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Abstract—Increasingly high penetration of 

photovoltaic generation arises in cyber-physical 

power system. Solar power is intermittent and 

variable, as the solar source at the ground level is 

highly dependent on atmosphere parameters. The 

inherent variability of large-scale solar generation 

introduces significant challenges in the development 

of cyber physical power system. Accurate 

forecasting of solar power is critical to secure 

economic operation of the power grid. This paper 

proposes a modified time series model to forecast the 

short term solar power generation forecasting for 

Cyber-Physical systems applications. The 

performance metrics are Root Mean Square Value, 

Mean Absolute Deviation and Mean Absolute 

Percentage Error are compared with the literatures. 

I. INTRODUCTION 

Cyber Physical system is the combination of 

physical systems and cyber systems. Modern grids 

are integrated with lot of smart sensors that 

provided the required information to the system to 

ensure the grid is reliable on time. While modeling the 

cyber physical power grid, the power source plays a 

vital role to meet the demand.  But in renewable energy 

case, the power generation from the sources is not 

reliable because of variable solar radiation and wind 

velocity [1, 2]. This paper addresses the forecasting of 

solar power generation from the installed solar 

photovoltaic (PV) power plant.  

Normally, solar power generation forecasting models 

fall into three categories i.e., physical, time-series 

statistical and ensemble models [3, 4]. In time-series 

model, the past meteorological data are used to forecast. 

Under time-series model, Artificial Neural Network 

(ANN) [5-7], Support Vector Machine (SVM) [8, 9], 

Markov Chain [10, 11], Autoregressive [12, 13] and 

Regression [14] discussed in the literature. In physical 

models, Numerical weather prediction [15, 16] and Sky 

imagery [17-19] also discussed in literature. 

Cooperative and Competitive ensemble are discussed in 

[20]. Out of all types, the time-series model have easiest 

way to forecast and in that Holt’s Winter method have 

less Root Mean Square Value (RMSE) identified from 

the literature. 

II. TIME SERIES MODEL 

In time series model, a set of statistical data are 

collected for particular time period and the 

measurements may be taken with the time horizon may 

be every hour, day, week, month and year. If data are 

purchased, data mining is essential because it has large 

set of data. As a result of data mining, the required time 

horizon may be obtained and used for our study. In our 

 
 

work, R software is used and it is free software 

programming for data mining and also for forecasting. 

Time series models are classified into two types, it 

includes- parametric and non parametric time series 

models [21]. In all time series models, first step is to 

find the Moving Average (MA), followed by Centre 

Moving Average (CMA). Trend, Level and Seasonal 

component are calculated by using the formula. Finally, 

decomposition model are developed to forecast the next 

day data. In the proposed modified time series model, 

decomposition stage gets differed; here hybrid 

decomposition is used, which is the sum of level and 

trend component and resultant to be multiplied with 

seasonal component. 

III. MODIFIED TIME SERIES MODEL 

 In modified time series model, the forecasting 

equation consists of following parameters such as level 

component, trend component and seasonal component. 

For decomposition, the level and trend components are 

summed and multiplied with seasonal components.  The 

hybrid forecasting formula is given in the equation (1). 

𝐹𝑡+𝑛 = (𝐿𝑡 + 𝑥𝑏𝑡)𝑆𝑡+𝑥−𝑠                            (1) 

where, Ft+n is the forecasted value 

 Lt is the level component for the time period of t. 

 bt is the trend component for the time period of t. 

 St+x-s is the seasonal trend component for the time 

period of t+x-s, x is the length of seasonal cycle. 

The level, trend and seasonal components are calculated 

by using the equation (2, 3 and 4). 

