operational 

efficiency and improves performance and safety over 

the traditional cloud computing, resulting in a 

relatively smaller time delay and lower costs. Edge 

computing is applied in various fields, such as 

autonomous vehicles, proactive maintenance, 

streaming services, smart homes, and voice support, 

and it provides effective interaction of users through 

real-time responses. 

 

 
Figure 2. Paradigms of cloud and edge 

computing. 
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2.2. Case studies for the application of edge 

computing in big-data analysis 

As IoT data can be processed locally according to 

the edge paradigm, sensors can provide real-time 

analysis through local processing functions. 

Therefore, in this section, case studies that conduct 

big-data analysis of environment/weather data, based 

on edge computing, are introduced. An example is the 

edge computing weather monitoring application built 

on the Raspberry Pi system, an affordable computer 

used for learning programming, with DHT11, a 

temperature and humidity sensors. In addition, edge 

computing applied in the energy sector will be 

introduced. Finally, by tracking and monitoring real-

time energy use and visualizing data through 

dashboards, we conducted a case study on edge 

computing, which is being utilized in the energy field 

to help system operators or end consumers manage 

and control energy consumption. IoT application 

solutions are built using one or more sensor nodes 

consisting of microcontroller units (MCUs) and some 

provisioning of data storage, analysis, and prediction. 

These features are provided through cloud computing 

services. As a result, resources are centralized and not 

suitable for IoT applications, which require rapid 

responses. For example, assuming that weather 

monitoring applications are designed to collect 

temperature and humidity data, the applications will 

detect sudden temperature rises and sound alarms. 

When data is transferred to cloud services for analysis, 

delays may occur, and the system may be inefficient. 

Edge computing provides benefits to IoT applications 

in several ways as analysis is performed in instances 

where data is collected. The architecture of edge 

computing weather monitoring applications based on 

the Raspberry Pi board and DHT11 is shown in 

following algorithm (Algorithm 1).  

 

Algorithm 1. Weather monitoring 

applications based on the Raspberry Pi board 

and DHT11 
Input: Data collected through DHT11 sensor 

connected to Raspberry Pi board (temperature, 

humidity) 

Output: Plot of the data anlayzed by edge 

computing 

1:    Fetch data from sensor (temperature, 

humidity) 

2:    Compute the average of data obtained 

(Tavg, Havg) 

3:      if abs(T-Tavg) > 10 then  

4:        1. Send message to edge and cloud 

5:        2. Check abs(H-Havg) 

6:      if not  

7:         Check abs(H-Havg) 

8:           if abs(H-Havg) > 10 then 

9:              1. Send message to edge and cloud 

10:            2. Plot the data  

11:         if not  

12.            Return plot of the data 

15:         endif 

16:   endif 

 

Edge computing in the energy sector tracks and 

monitors real-time energy use and visualizes data 

through dashboards, enabling system operators or end 

consumers to manage and control energy 

consumption. We have concluded that edge computing 

for renewable energy sources, such as wind and solar 

power, can be used to establish a generator shutdown 

plan by analyzing the supply, demand, and variability 

of these resources so that power system operators can 

supply renewable energy sources according to the 

local power demand. Large data centers can aggregate 

computing and storage requirements for thousands of 

users, but they do not require optimization of energy 

power usage. Conversely, small (distributed) data 

centers with edge computing technology can distribute 

servers for data processing, reducing the overall 

energy consumption for power, cooling, etc. Because 

bandwidth consumption increases as cloud and 

network usage increases, energy consumption 

increases. Therefore, it is necessary to develop 

measures to optimize the energy use. Herein, we 

believe that edge computing technology can provide 

solutions to help reduce network load, optimize energy 

used for computing and storage, and monitor energy 

consumption. 

