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ABSTRACT
Applying 4-levels grid nested WRF (Weather Research and Forecasting) model to predict meteorological elements
of wind farm field, and employing WRF model outputs and SCADA data of wind turbines to construct wind power
forecast models by using the APLSR (Adapting Partial Least Square Regression) method, this paper has conducted
wind power forecast in 24 hours ahead, at Wenling wind farm which located in mid-eastern coastline of China,
where is subject to frequent typhoons. The results show that the WRF model has a good capability to predict wind
speed variation at 1km resolution, and wind power forecasted by the constructed models agrees well with recorded
data of wind farm. The MAE (Mean Absolute Error) of wind power forecast is 8.2 % over 24 hours forecast horizon.
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1. INTRODUCTION
Wind energy is the fastest growing technology in range of renewable power generation sources and wind power
industry is rapidly expanding. The optimal integrating a large fraction of wind power into the electrical systems
requires high-quality wind power forecast, preferably accompanied with reliable estimation of the forecast
uncertainty [1]. Accurate forecasts of wind power are vitally important to many applications, ranging from
safeguarding turbines operation to decreasing costs of balancing power and ensuring power system security and
stability, particularly on weakly interconnected grids [2-4].
So far, numbers of approaches have been used in forecasting wind speed and wind power at different spatialtemporal scales [5]. Some studies conducted on wind power prediction using the physical methods [6-8] and others
applying the statistical methods [9-11]. In general, physical methods are characterized by significant computational
complexity and guarantee good performance mainly for days-ahead wind power forecast. On the other hand, with
reference to very short-term wind power forecasting, statistical methods can furnish accurate results with reducing
computational efforts [12]. Moreover, the approach of integrating physical model with statistical model and the datamining approach were proposed out recently and have been used to forecast wind speed and wind power [13-15].
As to physical methods of wind power prediction, a usual practice is downscaling NWPs data to prediction wind
speed [13], but few studies have reported that using WRF model down to 1km resolution for wind prediction of
wind farm. In statistical methods of wind power forecast, Kalman filter, neural networks, ARMA (Auto Regressive
Moving Average), and fuzzy logic models are often applied to forecast wind power in hours ahead[16-19],
practically no papers have introduced the APLSR technique for developing wind power forecast. Moreover, it is
worth mentioning that approaches of wind power forecast have been reported in many studies, few studies for wind
power forecast in China have been published, especially in the place where severe meteorological conditions (e.g.
typhoon) often occur.
In this study, we firstly predicted meteorological elements of Wenling wind farm field, using 4-levels grid nested
WRF model which its inner grid resolution is 1km. Secondly, the APLSR statistical method was applied to construct
models for wind power forecast in 24 hours ahead. Finally, the accuracy of wind power forecast had been tested and
the forecast uncertainty was analysed and discussed.
2. MATERIAL AND METHODS
2.1. Data Description
Data for generating initial conditions in Weather Research and Forecasting (WRF) model is the GFS_3 (UTC 00:00)
of NCEP data which was downloaded from the website: http://nomads.ncdc.noaa.gov and
ftp://ftpprd.ncep.noaa.gov. The geographic data of WRF is USGS (United States Geological Survey) data with a
10km×10km horizontal resolution. The SCADA data of wind turbines which is used to construct wind power
forecast models and test forecast accuracy of the models, was gained from Weiling wind farm. The wind farm is
consisted of twenty 2.0 MW wind turbines which are arranged along shore, and a 120m height wind tower installed
for measuring wind condition. Details of the wind farm are characterized in Figure 1.
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Figure 1. Domains of WRF model running and location of Wenling wind farm
(From outer to inner, rectangle is boundary of domain1, domain2, domain3 and domain4, respectively. Sub1 is an enlarged
picture of domain 4. In Sub2, the pentagram and flag marks are wind tower and wind turbines.)

