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Abstract 
Nowadays, renewable energies to generate electric power have 
attracted wide speared attention of the market participant. The 
increase of the wind-solar energy penetration in power system 
needed to correct existent management methods. The nature of 
wind and solar generations are random and depend on climate 
conditions such as wind velocity and solar irradiation (SI). On 
the other hand, selling energy can boost their profits during high 
price period that can be done by combination of solar- wind and 
energy storage, for example, pump hydro storage unit. The main 
problem in jointing a wind-solar-hydro pumped in the power 
market is not the same manner as conventional plants and needs 
day-ahead planning. This paper presents a day-ahead planning of 
solar-wind-storage so as to satisfy maximum profits for traders 
and decision making for operators. The method is based on 
probabilistic forecast by means of ANFIS network and 
minimization of imbalance of operation penalties. 
Key words: 
Wind power, solar irradiance, hydro pumped storage, day-ahead 
planning 

1. Introduction 

The fossil energy disadvantages fostered development of 
renewable distributed generation (DG) resources. The 
generation of wind and solar powers has attracted 
attentions in many countries. This resource offers 
significant public health, economic benefits, Reduction of 
CO2 emission and global warming, local accessibility and 
so on [1]. The wind farm (WF) output is however variable 
and conditioned by uncertain characteristics of the wind 
resource. Also photovoltaic (PV) plants output depends on 
solar radiation. Therefore growth of power generation 
from these resources needed to find new ways on power 
system operation [2]. The electricity must be generated 
and transmitted as it is consumed and this limitation is 
incompatible with uncertain output of wind-solar plants. 
Therefore the wind energy participation in power market 
is a decision-making problem. A hydro pumped storage 
(PS) plant is used for generation balancing in the 
conventional operation plans so as to buy electricity 
energy and store in the form of gravitational potential 
energy of water at low price periods. Then sell stored 
energy through hydro-turbines at high price period. The 
PS as provides the largest-capacity form of energy storage, 
is used to back up operating renewable energy like 
wind-solar resources. 

A number of studies have looked the ways of operating 
wind and solar combined fossil generation. The [3] 
considered five day-ahead dispatch modes to coordinate 
wind generation and coal-fired generation. In the paper, 
unit commitment studied considering wind power 
variability by means of low computation tools and 
discussed the impact of wind power on unit commitment 
with more clarity. In the [4] a probabilistic model of 
security-constrained unit commitment based on additional 
reserve capacity requirements proposed in which 
deterministic approaches is used to minimize the cost of 
energy, spinning reserve and possible loss of load that is 
not effective for stochastic behavior of wind generation. In 
[5] a risk evaluation perspective is used, generating 
probabilistic forecasting tools to estimate conventional 
generation outage, load forecasting uncertainty, and wind 
power forecast uncertainty, and the reserve margin to help 
making operational decisions are still needed. The [6] 
discuses cost analysis to determine the most economical 
reserve margin and present a solution method in this 
category. The studies in [7] work on planning of a WF 
based on annual cost for determining the optimal wind 
turbine (WT) generator installation that its nonlinear and 
non-differentiable objective functions solved by Genetic 
Algorithm. In [8] a forecasting method for day-ahead 
operation of PV power plants based on least-squares 
optimization presented that reduced the error forecasts. A 
lot of studies have studied the day-ahead forecasting of PV 
power output. The [9] presented an artificial 
weather-based method by means of fuzzy method with 
reduced forecasting error. In [10] effective parameters on 
short-term SI forecasting identified and then a neural 
network trained. According to the study, these parameters 
include: averaged ambient temperature, date sequence 
number in one year, average surface irradiance, 
normalized discrete difference of SI, third-order derivative 
of the shape difference between surface irradiance and 
extraterrestrial irradiance. 