𝐿𝑡 = 𝜃 𝑦𝑡 − 𝑆𝑡−𝑠 +  1 − 𝜃 (𝐿𝑡−1 + 𝑏𝑡−1)       (2) 

𝑏𝑡 = 𝜗 𝐿𝑡 − 𝐿𝑡−1 + (1 − 𝜗)𝑏𝑡−1                (3) 

𝑆𝑡 = 𝜏 𝑦𝑡 − 𝐿𝑡 + (1 − 𝜏)𝑆𝑡−𝑠                (4) 

for 0 ≤ 𝜃 ≤ 1, 0 ≤ 𝜗 ≤ 1, 𝑎𝑛𝑑 0 ≤ 𝜏 ≤ 1 

where,  

𝜃 𝑖𝑠 𝑙𝑒𝑣𝑒𝑙 𝑠𝑜𝑚𝑜𝑜𝑡ℎ𝑖𝑛𝑔 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 

𝜗 𝑖𝑠 𝑡𝑟𝑒𝑛𝑑 𝑠𝑚𝑜𝑜𝑡ℎ𝑖𝑛𝑔 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 

𝜏 𝑖𝑠 𝑠𝑒𝑠𝑜𝑛𝑎𝑙 𝑠𝑚𝑜𝑜𝑡ℎ𝑖𝑔 𝑐𝑜𝑚𝑝𝑜𝑛𝑡𝑒𝑛𝑡  
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Fig.1. Actual Power Generation of 1
st
 January 2018 to 10

th
 January 2018 

 

Table 1 

Results comparing moving average and centre moving average for different intervals on 1
st
 January 2018 

Time  Actual Power 

Generation (kW) 

MA interval = 

3 

MA interval 

= 5 

MA interval 

= 7 

CMA on MA 

interval =5 

8:00 AM 10.71 - - - - 

8:15 AM 14.52 - - - - 

8:30 AM 19.28 - - - - 

8:45 AM 24.72 14.84 - - - 

9:00 AM 30.34 19.51 - - - 
9:15 AM 35.38 24.78 19.91 - 22.38 
9:30 AM 40.78 30.15 24.85 - 27.47 
9:45 AM 45.60 35.50 30.10 - 32.73 

10:00 AM 49.89 40.58 35.36 25.10 37.88 
10:15 AM 52.17 45.42 40.40 30.09 42.58 
10:30 AM 53.93 49.22 44.76 35.14 46.62 
10:45 AM 57.13 52.00 48.47 39.84 50.11 
11:00 AM 58.11 54.41 51.74 44.01 53.00 
11:15 AM 61.88 56.39 54.25 47.84 55.45 
11:30 AM 61.64 59.04 56.64 51.09 57.59 
11:45 AM 40.94 60.54 58.54 54.10 57.24 
12:00 PM 64.31 54.82 55.94 56.39 56.66 
12:15 PM 70.19 55.63 57.38 55.12 58.58 
12:30 PM 65.19 58.48 59.79 56.85 60.12 
12:45 PM 70.55 66.56 60.45 59.17 61.34 

1:00 PM 69.86 68.64 62.24 60.32 65.13 
1:15 PM 66.16 68.53 68.02 62.10 68.20 
1:30 PM 64.74 68.85 68.39 63.24 67.84 
1:45 PM 65.63 66.92 67.30 63.88 67.34 
2:00 PM 63.80 65.51 67.39 67.28 66.71 
2:15 PM 61.68 64.72 66.04 67.47 65.22 
2:30 PM 57.45 63.70 64.40 66.56 63.53 
2:45 PM 55.53 60.98 62.66 66.06 61.74 
3:00 PM 52.41 58.22 60.82 64.19 59.50 
3:15 PM 50.36 55.13 58.17 62.14 56.83 
3:30 PM 46.64 52.76 55.48 60.18 53.98 
3:45 PM 42.51 49.80 52.48 58.12 50.98 
4:00 PM 37.96 46.50 49.49 55.41 47.73 
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4:15 PM 32.81 42.37 45.97 52.37 44.01 
4:30 PM 27.75 37.76 42.05 48.98 39.79 
4:45 PM 22.50 32.84 37.53 45.46 35.12 
5:00 PM 17.48 27.69 32.71 41.49 - 

% error  - 2.7% 1.0% 3.5% - 

 

IV. DATA USED 

 The data used for this study is obtained from the 

sunnyportal of SMA inverters installed in Karunya 

Institute of Technology and Sciences (Deemed to be 

University) for 95kW solar photovoltaic grid connected 

power plant. The data recorded with the time interval of 

15 minutes and for our study, ten days data, 1
st
 January 

2018 through 10
th

 January 2018, were considered to 

forecast the 11
th

 January 2018. The results are 

compared with the state-of-art methods. The solar 

irradiance being almost nil for 12 h in a day, 50% of the 

data points account for zero value and given in Fig.1. 

