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Abstract. The fused product of wind speed for the wind farm is designed through the use of wind speed prod-

ucts of ensemble prediction from the European Centre for Medium-Range Weather Forecasts (ECMWF) and
professional numerical model products on wind power based on Mesoscale Model5 (MM5) and Beijing Rapid
Update Cycle (BJ-RUC), which are suitable for short-term wind power forecasting and electric dispatch. The
single-valued forecast is formed by calculating the different ensemble statistics of the Bayesian probabilistic
forecasting representing the uncertainty of ECMWF ensemble prediction. Using autoregressive integrated moving average (ARIMA) model to improve the time resolution of the single-valued forecast, and based on the
Bayesian model averaging (BMA) and the deterministic numerical model prediction, the optimal wind speed
forecasting curve and the confidence interval are provided. The result shows that the fusion forecast has made
obvious improvement to the accuracy relative to the existing numerical forecasting products. Compared with the
0–24 h existing deterministic forecast in the validation period, the mean absolute error (MAE) is decreased by
24.3 % and the correlation coefficient (R) is increased by 12.5 %. In comparison with the ECMWF ensemble
forecast, the MAE is reduced by 11.7 %, and R is increased 14.5 %. Additionally, MAE did not increase with
the prolongation of the forecast ahead.

1

Introduction

Because of atmospheric movements are instable, exhibiting
chaotic characteristics, the deterministic prediction from a
single-valued numerical weather prediction simulation contains unavoidable errors. The most important for reducing
the uncertainties of numerical weather prediction simulation
refers to the ensemble method, which conducts ensemble
simulations by setting different initial conditions (Deppe et
al., 2013; Lin et al., 2012). Ensemble forecast and multimodel consensus forecast technology is a main direction of
the development of weather forecasting technology. An ensemble forecast system can reduce the prediction error and
provide the spatial and temporal evolution for the probability
density distribution (Liu, 2000), so it offers certain evidence
to judge forecasts’ credibility. The technology of multimodel
consensus forecast technology is a very effective statistical
post-processing method to improve the accuracy of the numerical forecast. With the development of ensemble forecast as well as its interpretation and application, more and
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more scholars applied them to the wind energy prediction.
An improved multi-step forecasting model based on WRF
ensembles and creative fuzzy systems for wind speed yields
the best forecasting performance and outperforms individual ensemble members and all of the other models for comparison (Zhao et al., 2014). The Bayesian model averaging
(BMA) model is used to calibrate the wind ensemble forecast, the error of wind forecast is reduced, and the coverage
of the 66.7 and 90 % prediction intervals is very closed with
a highly concentrated forecasting probability density functions (PDFs) being produced (Baran, 2014). It is verified that
a better-calibrated probabilistic forecast is provided by the
BMA method compared to the raw ensemble (Sloughter et
al., 2010).
A fusion forecast which can improve the forecast’s accuracy and quality of time and space is developed in this
paper based on ensemble forecasts of European Centre for
Medium-Range Weather Forecasts (ECMWF) and the deterministic mesoscale numerical forecast named Mesoscale
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Figure 1. The contrast between the 0–72 h ARIMA downscaling forecast and the observed wind speed on 10 June 2016.

Model5 (MM5) and Beijing Rapid Update Cycle (BJ-RUC)
for wind power on local. The wind speed ensemble members
from ECMWF are calibrated by probability matching technique on the basis of the BMA method, and then time downscaling is done. The wind speed forecasts from MM5 and
BJ-RUC are statistically corrected. Finally, the three forecasts are fused by BMA method. It fulfills the application
requirements including a limited operation environment of
numerical model and resource conditions, the same spatial
and temporal resolution with the deterministic forecast and
forecasts up to 72 h.
2

Data

The studied wind farm is located in the middle of Inner Mongolia, China, and the average altitude is about 1560 m. The
terrain is higher in the north and lower in the south and the elevation difference is about 200 m. The area of the wind farm
is about 70 km2 . The average annual wind speed is about 5–
6 m s−1 (Shi et al., 2016). The wind tower is located near
the center of the wind farm and there are 5.206 km far away
the nearest wind turbine. The wind measurement is mounted
on the top of the wind tower. The model of wind turbines
in the wind farm is GemesaV52-850. The hourly observed
wind speed at 70 m from the wind tower, the wind speed
forecast at 100 m from ECMWF, the wind speed forecast at
70 m and surface pressure forecast from MM5 and BJ-RUC
are used. The starting forecast time is 20 h (China standard
time) and the forecast is 72 h ahead. The horizontal resolution of ECMWF is 0.5◦ and time resolution is 3 h. The horizontal resolution of MM5 and BJ-RUC is 9 km and the time
resolution is 1 h. The data period is from 31 May to 31 August 2016. Because the terrain of the wind farm is relatively
flat, the influence of terrain can be ignored. The wind speed
forecast at heights of 70 and 100 m at the location of wind
tower is calculated by bilinear interpolation and the wind
speed forecast at 100 m is fitted to the measurement data
through linear relation.
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3.1