In the next section WF modeling include wind speed and 
WT presented. In the third section SI equation and 
effective parameters to predict PV power investigated. In 
the next section Adaptive Neuro-Fuzzy Inference System 
(ANFIS) network based on time series descripted. Finally 
presented method to day-ahead optimization for 
wind-solar-storage considered.  

https://en.wikipedia.org/wiki/Energy_storage
https://en.wikipedia.org/wiki/Load_balancing_(electrical_power)
https://en.wikipedia.org/wiki/Gravitational_potential_energy
https://en.wikipedia.org/wiki/Gravitational_potential_energy
https://en.wikipedia.org/wiki/Grid_energy_storage
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2. WF Modeling 

The WT designed in various capacities to connect 
distribution or transmission network. A group of WTs 
installed in the same location to provide high electricity 
power capacity, namely WF. The WF model depends on 
wind speed model WT model [11]. 

2.1 Wind Speed Model 

The wind power output of WF depends on wind speed that 
is randomly. Therefore it is necessary to select a suitable 
wind speed model for WF studied in a case study area. 
The researchers suggested various wind speed model that 
mostly based on using time series [12]. In this paper, the 
hourly wind speed data of Manjil (in Iran) area is shown in 
Fig. 1 [13]. 

 

Fig. 1 Hourly Manjil wind speed. 

2.2. WT model 

The output active power of WF can be calculated by wind 
speed turbine nonlinearly by means of characteristic power 
performance curve depending on turbine operating 
parameters. The curve show active power output at 
different wind speeds include the cut-in speed, the rated 
speed and the cut-out speed as show Fig.2 [14]. 

According to Fig. 1, the WT starts to generate power in 
the cut-in speed (Vcin). Increasing wind speed (the rated 
speed Vr), the WT reaches rated turbine power (Pr) and it 
shuts down to keep loads and generator power from 
reaching damaging levels in the cut-out speed (Vco). 

 

Fig. 2 The WT power performance curve [15]. 

There are the characteristic values include Vcin, Vr, Pr, Vco 
in the WT manufacture catalogue. The following 
mathematic equation describe characteristic power 
performance curve: 
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Where A, B and C depend on technical specifications and 
can be calculated by mathematic equation as mentioned in 
[14]. 

2.3 Determining WF Output Power 

After suitable model of WT and wind speed provided, the 
WF output can be determined. The WF output power is 
equal total power of each WT, if all of them to be online 
[15]. It is important to mentioned, the total WT always is 
not connected because it may be damaged. Therefore the 
WF output power depends on number of connected WT of 
WF as following: 
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Where, out

WFP  is corrected WF output power, Nf is number 
of active WT and NT is number of total WT of WF. 

3. PV Plant Model 

In this section PV plant modeling described in detailed. 

3.1. SI Equations  

The SI is the amount of electromagnetic energy incident 
on a surface from the sun per unit time and per unit area in 
the wavelength range of the measuring instrument [10]. 
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The energy decreased by planets, other celestial objects, or 
interstellar gas and dust. Upon [8] about 40% (general 
level) of the solar energy intercepted at the top of Earth’s 
atmosphere passes through cloud cover (CC) to the surface. 
The proportion is different under different weather 
conditions. The solar surface irradiance can be evaluated 
as following [10]: 

( )ϕδωϕδ sinsincoscoscos
365

360cos33.010 +





 +=

nGG s
. (3) 

where  Gs is solar constant suggested a value of 1367 
W/m2 [16], n is the date sequence number in one year, n 
∈ [1,365], δ is solar declination, ϕ is latitude, ω is solar 
hour angle as following [17]: 
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During a day the G0 can be calculated by semi-sinusoidal 
model in the clear sky as following [18]: 
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where N̅ is long of day that can be calculated: 
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The G0 (from 2016.01.01 to 2016.01.06, Manjil, Iran), is 
shown in Fig. 3 by semi-sinusoidal model: 
 

 

 Fig. 3 Semi-sinusoidal model of SI in the Manjil area with latitude 
36.46. 

The G0 of CC can derive from [8]: 

( )[ ]CCGGcc −+= 165.035.00    (9) 
 Where Gcc is SI of CC and CC is (0 = clear, 1 = 
overcast). 