3. Status of the renewable energy 

monitoring and control systems 

As the size of renewable energy facilities is 

expanding, the proportion of renewable energy 

systems is also increasing, and the frequency and 

voltage of power systems change considerably owing 

to the variability and uncertainty of the renewable 

energy resources; thus, resulting in instabilities in the 

power system. To address this, countries are 

conducting research on implementing renewable 

energy monitoring and control systems on such 

system. For instance, SCADA systems control and 

monitor various systems, such as Energy Storage 

Systems (ESSs), distributed in large areas. Data from 

renewable energy systems (voltage, power flow, 

power generation, etc.), collected through remote 

telemetry units (RTU), can be used as input data for its 
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power output predictions, and it is expected that 

renewable energy monitoring and control systems will 

become more important in the future for an integrated 

and efficient operation of distributed power systems. 

In this section, case studies about the renewable 

generators and renewable energy monitoring and 

control systems in Korea, Ireland, and Germany are 

analyzed. 

3.1. South Korea 

The requirements for providing information on 

renewable generators are as follows. Renewable 

energy generation operators must submit characteristic 

data of each power generation facility through the  

 

renewable energy information sharing system and 

install facilities to monitor real-time communication 

status, effective and reactive power output, and 

operating power factor voltage. In addition, the 

requirements for information to be provided by wind 

and solar power generation businesses vary depending 

on the type, facility capacity, and interconnection lines 

of each generator. 

• Requirements for providing real-time data on 

renewable power generators 

- For power generators with a land system of 154 kV 

or more, data must be provided within 4 s (for installed 

capacity > 20 MW) or within 1 min (for installed 

capacity < 20 MW). In the case of interconnected 

generators operating at < 154 kV, the data provision 

cycle is 4 s (if installed capacity exceeds 1 MW) 

- Power transmission of line-linked generators in Jeju 

(≥ 22.9 kV) must provide data in 4 s (over 20 MW of 

facility capacity) or within 1 min (over 1 MW of 

facility capacity and less than 20 MW of facility 

capacity) 

- Among power generators connected to voltage lines 

on land at < 154 kV and the 22.9 kV transmission lines 

on Jeju Island, ESS-linked generators must pro-vide 

additional information on the total power (MW) and 

reactive power (Mvar), ESS upper and lower charge 

limits, and state of charge (%) 

 

 

 

 

• Requirements for providing weather data for 

renewable power generators 

- To forecast the output of renewable energy, weather 

information data (wind speed, temperature, etc.) are 

required as input data. The numerical forecast model  

 

provided by the Korea Meteorological Administration 

has the same forecasted value for all weather data 

within the grid resolution, making it difficult to 

accurately forecast the output power 

- The weather data obtained can be used as input data 

to enhance renewable energy power output predictions  

The requirements set for providing data according 

to the installed capacity are listed in Table 1. 

According to the 9th Basic Plan for Power Supply 

and Demand document, the renewable energy system 

controllers in Korea plan to establish a renewable 

Power 

generation 

source 

Installed 

capacity 

Information  

provision facility 

Data provided 

Weather Real time 

Wind power 

≥20MW 

- Fixed wind direction 

measuring tower 

- Remote monitoring 

instrument 

- Wind speed 

- Wind direction  

- Temperature 

- MW 

- Mvar 

- Available MW 

- The number of 

turbines in operation 

≤20MW 

- Wind direction 

measuring instrument 

- Wind speed 

- Wind direction  

- Temperature 

- MW 

- Mvar 

- Available MW 

- The number of 

turbines in operation 

Solar power 
≥1MW 

- Insolation meter 

- Outdoor air 

thermometer 

- Insolation 

- Temperature 

- MW 

- Mvar 

- Available MW 

Table 1. The requirement set according to the installed capacity. 
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management system (RMS), which has real-time 

information providing devices and smart inverters, by 

2024. Therefore, the optimal power system operation 

base can be prepared by forecasting power output 

considering the volatility of renewable energy sources 

and ensuring power supply and demand stability. 

3.2. EirGrid (Ireland) 

EirGrid, an Irish power transmission system 

operator, introduced a wind-dispatch tool (WDT) to its 

energy management system (EMS) for stable power 

system operation. According to safety standards, the 

WDT can control the renewable power output 

(effective power) by managing real-time operation 

restrictions. The WDT function can be used for all 

wind and solar power generation facilities that are 

linked to transmission and distribution and can control 

various renewable energy generation facilities at the 

same time. 