Though the SCADA data is sampled at high frequency, it is only stored at 10 min intervals, and the wind farm
manager was unwilling to provide all wind power data due to shortcoming of data sharing policy. Therefore, this
study only obtained several times wind power data on each day of 11 months period. The wind power data ranging
from 1st of August 2009 to 31th of May 2010 is regarded as training samples of the APLSR to construct wind power
forecast models, and the rest wind power data (in June 2010) is used to test forecast accuracy of the models.
Considering the time matching between wind power data and meteorological elements data predicted by WRF
models, only about 44,000 wind power data (2,200 for each wind turbine) is chosen as training samples to construct
wind power forecast models.
2.2. Wind Prediction Method
The model for wind prediction is WRF model which is based on the fully compressible, non-hydrostatic model with
a large number of physics options regarding cloud microphysics, radiation and planetary boundary layer (PBL)
processes [20]. In this study, the configurations and physics options of WRF model are determined by series of
preliminary tests of various combinations of physics options (described in Section 2.3), considering peculiar
meteorological conditions of wind farm. The WRF model is run in 4 nested domains which are centered on
121.58°E and 28.43°N (see Fig.1). The parent domain has a horizontal grid resolution of 27 km and covers an
approximate surface of 2.2 million km2. Grid resolution is refined progressively by a factor of 3km through the
nested domains until 1 km resolution is achieved for the most inner one, which covers approximately 3,000 km2. On
the vertical coordinate, 30 levels are placed. Interactions of the meteorological fields between the domains are
accounted for by two-way nesting. Long-wave RRTM scheme, short-wave Dudhia scheme and cumulus KainFritsch scheme (not applied into the two most inner domains) are used in the WRF model.
The WRF model predicts wind in 24 hours ahead and it outputs meteorological elements of wind farm field on 1km
horizontal resolution at 15min intervals. These meteorological elements include wind speed, wind direction,
pressure, temperature and humidity.

325

IJRRAS 14 (2) ● February 2013

Li & al. ● Wind Farm Power Forecast

2.3. Preliminary Tests of WRF Model
Previous studies have shown that selections of configurations and physics options play a major role on predicting of
WRF model [20]. To account for that, preliminary tests of selecting physics options have been conducted on typical
days of seasons. A day that its wind variation is representative to diurnal variation of most days in a season, is
termed as typical day of season. The reason for choosing typical day depending on season is that the Wenling wind
farm lies in monsoon zone and typhoon activity zone.
The preliminary testing comprises 28 different scheme combinations of physics options which are combined by four
microphysics schemes (Kessler, Lin, Ferrier, and WSM-6), two surface-layer schemes (Monin-Obukhov and NCEPGFS), two land-surface schemes (TDS and RUC) and two PBL schemes (YSU and NCEP-GFS). These scheme
combinations have been tested on each typical day of season. Based on analysis of hourly wind data measured from
August 2009 to May 2010, this study regarded February 2nd, May 3rd, August 9th and November 2nd as typical day
of winter, spring, summer and autumn, respectively. Selection of summer typical day is given more attention to
typhoon activity.
Wind speed prediction of the preliminary tests at 70m height which is according to the height of turbine hub, is
compared with the observation data of wind tower. To avoid the confusion of redundant curves, only 6 predicting
curves of 28 scheme combinations are given for each season typical day (Figure 2).

Figure 2. Wind speed predictions of scheme combinations on typical days in seasons
(Analogous A/B/C/D is described in legends; A, B, C and D represents microphysics scheme, surface-layer scheme,
land-surface scheme and PBL scheme, respectively.)