3.2. Effective parameters on SI 

Based on performed simulation in the [10], the SI depends 
on: 

I. The average surface irradiance (Gsavg) defined the 
difference between G0 extraterrestrial irradiance 
and surface irradiance Gcc (Gsavg= G0- Gcc). 

II. Third-order derivative of SI difference to describe 
the variation and fluctuation of weather 
conditions TOD (TOD=d3Gsavg /dt3). However 
the maximum value (TODmax) gets more 
significant for different weather conditions of one 
day. 

III. The normalized discrete difference (NDD) of SI is 
defined: 

∑
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IV. The average ambient temperature of one day Tavg. 
V. The date sequence number n in one year, n ∈ 

[1,365]. 
VI. The hour number h in one day, n ∈ (sunrise, sunset). 

 
Therefore the components of SI forecasting model input 
vector (forecasting factor) are: 
 

],,,,,[ max hnTNDDTODGf avgsavgf =   (13) 
  
The SI can forecast by a meta-model based on ff data of an 
area. 

3.3. PV Generation Model 

The active power output of the PV system mostly depends 
on SI and the PV power generated per unit area can be 
approximately given by the following expression [19]: 

( )[ ]25005.01.. −×−= TGSP ccη   (14) 
 
Where, P denotes the PV active power output, η is the 
conversion efficiency of PV panels, S is the PV array area, 
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and T is the ambient temperature around the PV panels. 
This paper considers Manjil PV plant that, S is 10000 m2, 
η is 0.94 and T is 4◦c. 

4. ANFIS Meta Model 

Some of the literatures used Artificial Networks for data 
prediction by means of time series models [20]. In essence, 
time series predicts the power p(t) as [21]: 
 

( ) µ⋅−+−⋅= )(1)()()( nantpnatp   (15) 
 
Where, p(t-n) is power in time-steps back (n-1), a(n) is the 
autocorrelation of the time series n steps back and μ is the 
mean of the time series. Of course p(t) disregarding μ and 
having n=1, this would be the persistence model itself. In 
this paper an Artificial Network has been built that can 
predict p(t+6) from the past values of this time series. 
 The ANFIS model has an Artificial Network structure to 
conduct fuzzy system that possesses easy training with a 
good accuracy [22].  The neural network has benefited 
conducting fuzzy inference to model non-linear system 
based on feed-forward calculation of output and 
back-propagation learning capability. The ANFIS 
introduced based on Takagi-Sugeno fuzzy inference 
system that include [23]: input membership functions 
(MF) (or fuzzification section), IF-THEN rules (or 
inference section) and output equation (or defuzzification 
section). In the ANFIS, parameters of fuzzification and 
inference sections are determined by a five layers 
Artificial Neural Network (ANN) in training process by 
input-output data. We used ANFIS GUI (Graphical User 
Interface) of MATLAB toolbox Usually every data 
collection to model a system based on input-output data, 
divide to 3 sets as following: 60% for training, 20% for 
checking of training process to avoid overtraining and 
20% for testing. 

 

Fig. 4 ANFIS Prediction for wind power generation. 

 Therefore solar or wind power can predicted by ANFIS 
based on time series method as following: p(t+6) can 
predicted from the past values of this time series, that is, 
p(t-18), p(t-12), p(t-6), and p(t). Therefore the training 
data format is [24]: 
 
[ ])6()()6()12()18( +−−− tptptptptp  (16) 
 
Where, p(t) is hourly wind or solar data. 
 The Fig. 4 and Fig. 5 show ANFIS prediction for solar 
and wind power in the Manjil area from 2016.01.01 to 
2016.01.06. 

 

Fig. 5 ANFIS Prediction for PV power generation. 