In addition, EirGird performs a real-time (5 min) 

power system transient and voltage stability 

evaluation using the Wind Security Assessment Tool 

(WSAT). WSAT calculates the secure wind level 

(SWL) by modeling thousands of static and dynamic 

assumed contingencies by setting the real-time 

network topology and operating conditions as initial 

values. WSAT can then evaluate the effect of new and 

renewable energy output power above or below a 

certain level on the system to continually monitor the 

transient and voltage stability of the power system in 

Ireland. 

3.3. Siemens (Germany) 

Siemens, the German power company, conducts 

transmission system stability and dynamic stability 

evaluations using integrated wide-area monitoring 

(SIGUARD® PDP) and dynamic stability evaluation 

(SIGUARD® DSA) programs. Contingency analysis 

was automatically performed using the most recent 

snapshot data acquired through the SCADA system. 

The results of the system analysis using 

SIGUARD® DSA are as follows: 

• Contingency that causes disturbance (aligned 

according to severity) 

• Physical phenomena that cause stability problems 

such as voltage, transient, and small signals 

• Detailed information on the power system, such as 

single-generator level and power flow of the bus 

Furthermore, Siemens introduced a standardized 

multilevel wind SCADA center (MWSC) solution 

based on the SIMATIC WinCC open architecture for 

remote control of offshore and land wind power. This 

can be used for the overall monitoring and control of 

various output scenarios of wind power plants, and 

real-time data access is possible without time and 

space restrictions. The Siemens’ MWSC solution can 

design an integrated SCADA architecture for wind 

turbines and wind power farms. Therefore, power 

transmission system operators can use the monitored 

data through MWSC to evaluate the system stability. 

4. Wind power forecasting algorithm 

based on edge computing  

Based on the case studies introduced in Section 3, 

we developed methods to upgrade the renewable 

energy output prediction model based on edge 

computing. We also constructed a statistical learning 

analysis (SLA) architecture to predict renewable 

energy power outputs. 

4.1. Kriging-based spatial modeling 

Kriging is a representative spatial modeling 

technique that infers the value of a target point through 

a linear combination of data with spatial inter-

relationships. When the kriging technique is used for 

renewable energy sources, data can be interpolated by 

predicting the environmental variable at the point of 

interest using a weighted linear combination with 

values known a priori. To predict the environmental 

variables of renewable energy generation complexes 

using spatial modeling, spatial correlation and 

continuity analysis between existing data must be 

performed, and covariance and variogram modeling 

processes are required to derive kriging predictions. 

The variogram is a measure of the similarity of 

data separated at a certain distance and represents the 

spatial correlation between the data. Equation 1 is the 

variogram equation. 

 

2𝛾(ℎ) =
1

|𝑁(ℎ)|
∑ [(𝑧(𝑥) − 𝑧(𝑥 + ℎ))

2
]

𝑁(ℎ)

 (1) 

 

The variogram 2γ(h) is the expected value of the 

squared difference between two spatial data separated 

by a certain separation distance h. In such cases when 

having both magnitude and direction, h can be 

represented as the vector h. N(h) is the number of pairs 

of locations separated by the distance h then z(x) is the 

characteristic value at point x. If spatial data is not 

obtained at equal intervals, a relaxed separation 

distance is applied. The relaxed separation distance 

includes the designation of a predetermined distance 

and the use of an allowed distance. The allowed 
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distance sets an allowable limit for each separation 

distance, and because actual meteorological towers 

and renewable energy generation complexes are 

extensively distributed, it is important to set an 

appropriate maximum allowable limit based on test 

calculations. 

The threshold value refers to a variogram value 

with no correlation between data when the separation 

distance (h) is increased, and the maximum separation 

distance showing the correlation is defined as the 

correlation distance. The nugget is a variogram value 

when the separation distance is zero, and the value 

increases as the data is distributed over a wide range. 

Accordingly, nuggets in the variogram may not occur 

depending on the number and distribution 

characteristics of the data. Variogram modeling 

directly affects the final prediction result value using 

the kriging technique, and modeling must be 

performed repeatedly for accurate variogram 

modeling. 