Figure 2 shows that the wind speed predictions of red curves marked with solid dots match better with observation
data of blue curves marked with hollow dots, comparing to others curves predictions. Therefore, this study selected
scheme combinations of red curves to determine seasonal physics options of WRF model. The configurations and
physics options of WRF model which are used in this study are listed in Table 1.
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Table 1. The configurations and physics options of the WRF model
NCEP GFS(UTC 00:00)

Initial boundary value
Vertical resolution
Horizontal resolution
Cumulus scheme
Radiation scheme
Land-surface scheme
Prediction Period
Microphysics scheme
PBL scheme
Surface-layer scheme

Domain1

30 levels (bottom layer σ = 0.993)
Domain2
Domain3

Domain4

27km

9km
3km
1km
Kain-Fritsch (domain 1 and domain 2)
RRTM（Long wave radiation）, Dudhia (Short wave radiation)
TDS
From Jul to Sep
From Oct to Dec
From Jan to Mar
From Apr to Jun
(Summer)
(Autumn)
(Winter)
(Spring)
WSM 6
YSU
NCEP-GFS

WSM 6
NCEP-GFS
Monin-Obukhov

Kessler
NCEP-GFS
Monin-Obukhov

WSM 6
YSU
Monin-Obukhov

2.4. Wind Power Forecast Method
In this study, the wind power is considered as dependent variable for building wind power forecast model, while the
WRF model predicting data, including wind speed, wind direction, pressure, temperature and humidity, is used as
predictors. Employing the WRF model predicting data and the wind power data over a period of ten months (from
August 2009 to May 2010), the wind power forecast models are constructed by using the APLSR method. The
APLSR is proposed originally for predicting the quantitative structure-activity relationship of drugs [21]. The
APLSR is developed from the Partial Least Squares (PLS) regression [22]. The most essential of APLSR is that add
weight-assignment-scheme of predictors to PLS regression, which is described as following.
Eq. (1) is used to define the similarity degree (SDi) between dependent variable(y) and predictors samples (xi). EDi is
the Euclidean distance between y and xi.
SDi 

1
1
1 
EDi
xi  y 2  1

Eq. (1)

By sorting SDi values from high to low, the sequence number (SNi) of the maximum of SDi is equal to 1, that is
SNmax=1. Obviously, 1≤SNi≤n (Number of samples). According to the sequence number (SNi), weight-assignmentscheme is designed as Eq. (2).
1,
a( xi )  
0,

SN i  m

Eq. (2)

SN i  m

Where, a(xi) is xi assigned weight and m is an integer which is called as adjusting parameter of weight assigning.
The m is adaptive in modeling process.
When the APLSR method is employed to build wind power forecast model, each meteorological element is
weighted according to its predicting contribution ratio to wind power and the predictor number is determined to
obtain the optimal predicting capability. For Weiling wind farm has a different wind variation (as well as pressure,
temperature and humidity) in daytime and night which can be seen in Figure 2, two forecast models are built for
each wind turbine by using the APLSR method. One is used to forecast wind power in a span of early half day (UTC
00:00-11:45, Local Time 08:00-19:45) and the other is for later half day (UTC 12:00-23:45, Local Time 20:0007:45 of next day). Wind farm power forecast is a sum of power forecast of all turbines which are in operation.
3. RESULTS
3.1. Wind Speed Prediction
The first stage in forecasting wind power is to obtain accurate prediction of meteorological condition in wind farm
field. The most significant factor, and therefore the one present here is that of wind speed. Using the 4-levels grid
nested WRF model, this study have predicted the wind speed in advanced 24 hours from 1st of August 2009 to 31th
of May 2010. These wind prediction data (as well as the predictions of pressure, temperature and humidity) is regard
as predictors training samples of the APLSR method for constructing wind power forecast models.
Figure.3 shows a comparison of wind speed predicted by the WRF model, with corresponding in-situ observation
from wind tower. The curve plot (Sub1) indicates an overall accurate capture of both the timing of peaks and
troughs in wind speed as well as their amplitudes. The scatter plot (Sub2) shows that the wind speed value predicted
by WRF model is slightly higher than observed data value, and there is good correlation between predictions and
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observations. In the period of typhoon activity, the predicted wind speed could still follow the trend of the
observation of wind tower, even if the predicted values cannot match the observed values pretty closely (Figure.4).

