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Motivation
 Accurate renewable power forecasting is important.
 Better understand of errors/uncertainties = better uses.
 IEA and IEC are actively working on establishing standards and recommended practice for error evaluation.

Major Power Outages Worldwide
Overload Surge: Wind and Solar Power 
Forecasting Failed to Meet Rapid Demand 
Growth
Date: August 14, 2020
Location: California, USA

Small Sample Forecasting Error 
Triggered Large-Scale Grid Collapse 
Under Cold Wave
Date: February 14, 2021
Location: Texas, USA

Low Wind Power Output Forecast and 
Insufficient Spinning Reserve Caused 
Planned Outage
Date: February 8, 2017
Location: South Australia
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Motivation

 Objectives of forecasting error evaluation:     

Error Quantification Error Interpretation Accuracy Improvement

DEMONSTRATE errors from 
comprehensive perspectives 
by a series of metrics.

IDENTIFY and INTERPRET the 
sources of errors through the 
whole modelling chain.

Provide guidance to 
orientedly IMPROVE the 
forecasting performance.



Page.4风力发电研究中心 (Research Center on Wind Power Technologies)

Error Quantification

 A single average metric makes it 

difficult to expose the WEAK point of a 

forecasting:

 different features of forecasting 

curves

 various operation scenarios

 …etc. 

Similar overall accuracy
Large gap

Metric 2Metric 1
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Error Quantification
 Different metrics emphasize different aspects and serves for different application purposes.
 Recommended metrics:

 ✅ for overall error evaluation
•Overall and Average error: Normalized Mean Absolute Error (NMAE)
•Average but sensitive to large error: Normalized Root Mean Square Error (NRMSE)
•Ability to capture the real trend pattern: Coefficient of Determination (R²)

 📈  for risk-sensitive scenarios
•Sensitive to peak error: Weighted Normalized Root Mean Square Error (WNRMSE)
•Sensitive to low power periods: Mean Absolute Percentage Error (MAPE)
•Determines overall over- or under-prediction: Mean Bias Error (MBE)
•Highlights bias during high-load peaks: 95th-percentile negative bias rate
•Highlights bias during low-load troughs: 95th-percentile positive bias rate
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Error Interpretation

 Is it FAIR to determine good or bad of a forecast by metrics from different farms? 
 different wind resources, different turbines, etc.

 Farms have their own Accuracy Ceilings.
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Error Interpretation

 identification of error sources = efferent and effective accuracy improvement
 Decoupling the forecast errors/uncertainties throughout the modelling chain 

modeling chain
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Error Interpretation: (1)Weather
• Weather uncertainty quantified by 

• error distribution of NWP wind speed for short-term forecast
• autocorrelation/partial-autocorrelation of the measured wind speed times series for ultra-

short-term forecast
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Broader error distribution  higher forecast uncertainty→

Rapid AC decay  high forecast uncertainty→
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Error Interpretation: (2)Data
• Data uncertainty normally comes from two sources:

 anomalous data that degrade input quality
 a distribution mismatch between the training and test sets
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Error Interpretation: (2)Data
• Data uncertainty normally comes from two sources:

 anomalous data that degrade input quality
 a distribution mismatch between the training and test data sets
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Schematic diagram of data distribution shift: 
sequence-to-sequence model

• Uncertainty of time-series data shift (TSDS) is 
introduced to quantify the time-series data distribution 
shift between inputting and outputting in a sequence-to-
sequence model commonly used in ultra-short-term 
forecast.

TSDS=3.63 TSDS=8.26

TSDS=13.7TSDS=11.57

TSDS (MW)
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Error Interpretation: (2)Data

To quantify distribution shift in the point-to-point model 
commonly used in short-term forecast, we define scenario 
balance degree (SBD).

• Data uncertainty normally comes from two sources:
 anomalous data that degrade input quality
 a distribution mismatch between the training and test data sets
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Error Interpretation: (3)wind2power
• Wind to power conversion uncertainty

• due to factors e.g. mechanical inertia of rotor, wind fluctuation etc.
• quantified by measuring the width of the observed power distribution within each wind-speed bin.