4.2. Prediction of wind power output based 

on ARIMAX and Monte-Carlo simulations  

We propose an ensemble model that combines 

each single model with the statistical Autoregressive 

integrated moving variables (ARIMAX) model and 

the probabilistic Monte–Carlo simulation (MCS)-

based power curve power conversion model based on 

analog–ensemble techniques. The wind power 

generation and environment variable data used as 

input data for prediction were obtained by estimating 

wind speed through the Kriging-based spatial 

interpolation methods. The overall prediction 

algorithm is illustrated in Figure 3. 

 

 
Figure 3. Enhanced Wind power forecast model. 

4.2.1. ARIMAX Model. The ARIMAX model 

used the historical output data obtained from the wind 

farms as the main time series, and it also used 

estimated wind speed data at the location of the wind 

power generator as the subtime-series. The ARIMAX 

model is similar to the existing short-variable 

autoregressive model ARIMA, but there is a 

difference in that errors can be improved, and auxiliary 

variables are considered together when selecting a 

model. 

 

4.2.2. Power curve power conversion model 

based on Monte-Carlo simulations. The power curve 

of an existing wind power turbine generally represents 

a deterministic power curve provided by the turbine’s 

manufacturer. Because this was estimated as a 

deterministic value, there is a limit to the improvement 

of the prediction error because it does not reflect the 

relationship between the actual wind speed and the 

output. The power curve developed in this study 

compensates for the shortcomings of the existing 

deterministic method by applying MCS, a 

probabilistic approach. MCS is a simulation that uses 

a probabilistic system based on probability variables 

in uncertain situations and is performed through a 

model that generates probabilistic results. 

 

4.2.3. Analog-Ensemble model. In this study, an 

analog–ensemble prediction model was developed that 

combines the previously developed ARIMAX model 

and the MCS-based power curve power conversion 

model. The analog–ensemble technique is a technique 

that explores past situations similar to a current 

situation and infers uncertainty by reconstructing the 

conditions at that time. Even if it is predicted with the 

same forecast value, it has the advantage of 

supplementing the limitations of the forecasting model 

by reciting the measured power generation value at the 

corresponding time step using the distribution of the 

power generation at that time as an indicator of 

uncertainty. Figure 4 shows the flow diagram of the 

algorithm of the analog–ensemble model. Input data 

require deterministic wind power forecasted values for 

the forecasting period, the actual out-put database 

(DB) obtained from wind farms for each forecasting 

model, and historical forecasted values of the model 

for the learning period of the forecasting model. 
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Figure 4. Analog-ensemble technique algorithm. 

 

4.3. Statistical Learning Analysis architecture 

construction  

Statistical Learning Analysis (SLA), as a tool for 

analyzing data, is divided into supervised statistical 

learning and unsupervised statistical learning. Map 

statistical learning is a statistical model used for the 

prediction or estimation of outputs using one or more 

input data. Unlike supervised statistical learning, 

unsupervised statistical learning does not have a 

supervising output but can learn relationships and 

structures between data from the input data. Typical 

statistical learning methods include regression and 

classification models, and users should choose the 

appropriate statistical learning method based on 

whether the response is quantitative or qualitative. 

Furthermore, the model used for the estimation of 𝑓(𝑥) 

depends on whether the objective utilizing statistical 

learning methods is for prediction or interference. 

Logistic regression is a statistical technique used 

to predict the likelihood of an event using linear 

combinations of independent variables as a probability 

model. If the decision tree method is used as a 

classification method, the logistic regression method 

calculates the probability of belonging to 0 and 1, 

respectively. The objective is to represent the 

relationship between the target and the independent 

variables as a specific function, such as the regression, 

for use in future predictive models. It is used to predict 

observation values and categorical target variables. 

Both continuous and categorical variables were 

applied to the independent variables. There are two 

ways used for the estimation of associations: odds and 

relative risk. 

4.4. Algorithm 

In this study, wind power generation is proposed 

for wind power output prediction using the ARIMAX 

model and MCS-based power curve power conversion 

model. When the predictive performance of a single 

model of wind power is completed, analog–ensembles 

are applied to individual predictions to derive the final 

renewable energy output prediction values.  