With these zero values, forecasted values are more 

sprinkled from the actual values for the regression 

model. Hence, the analysis is done by exclusive of zero 

values and the models are developed to predict the 

irradiance one day ahead. 

V. EVALUATION OF PROPOSED TECHNIQUE FOR 

FORCASTING 

The precision of solar forecasting highly depends on 

two major factors i.e., geographic locations and forecast 

horizons. The classical statistical indicators are Mean 

Absolute Error (MAE), Root Mean Square Error 

(RMSE) and Mean Absolute Percentage Error (MAPE). 

MAE is defined as the average distance between the 

measured value and forecasted model. The formula for 

calculating the MAE is given in the equation (5). 

𝑀𝐴𝐸 =
1

𝑁
  𝑃𝑝𝑟𝑒𝑑 − 𝑃𝑚𝑒𝑎𝑠  𝑁

𝑖=1                (5) 

RMSE is to measure the global error during the entire 

prediction period and the formula is given in the 

equation (6). 

𝑅𝑀𝑆𝐸 =  
1

𝑁
   𝑃𝑝𝑟𝑒𝑑 − 𝑃𝑚𝑒𝑎𝑠  

2𝑁
𝑖=1             (6) 

MAPE is used to evaluate the uniform prediction error 

and formula is given in the equation (7). 

𝑀𝐴𝑃𝐸 =
100

𝑁
  

𝑃𝑝𝑟𝑒𝑑 −𝑃𝑚𝑒𝑎𝑠

𝑃𝑜
 𝑁

𝑖=1          (7) 

VI.RESULTS AND DISSCUSIONS 

For current analysis, the solar power generations 

from the solar PV power plants are taken into account 

in the time period of 01.01.2018 to 10.01.2018. In the 

modified time series model, the moving average (MA) 

models were tested under various time intervals and 

their values are given the table 1. From the table, it is 

observed that is the MA is 5, the maximum error 

percentage is less (Error means difference between the 

actual power generation and predicted power 

generation). The trend pattern is obtained from the 

centre moving average (CMA) and it is given in the 

Fig2. 

Fig.2. CMA for Power Generated on 1
st
 January 

2018 

The smoothing parameters for proposed time series 

forecasting model are given in the Table.2. The 

predicted value is compared with the actual values and 

the deviations are calculated. 

 

Table 2 

Smoothing parameters for the proposed model 

Sl no Model 𝜃 𝜗 𝜏 

1 Forecast- 1 day 0.9051 0 0.1992 

2 Forecast- 5 days 0.8841 0 0.1241 

3 Forecast- 9 days 0.7936 0 0.0564 

   

Fig.3. Plot for forecast values of 1 day 

 

The decomposition model is analyzed for three 

different time periods, such as 1
st
 January 2018, 1

st
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Fig.4. Plot for forecast values of 5 days 

 

 
Fig.5. Plot for forecast values of 9 days 

 

January 2018 to 5
th

 January 2018 and 1
st
 January 2018 

to 9
th

 January 2018. The forecast plots for three time 

horizon are given in the Fig.3, Fig.4, and Fig.5. The 

correlation between the actual and forecast for three 

horizons is given in the Fig.6. 

 

 
Fig.6. Correlation between Actual and forecast for 1

st
 

January 2018 

 

A comparison of the developed time series model for 

three time horizons and also comparison with state-of-

art methods are given in Table.3.  

Table.3 

Comparison of errors for three time horizons 

Date Duration MAE (kW) RMSE (kW) MAPE (%) 

1 day 16.12 12.17 9.09 

5 days 18.62 13.56 10.11 

9 days 20.42 15.62 12.23 

 

VII. CONCULSION  

By using techniques in Microsoft excel and R 

software, short term prediction of solar power 

generation for a day ahead is carried out. The work 

started with the moving average and centre moving 

average model which is the simplest time series model. 

Thus, exponential smoothing models and 

decomposition models were tested. The developed 

models can forecast the solar power generation for next 

day. The hybrid decomposition model was developed 

for different data duration and prediction done for three 

different time horizons. It is found that MAE, RMSE 
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and MAPE for short duration i.e. 1 day are 16.12 kW, 

12.17% and 9.09 kW respectively. 
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