5. Day-Ahead Optimization 

Nowadays the electricity markets point on participation of 
uncertainty renewable resource like wind-solar resource. 
The participation of wind-solar plant contains bidding 
strategy and responsibility for any deviation from contract 
[24]. Therefore hydro-pumped device used to compensate 
wind power deviations and minimize imbalance costs in 
the market. In day-ahead market, trader offered 
operational strategy to sell power based on wind-solar 
power prediction method. It is clear that higher value of 
the available wind power, leading to higher economic 
profit [1]. The strategy determine the power sold directly 
to the grid as it is produced (PDGGi) and residual power 
(PHi) supplied by hydro-storage unit during the operational 
settlement day that result of forecast error. The stored 
energy (Ei-1) for producing PHi reserved during previous 
time period by a fraction of wind-solar production (PDGPi). 
The objective function gets static data of the hydro power 
plant, wind-solar power and spot price forecasts for the 
next day; then is solved by linear programing algorithm 
and providing the daily operational strategy should 
amount of PDGPi and PHi to be followed with the aim of 
maximize profit of wind-solar-storage plant operation. 
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5.1. The Objective Function  

 The aim is to store distributed energy include wind and 
solar energy, during low price periods to sell at a high 
price date. Also the hydro-pump unit operates as reserve 
for compensating its forecasting errors in day-ahead 
operating plan. This is the objective function which can be 
calculated by: 

∑
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⋅−⋅−⋅
h

i
HihydroDGPipumpGii PcPcPpMax

1

)(  (17) 

s.t. 
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where pi is the day-ahead spot price for time interval i that 
well-predicted; h is the number of hours of the day; PGi is 
the active power delivered to the network by the 
wind-solar–hydro plant, during interval i; PDGi is the 
available wind-solar power for a given WF and PV unit 
during the time interval i; PDGPi is the fraction consumed 
by the hydro pumping station; PDGGi is the amount of PDGi 
that is sold directly to the grid as it is produced; cpump is 
the cost of pumping; chydro is the cost for producing energy 
from stored energy; PHi is the active power produced 
through conventional hydro production [25]. 

5.2. The Constraints 
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Where, Ei is the amount of energy that is stored in the 
reservoir in period i, ηH, ηP are efficiency of hydro and 
pump unit respectively. 
The next constraint has set to increase the robustness of 
the approach [25]: 

[ ] α−≤+ 1DGiDGPiDGGi PPP    (29) 
 
Where, the [PDGi]1-α is 1-α quantile of the distribution of 
PDGi. 
The above function objective function can be solved by 
means of low computation linear programming by 
"linprog" function in MATLAB environment. 

6. Case Study and Results 

The case study consist in a WF with capacity of 252 MW 
and a hydro station with a generation capacity of 190 MW 
(92% generation efficiency) and a pumping capacity of 
184 MW (84% pumping efficiency) and PV unit as 
mentioned. The system is located in the Manjil. The 603 
MW of storage capacity is available for compensation 
activities. The cost of pumping and the cost for producing 
energy from stored energy are 3.5 $/kW and 2.92 $/kW 
respectively.  It supposes that the trader provided price 
curve for 2016.01.03 as Fig. 6. 
 

 

Fig. 6 Predicted spot price of market. 

The Fig. 6 show high spot price take place at 19-23 pm. 
Therefor results of optimization are in Fig. 7. 

 

Fig. 7 Total of hourly wind-solar generation in the day-ahead market. 
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The Fig. 7 consist in hourly solar and wind power by 
ANFIS predicted data for α=0.85 in the day-ahead market 
for 2016.01.03. The large value of α may increase risk of 
market while can increase day-ahead profit. Therefore 
trader must use trade-off between risk and profit. 
The Fig. 8 and Fig. 9 show it is better to generate power in 
the high price period and consume in the low price period. 
Upon illustrated result, for example at 22 pm, the 
Operational Strategy can be determined. The hourly price 
trader is 66.6 $/kw that is high relatively rather than 
another periods. Therefore it is affordable to sell power in 
the high price period, thus the algorithm determine 
103,798,847 watt by hydro-storage unit (PHi), 54,733,021 
watt by the power sold directly to the grid (PDGGi) and 
ANFIS meta-model predict 49,952,095 watt by wind 
generation (there is not the solar generation in this period). 
The mentioned values show high price spot value conducts 
algorithm to discharge available power of storage 
somewhat the storage afoul of the power with considering 
next hourly price value. 