Herein, we propose an improved prediction of 

renewable energy output based on edge computing by 

collecting and analyzing big data using edge 

computing technology and by reviewing case studies 

related to the SLA architecture design. Figure 5 is a 

schematic of the overall algorithm of the edge 

computing application for the advanced prediction of 

renewable energy output proposed in this study. 

 

 
Figure 5. Overall flow of edge computing 

application for advanced forecast. 

 

We designed SLA architectures for data pre-

processing and renewable energy output control using 

logistic regression and decision trees, as described in 

Section 4.3. The following algorithm (Algorithm 2) 

explains the SLA architecture design suggested in this 

study for the prediction of the renewable energy 

output. 

 

Algorithm 2. SLA architecture for wind 

power output forecast 
Input: Data collected from edge computing 

(measured data, numerical weather 

prediction) 

Output: Forecasted value of wind power 

outputs (MW) 

1:    for forecasting data = forecasting start 

date to forecasting end date 

2:    Training data ∈ input data (date < 

forecasting date) 
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3:    Check the environmental variable 

4:     if environmental variable ∈ target spot 

then 

5:       1. Find abnormal/missing values 

6:       2. Conduct data pre-processing 

7:          if wind speed < cut-in speed then 

8:            Return wind power output = 0 

9:          if not  

10:           1. Check If rated output speed < 

wind speed < cut-out speed  

11.              if rated output speed < wind speed 

< cut-out speed then 

12:                 Return wind power output = 

rated capacity 

13:              else  

14:                 Return wind power output = 

measured value 

15:        endif 

16:   else  

17:       1. Predict target point environment 

variables based on spatial modeling 

18:       2. Predict renewable energy outputs 

through ARIMAX and MCS simulation 

19:       3. Analog–Ensemble 

20:         Return wind power output value 

predicted from Analog–Ensemble model 

21:   endif 

 

The input data used for SLA architecture, 

predicting wind power output, are temperature, wind 

speed, and wind power output data. Main input data 

examples for forecasting the wind power output during 

the period 09/01/2021 00:00:00 ~ 09/14/2021 

23:45:00 is described in detail below. 

 

 

 
Table 2.  

Main input data for forecasting wind power output  
(Forecasted period: 09/01/2021 00:00:00 ~ 

09/14/2021 23:45:00). 

Time 
Temp 

(°C) 
WS (m/s) 

WP 

(MW) 

2021-03-05 

0:00 
0.96 0.992 2.07 

2021-03-05 

0:15 
1.04 0.332 2.05 

2021-03-05 

0:30 
1.08 0.394 2.13 

2021-03-05 

0:45 
1.19 0.439 2.32 

2021-03-05 

1:00 
1.23 0.776 3.52 

…
 

…
 

…
 

…
 

2021-08-31 

23:45 
24.85 0.457 3.50 

4.5. Results  

Using the data obtained through edge computing, 

a wind power output forecast was conducted in this 

study using the novel ensemble model. The proposed 

method was verified using empirical data from 

Korea’s wind farms. Two periods of forecast will be 

introduced. First, to perform short-term wind power 

output forecast from 08/12/2021 13:00:00 to 

08/12/2021 18:45:00, the training period was set as 

02/13/2021 13:00:00 to 08/12/2021 12:45:00 at 15 min 

intervals. The graph (Figure 7) indicates the forecasted 

results. The black line represents the measured value, 

and the green line represents the wind power output 

value predicted through the ensemble model algorithm 

presented in Section 4.4. It was confirmed that the 

prediction performance deteriorated if the measured 

value exceed-ed the facility capacity or if the power 

fluctuation was high. 

The second forecasted period presented in this 

study is from 09/01/2021 00:00:00 to 09/14/2021 

23:45:00. Therefore, training period was from 

03/05/2021 00:00:00 to 08/31/2021 23:45:00 with 15 

min intervals. The graph (Figure 8) shows the best 

result of short-term 6 h forecasting during a forecast 

period, which was obtained based on the analog–

ensemble model. 

 

 
Figure 7. Forecasted results for the forecasting 

period 08/12/2021 13:00:00 ~ 08/12/2021 18:45:00. 
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Figure 8. Forecasted results for the forecasting 

period 09/12/2021 06:00:00 ~ 09/12/2021 12:00:00. 