Figure 3. Comparison of the measured data and the predicted data at 70m height
(Sub1 is curve plot of wind speed; Sub2 is scatter plot of wind speed)

Figure 4. Wind speed prediction in the Morakot typhoon activity in 2009

The monthly error analysis of the predicted wind speed is listed in Table2. Generally, the accuracy of wind speed
prediction is slightly lower than that of the study conducted by Brandon et al [23], and the reason will be discussed
in Section 4.
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Table 2. Error analysis of wind speed prediction in 24 hours ahead*
Period
R
RSME (m/s)
MAE (m/s)

Aug
0.83
2.10
1.88

Sep
0.63
1.95
1.56

Oct
0.68
1.67
1.59

Nov
0.76
1.56
1.91

Dec
0.65
1.69
1.95

Jan
0.63
1.68
2.04

Feb
0.59
1.97
2.17

Mar
0.62
2.04
2.21

Apr
0.65
2.07
2.11

May
0.67
1.86
1.76

*

R is correlation coefficient; RSME is root mean square error; MAE is mean absolute error.

To extend this study, an analysis of the relation between wind prediction errors and grid size of the last domain of
WRF model is carried out. In order to determine the relation between grid resolution and prediction errors, wind
speed prediction of each domain of the WRF model is outputted. The results correspond to the period August 2009 –
May 2010. Figure 5 shows that MAE (Mean Absolute Error) and RMSE (Root Mean Square Error) of wind speed
prediction are decreasing with grid resolution becoming fine, in other words, the prediction reliability of WRF
model is improved by applying nested domains and 1km grid resolution.

Figure 5. Relation between wind prediction errors and grid resolution

3.2. Wind Farm Power Forecast
Employing the WRF model predicting data and acquired wind power data as the APLSR training samples, wind
power forecast models are constructed to forecast wind power in 24 hours ahead at 15min intervals. Reliability of
the constructed models is shown in Figure 6. Sub1 of Figure 6 indicates that the wind power simulated by the
models has a close linear correlation with the wind power of training samples. The RMSE of the models simulating
to all training samples is 9,650 kW which is 24.1% rated power (40,000 kW) of Wenling wind farm, and the MAE
(be defined by Eq. (4)) of the models simulation is 7.8%. For the sake of examining the simulation error on different
forecast horizons, all of the simulated wind power data are sorted by the forecast time. The simulated data of 00:0000:45 is defined as T+1h, and the data of 00:00-01:45 is defined as T+2h, and so on. The RMSE variation of the
constructed models with forecast horizon is shown Sub2 of Figure 6.
On T+3h forecast horizon, RMSE of the models is 8,480 kW which is 21.2% rated power (40,000 kW). The RMSE
of the ARMA models which is applied for wind power forecast in Lake Benton II wind farm, is about 19,500 kW
which is 19.5% rated power (100,000 kW) [24]. Comparing with the ARMA models which is good at very shortterm wind power forecast, the models reliability of this study is lower than that of the ARMA models in shorter 3
hours forecast horizon, beyond 3 hours forecast horizon, the models performance of this study is better than that of
the ARMA models. Details of the RMSE variation of ARMA models with forecast horizon can be seen in the study
conducted by Milligan et al [24].
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Figure 6. Reliability analysis of wind power forecast models
(Sub1 is scatter plot of simulated and actual wind power; Sub2 is RMSE varying with forecast horizon)

Forecast capability of the constructed models has been tested by conducting wind power forecast in 24 hours ahead
at 15min intervals. From 1st to 20th of June in 2010, wind power forecasts of Wenling wind farm is displayed in
Figure 7. Unfortunately, the time series is not continuous due to lacking wind power record data, which is described
in Section 2.1. The forecast error has been present as AE (Absolute Error) and MAE (Mean Absolute Error), see
definitions below.
AE 