Method
Construction of BMA model and parameter
calibration

The BMA method is a statistical post-process method for
inference and prediction combined with multiple statistical
models. Probability forecast of a specified variable using it is
the weighted average of probability prediction after deviation
correction every model. The weights are the posterior probabilities of the corresponding model, representing the relative
forecast skill of each model in the model training stage. The
calibrated and highly concentrated forecasting PDFs can be
produced and the percentage of future weather can be predicted (Zhao et al., 2014; Liu et al., 2013).
In terms of the wind speed modeling, we employ a truncated normal distribution followed by N 0 (µ, σ 2 ) with a cutoff at zero in this paper and the location is assumed to be
a linear function of ECMWF. The optimum training period
of 18 days is tested through using the observed and forecast
wind speed from 31 May to 31 August 2016. The singlevalued forecast is the sum of products of the posterior probabilities and the ensemble members. The width of the 5th
and 95th percentiles was taken as the interval of wind speed
distribution. The previous 18 days are taken as the training
period to forecast 0–72 h wind speed dynamically. Additionally, the test indexes in the training period and verification
period are also raised compared with ECMWF.
3.2

Statistical correction for numerical forecast

In order to minimize the system error of the numerical model
and provide a more accurate prior probability for the BMA
model, the numerical forecasts of MM5 and BJ-RUC are corrected using the method of analogue correction of model errors (ACE) (Jiang et al., 2013). The wind speed forecast at
70 m and surface pressure forecast from MM5 and BJ-RUC
are selected as the correction factors. The model parameters
are determined by conducting a sensitivity test; the time window is 2 h, the weight of wind speed is 1 and surface pressure is 0.1. Additionally, the sample size of the similarity
www.adv-sci-res.net/14/227/2017/
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Figure 2. The contrast of the correlation coefficient (a) and mean absolute error (b) during each step.

Figure 3. The contrast of 0–24 h single-valued forecast, variation range of wind speed and hourly observed wind speed in the verification

period.

forecast is 25. The prediction performance after correction
is obviously improved compared with MM5 and BJ-RUC.
The mean absolute error (MAE) of 0–24 h wind speed forecasts from MM5 is decreased from 1.87 to 1.53 m s−1 and
that from BJ-RUC is decreased from 1.90 to 1.66 m s−1 .

forecasts using the BMA method. The effect of the fusion
forecast is higher than one of the three numerical forecasts
and the mean consensus of the three models.

3.3

Using the above-mentioned methods and indicators, the
model of fusion forecast is established dynamically every
day. A 0–72 h fusion forecast and the interval of wind speed
distribution are calculated. R and MAE are used as indexes
to test and evaluate the effect of the fusion forecasting products. The results (Fig. 2) demonstrate that R rise to 0.52–
0.63 and MAE fell to 1.43–1.48 m s−1 . It is better than the
BMA downscaling forecast and the corrected wind speed
from MM5 and BJ-RUC. As a result, the model can effectively improve the prediction performance and the effect is
obviously better than the method of statistical post processing for a single numerical forecasting model.
In Fig. 3, the contrast of 0–24 h single-valued forecasts,
variation range of wind speed and hourly observed wind
speed in the verification period are given. It is proven that
the trend of the single-valued forecast is basically the same
with observed wind speed. Although the variation range of
wind speed is smaller, the forecasted wind speed is located at
the position of the wind tower and represents the same area
as the tower’s observed wind speed. The products’ generation can capture the turning wave of wind speed and make
up the defect of the smaller variation range of the deterministic forecast.

Time downscaling by autoregressive integrated
moving average (ARIMA)

The time resolution of wind speed forecast from ECMWF
is 3 h, but the time resolution of BJ-RUC and MM5 is 1 h.
Therefore, the time downscaling for ECMWF from 3 to 1 h
is required. Based on the idea of ARIMA (Wang et al., 2015;
Fan, 2010), using the hourly observed wind speed from the
wind tower and BMA forecast with 3 h time resolution, the
ARIMA time downscaling model is established. The optimum simulation period of 7 days is determined by testing.
The time resolution of BMA forecasting products reduces
from 3 to 1 h. After comparison, it is found that the effect of
forecast after ARIMA does not reduce with the improvement
of the forecast resolution and the quality of the raw BMA
forecast product is ensured (Fig. 1).
3.4

Fusion of three numerical forecasts

We employ a truncated normal distribution with a cutoff at
zero . . . 0 (. . . , . . . 2) and the location is assumed to be a linear function of the BMA downscaling forecast and the corrected wind speed from MM5 and BJ-RUC. The fusion forecast of the wind farm is generated from the three numerical
www.adv-sci-res.net/14/227/2017/
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Modeling and verification
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Summary

The BMA method is applied to the short-term wind power
prediction and the dynamic fusion forecasting model for
wind farm is established, which can effectively reduce the
forecasting error and improve the accuracy of the existing
numerical forecasting product. Compared with the 0–24 h existing deterministic forecast (the average wind speed from
MM5 and BJ-RUC) in the validation period, MAE is decreased by 24.3 % and R is increased 12.5 %. Compared with
the ECMWF ensemble forecast (the average of 51 ensemble
members), MAE is reduced by 11.7 % and R is increased
14.5 %.
The interval of wind speed distribution can capture the
turning wave of wind speed to reduce the risk of short-term
wind power forecasting and electric dispatch from the deterministic forecast.
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