 

Typically, the mean error (ME), mean absolute 

error (MAE), mean square error (MSE), root mean 

square error (RMSE), and mean absolute percentage 

error, are used to assess the model and results. In this 

study, we used a normalized mean absolute error 

(NMAE) as an evaluation metric for model 

performance. The NMAE (%) is defined as follows: 

 

𝑁𝑀𝐴𝐸 =
100

𝑛
∑ |

𝐴𝑡 − 𝐹𝑡

𝐼𝑛𝑠𝑡𝑎𝑙𝑙𝑒𝑑 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦
|

𝑛

𝑡=1

 (2) 

 

In equation 2, n stands for the number of data, 𝐴𝑡  

stands for the actual value (MW) which is also known 

as measured value, and 𝐹𝑡  stands for the forecasted 

values (MW). The value of installed capacity used in 

this study was 60MW. Therefore, smaller NMAE 

values (%) indicate that the difference between the 

actual and forecasted values is smaller on average. The 

NMAE value for the forecasting period were 7.13% 

and 1.88%  respectively which are both under 10%. 

 

4.6. Discussions  

In this case studies, we reviewed the status of data 

provided by renewable generators and renewable 

energy monitoring and control systems in Korea, 

Ireland, and Germany to find the best method for edge 

computing applications. Based on published case 

studies, we proposed, in this study, an edge computing 

algorithm to forecast renewable energy power output. 

Using the constructed statistical learning analysis 

(SLA) architecture, we also applied the Kriging 

method and an ensemble model based on ARIMAX 

and MCS to enhance short-term wind power output 

forecasts. Data collected from wind farms in Korea 

were used to verify model accuracy. Two periods of 

forecast have been introduced. First forecast period 

was from 08/12/2021 13:00:00 to 08/12/2021 

18:45:00 and the training period was set as 02/13/2021 

13:00:00 to 08/12/2021 12:45:00 at 15 min intervals. 

The normalized mean absolute error (NMAE) value 

(%) was 7.13%. The second forecasted period was 

from 09/01/2021 00:00:00 to 09/14/2021 23:45:00 

with the training period from 03/05/2021 00:00:00 to 

08/31/2021 23:45:00 with 15 min time intervals. The 

NMAE value (%) obtained was approximately 1.88%. 

Case studies indicate that edge computing technology 

has the advantage of improving system operational 

efficiency, performance, and stability using data 

collected and analyzed near users rather than in 

centralized servers or clouds. 

5. Conclusion  

The use of renewable energy sources around the 

world is increasing rapidly, and the proportion of 

renewable power facilities centered on wind and solar 

power is increasing due to environmental policies and 

the decrease in unit prices of renewable energy system 

components. Existing fossil-fuel-oriented power 

systems have predictable energy sources, but 

renewable energy sources are intermittent and 

variable, depending on environmental variables such 

as wind speed, solar radiation, temperature, etc. As a 

result, it is necessary to establish a renewable energy 

monitoring and control system for stable power system 

operation. It is expected that the renewable energy 

Supervisory Control and Data Acquisition (SCADA) 

system will become more important for future power 

systems to integrate distributed energy sources and 

operate efficient power systems, such as new wind and 

solar energy-oriented generators, with the 

development of IoT technologies. Furthermore, future 

power systems will require and generate more data 

than those system operators will need to analyze to 

make decisions. This suggests that edge computing in 

power system operations is needed for efficient big 

data analysis.  

Forecasting is the basis of electric power system 

operation and planning, and can lead to results such as 

minimizing system operation costs meaningfully as 

forecasting errors are improved. Therefore, it is 

possible to contribute to improving error by using the 

proposed technique. In addition, the Korea 

government introduced a "small power brokerage 

project" that collects several small power generation 

resources and sells power on behalf of power 

generation operators as the stability of the national 

power grid decreases and electricity produced is 

discarded. The proposed method is expected to be able 

to contribute to the operation of the domestic small 

brokerage electric market. In future, we will try to 

implement a real-time forecast system through edge 

computing techniques. 
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