Different power 
under same wind 

speed
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Error Interpretation: (4)Model
• Model uncertainty

• quantified based on its fitting error on the training set.
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4. Platform

Website: http://59.110.123.174:8066/user/login?redirect=%2F
North China Electric Power University & IEA Wind Task 51
Jie Yan, Yuhao Li, Corinna Möhrlen
tested by real data from 300+ wind farms and 4 forecasters involved.
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4. Platform-Case
• Distribution of power forecasting errors under different NWP error intervals

2） histogram
3） box plot

1） scatter plot

• The three types of graphs illustrate the power forecasting error under different NWP wind speed errors;

•  From the scatter plot, it can be seen that the power forecasting error shows an approximately linear relationship with the 

NWP wind speed error;

• The histogram and box plot provide a more detailed display of the error distribution, both of which show that as the NWP 

wind speed error increases, the quartiles, median, and other aspects of the power prediction error distribution also increase.
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4. Platform-Case
• Distribution of forecasting errors under different fluctuation scenarios

Scenario 2 (transition weather scenarios)

• The fluctuation scenarios are divided from two perspectives: 1) whether it is transition weather  2) the standard 

deviation of the power series. 

• Compared to scenario2, the sequence extrapolation methods (VST1 and VST2) perform better in scenario1, 

whereas the forecasting methods that incorporate NWP wind speed as input show the opposite trend. 

• Within the same weather scenario, as the standard deviation of the power series increases, the median prediction 

error initially rises and then falls.

Scenario 1 (stable weather scenarios)



Page.17风力发电研究中心 (Research Center on Wind Power Technologies)

4. Platform-Case
• Distribution of power forecasting errors under different forecasting steps

• The variation of power forecasting errors under different forecasting steps was analyzed using two visualization 

methods: line chart and radar chart;

•  As the step length changes, the error trends of different methods vary. This provides valuable information for users 

to select or improve the model.
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4. Platform-Case
• Weather uncertainty

• NWP errors from different sources
• ACF of different measured wind speed sequences

Broader error distribution → higher forecast uncertainty Rapid ACF decay → high forecast uncertainty
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4. Platform-Case
• Data uncertainty

• Nine representative scenarios were selected based on wind power fluctuation patterns;
•  TSDS is calculated for each scenario, the larger the TSDS, the higher the uncertainty.
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4. Platform-Case
• Data uncertainty

• The SBD values between different training subsets and the test set were calculated.
•  Results are visualized in the histogram, the smaller the SBD, the higher the uncertainty.
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4. Platform-Case
• Wind to power conversion uncertainty

• The larger the width, the higher the uncertainty.

• The above figure shows the distribution of measured power at a 95% confidence level within a 
specified wind speed interval. When the wind speed is 4-5 m/s, the power confidence interval width is 
48.93 MW, and when the wind speed is 6-7 m/s, the power confidence interval width is larger, at 87.05 
MW.
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4. Platform-Case
• Model uncertainty
• Model uncertainty is quantified based on its fitting error on the training set.

RMSETr=8% RMSETr=6%

• For the same task of mapping NWP wind speed to power, the fitting capability of Informer is stronger than 

that of Transformer.
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4. Platform-Case

• e_t: when the training set contains anomalous power data and the input feature is 
NWP wind speed, the forecasting error on the test set.

• e_1: when the training set does not contain anomalous power data and the input 
feature is NWP wind speed, the forecasting error on the test set.

• e_2: when using reanalysis data to replace NWP, the forecasting error on the test 
set.

• e_3: when using measured data to replace NWP, the forecasting error on the test 
set.

• e_4: after artificially limiting the range of measured power in the training and test 
sets for each wind speed interval, the forecasting error on the test set.

e_d=e_t-e_1

e_p_i=e_1-e_2

e_p_m=e_2-e_3

e_c=e_3-e_4

e_f_m=e_4

• Example of error decoupling

Input data

e_d
NWP model 

initial 
conditions

e_p_i

NWP model 
inference

e_p_m

wind to power 
conversion

e_c
power 

forecasting 
model

e_f_m

18.5%

54.3%

10%

8.2%

9.1%
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Thanks for your attention!