 

Fig. 8 The consumed power by pumping unit. 

 

Fig. 9 Hourly power generation of hydro-turbine unit. 

The results show combined wind-solar-hydro operation 
leads to a 10% increase in revenue that is equal 4.9 
M$ profits. 

7. Conclusion 

This paper presented an optimization method to provide 
day-ahead operation with considering a new way to 
predict solar and wind production by means of ANFIS 
network. The ANFIS based on time series technique is a 
rough straight method between prediction methods. 
Therefor we identify effective parameters on solar 
prediction and provide yearly wind speed data to train 
ANFIS networks. After predicting generated power, low 
computation optimization technique use to specify 
delivering and storing power with considering spot price 
of electricity market. The simulation show the presented 
method increased revenue in the day-ahead market. 

Acknowledgment 

The authors would like to express their cordial thanks to 
Eng. Mohsen Akafi Mobarakeh for his valuable advice.   
 
References 
[1] E. D. Castronuovo, J. Usaola, R. Bessa, M. A. Matos, I.C. 

Costa, L. Bremermann, J. Lugaro, G. Kariniotakis, “An 
integrated approach for optimal coordination of wind power 
and hydro pumping storage, ” Journal of Wind Energy on 
Wiley-Blackwell, vol. 17 , pp. 829-852, 2014. 

[2] H. Ding, Z. Hu, Y. Song, “Rolling Optimization of Wind 
Farm and Energy Storage System in Electricity Markets, ” 
IEEE Transactions on power systems, vol. 30, pp. 2676 – 
2684, 2015. 

[3] C. Wang, Z. Lu, Y. Qiao, “A Consideration of the Wind 
Power Benefits in Day-Ahead Scheduling of Wind-Coal 
Intensive Power Systems, ” IEEE Transactions on Power 
Systems, vol. 28, pp. 236-245, 2013. 

[4] G. Liu, K. Tomsovic, “Quantifying Spinning Reserve in 
Systems with Significant Wind Power Penetration, ” IEEE 
Transactions on Power Systems, vol. 27, pp. 2385-2393, 
2012. 

[5] M. A. Matos, R. J. Bessa, “Setting the Operating Reserve 
Using Probabilistic Wind Power Forecasts, ” IEEE 
Transactions on Power Systems, vol. 26, pp. 594-603, 2011. 

[6] K.B. Kwon, H. Park, J.K. Lyu, J.K. Park, “Cost Analysis 
Method for Estimating Dynamic Reserve Considering 
Uncertainties in Supply and Demand, ” journal of energies, 
vol. 9, pp. 1-16, 2016. 

[7] K. Xie, R. Billinton, “Determination of the Optimum 
Capacity and Type of Wind Turbine Generators in a Power 
System Considering Reliability and Cost, ” IEEE 
Transactions on Energy Conversion, vol. 26, pp. 227-234, 
2011. 

[8] D.P. Larson, L. Nonnenmacher, C.F.M. Coimbra, 
“Day-ahead forecasting of solar power output from 



IJCSNS International Journal of Computer Science and Network Security, VOL.17 No.7, July 2017 

 

124 

 

photovoltaic plants in the American Southwest, ” journal of 
Renewable Energy, 91, pp. 11-20, 2016. 

[9] H.T. Yang, C.M. Huang, Y.C. Huang, Y.S. Pai, “A 
Weather-Based Hybrid Method for 1-Day Ahead Hourly 
Forecasting of PV Power Output, ” IEEE Transactions on 
Sustainable Energy, vol. 5, pp. 917-926, 2014. 