Power forecast  Poweractual
Wind Farm Rated Power

  Power
N

forecast

 Poweractual

 100%

Eq. (3)

 100%

Eq. (4)



1

MAE 

N
Wind Farm Rated Power

Figure 7. Wind power forecast in 24 hours ahead at Wenling wind farm
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Fig.7 shows that the forecast wind power generally follows the trend of decreasing and increasing of actual data, and
the forecast values agree well with the actual values. The MAE for all forecast data is 8.2%. The AE of 71% data is
lower than 10% and the AE of 85% data is less than 15%. The AE of only 3% data is higher than 30%. The results
indicate that wind power could be forecasted well by the constructed models, although the wind speed is flexible in
the study area.
4. DISCUSSIONS
This paper has conducted wind speed predicting in 24 hours ahead by using the 4-levels grid nested WRF model.
The results show that the predicted wind speed follows well the trend of the observed data, even in typhoon activity
period. The accuracy of wind speed prediction is slightly lower than that of in Great Plains of U.S [23], maybe due
to a shortcoming of NCEP data. It is well known that the distribution densities of observation stations vary by
regions, although climate observing systems have been set in worldwide. In high latitude zone (e.g. Europe and
North America), the number of observation stations that are used to generate NCEP data, is more than that of in
mid-latitude zone (e.g. China). Moreover, the weather systems of high latitude zone are more stable than that of
mid-latitude zone. Therefore, comparing to the mid-latitude zone, the accuracy of NCEP data at high latitude zone is
better in general. Assimilating the atmospheric circulation situation predicted by NCEP with local weather stations
data, is an effective way to improve wind speed prediction in mid-latitude zone [25].
In this study, the down-scaling physical approach (4-levels grid nested WRF model) is used for predicting the
meteorological elements of wind farm field and the APLSP statistical method is used to construct models for
forecasting wind power. Combining the statistical method and the physical approach, this study has forecasted wind
farm power over 24 hour horizon at 15min intervals. Not using the predicted wind speed directly to forecast wind
power, because wind power forecast accuracy is very sensitive to wind speed. Accurate wind speed prediction could
improve wind farm power prediction but cannot guarantee it. Determining wind power directly depending on the
wind speed prediction is not a safe way for wind farm power forecasting, because a small error in wind speed
prediction can result in a large error in wind farm power forecast, so even accurate wind speed prediction cannot
guarantee accurate wind farm power forecast [14]. Therefore, in the study, the APLSP statistical method is
employed to construct the relationships between wind power and meteorological elements, including wind speed,
wind direction, pressure, temperature and humidity. The results indicate that forecast of wind farm power generally
captures the trend of decreasing and increasing of the actual data. And the forecast values match well with the
recorded values, and the MAE for all forecast data is 8.2%. The results also demonstrated the combination of
statistical method and physical models can generate reasonable results for wind farm power forecast, which is
consistent to the proposal by the ANEMOS project [13].
One limitation in this paper is that only the discontinuous SCADA data from a wind farm is available, which is due
to the current data-sharing practices of the wind energy industry in China, thus the comparison of wind power
forecast with corresponding actual data is not continuous and sufficient. Although the limitation has a slight
influence on testing forecast accuracy, the potential forecast capability of wind power models is still presented out
well. Once more data is accessible, the forecast capability of wind power models would be further improved by
adding the training samples of the APLSR method, and the performances of the wind power forecast models can be
further tested.
5. CONCLUSIONS
This study has used the 4-levels grid nested WRF model to predict the meteorological elements of wind farm field at
1km resolution, and forecasted the wind farm power over 24 hour horizons at 15min intervals by using the wind
power models which are constructed by the APLSR statistical method. The results indicate that the predicted wind
speed follows well the trend of wind tower measured data, and the wind farm power forecast values agree well with
the actual values recorded by the SCADA systems of Wenling wind farm. Additional studies are needed to further
validate performance of the wind power models in detail, as more SCADA data become available in the near future.
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