[10] F. Wang, Z. Mi, S. Su, H, Zhao, “Short-Term Solar 
Irradiance Forecasting Model Based on Artificial Neural 
Network Using Statistical Feature Parameters, ”journal of 
energies, vol. 5, 1355-1370, 2012. 

[11] T. Ackerman, Wind Power in Power Systems, John Wiley 
& Sons, Chichester, UK, 2005. 

[12] R. Karki, P. Hu, and R. Bilinton, “A simplified wind power 
generation model for reliability evaluation, ” IEEE Trans. 
on Energy Conversion, vol. 21, pp. 533-540, 2006. 

[13] R. Xu, D. Wunsch, “Survey of clustering algorithms, ” 
IEEE Transactions on Neural Networks, vol. 16, pp. 
645-678, 2005. 

[14] J. C. O. Mello, A. C. G. Melo, and S. Granville, 
“Simultaneous transfer capability assessment by combining 
interior point methods and Monte Carlo simulation, ” IEEE 
Transactions on Power Systems, vo12 pp. 736-742, 1997. 

[15] M. Ramezani, M.R. Haghifam, M. Parsa-Moghadam, H. 
Seifi, “Probabilistic evaluation of total transfer capability of 
transmission network in the presence of wind farms, ” 
Iranian Journal of Electric and Computer Engineering, vol. 
7, pp. 211-223, 2010. (in Persian). 

[16] M. Pidwirny, “Solar radiation, Encyclopedia of Earth 
Website, ” Available online: http://www.eoearth.org/ 
article/ Solar_radiation, (accessed on 2. May 2017). 

[17] D. K. Chaturvedi, Isha, “Solar Power Forecasting: A 
Review, ” International Journal of Computer Applications, 
vol. 145, pp. 28-50, 2016. 

[18] Y. El Mghouchi, A. El Bouardi, Z. Choulli, T. Ajzoul, 
“New model to estimate and evaluate the solar radiation, ” 
International Journal of Sustainable Built Environment, vol. 
3, pp. 225-234, 2014. 

[19] J. Liu, W. Fang, X. Zhang, C. Yang, “An Improved 
Photovoltaic Power Forecasting Model With the Assistance 
of Aerosol Index Data," IEEE Transactions on Sustainable 
Energy, vol. 6, pp. 434-442, 2015. 

[20] www.MathWorks.com, (accessed on May 2017). 
[21] G. Kariniotakis, J. Lugaro, R.J. Bessa, M.A. Matos, J. 

Usaola, E.D. Castronuovo, et al. “Proceedings of 
workshop : “Towards smart integration of wind generation,” 
Deliverable 6.4 of the EU project ANEMOS.plus, 2011. 
Available: http://www.anemos-plus.eu/ (accessed May 
2017). 

[22] R. Shariatinasab, J. Ghayur Safar, M. Akafi Mobarakeh, 
“Development of an adaptive neural-fuzzy inference system 
based meta-model for estimating lightning related failures in 
polluted environments, ” IET Science, Measurement & 
Technology, Vol. 8, pp. 187-195, 2014. 

[23] M.N. Cirstea, A. Dinu, J.G. Khor, M. McCormick, Neural 
and Fuzzy Logic Control of Drives and Power Systems,  
Newnes,  An imprint of Elsevier Sciencel, India, 2002. 

[24] P. Pinson, Ch. Chevallier, G. N. Kariniotakis, “Trading 
Wind Generation from Short-Term Probabilistic Forecasts 
of Wind Power, ” IEEE Transactions on power system, vol. 
22, pp. 1-9, 2007. 

[25] E. D. Castronuovo, J. Usaola, “Economical balances within 
a delegate dispatch of renewable generations, ” IEEE 
Conference on Universities Power Engineering, pp. 1-4, 
2008. 

http://www.eoearth.org/
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Reza%20Shariatinasab.QT.&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Jalil%20Ghayur%20Safar.QT.&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Mohsen%20Akafi%20Mobarakeh.QT.&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Edgardo%20D.%20Castronuovo.QT.&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Julio%20Usaola.QT.&newsearch=true

