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220kV

380kV

Continental Europe

Á Population > 400 Mio. 

Á Installed capacity: 350 GW

Á Annual generation: 2200 TWh
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Four Hierarchical Levels of the Power Grid

Picture: M. Ruh

220kV ï380kV

36kV ï150kV

1kV ï36kV

0.4kV ï1kV
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Structure of the Electric Power System

Picture: www.stromonline.ch
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Structure of the Electric Power System

Picture: www.stromonline.ch
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Structure of the Electric Power System

Picture: www.stromonline.ch
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Renewable Energy Development in China
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Current (2018)
WP: 210GW
PV: 180GW

13 th five year plan
WP: 250 GW
PV : 150 GW

Basic Scenarioχ
WP: 400 GW
PV : 400 GW

High Scenario
WP: 1200 GW
PV : 1000 GW

High Scenario
WP: 2400 GW  
PV : 2700 GW

Basic Scenario
WP: 1000 GW  
PV : 1000 GW

Year
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Renewable Energy Development in China

Wind Curtailment Rates of Different Provinces in 2016

Year China US

2012 2277 2347

2013 2323 2744

2014 2057 2759

2015 2042 2721

2016 2221 2756

Utilization Hour of Wind Power(China VS US) 

Promoting the accommodation of 

renewable energy is an effective approach 

to the low-carbon energy systems !!!
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Real-time Balance in the Power Systems

Daily wind power Daily PV power

In traditional power system, the variation of load are balanced by controllable thermal

generations and hydropower; the integration of high penetrated renewable energy present

great uncertainties to the power systems.
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Real-time Balance in the Power Systems

The power generation and consumption should be balanced in real-time.

Real-time Balance in Power Systems

Flexibility: Better ways of matching supply and demand over multiple time and spatio-scales.

Supply 

Demand

Traditional 

Generation
Renewable 

Energy
Energy 

Demand
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Research Summary

Flexibility

Quantify the requirement 

for flexibility:

(1) Probabilistic Load 

Forecasting

Explore flexibility 

on the demand side:

(2) Electricity Consumer 

Behavior Modeling

Explore flexibility 

beyond the power systems:

(3) Multi -Energy Systems 

Integration 
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Probabilistic Load Forecasting

Picture: Zongxiang Lu

ü PLF help us to have a better understanding of these uncertainties.

ü The requirements for flexibility can be quantified.

Picture: Ning Zhang

ü Single time period;

ü Multiple time periods;
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Electricity Consumer Behavior Modeling

Explore the value behind massive smart meter data, renewable energy data, economic 

data, etc. It helps to:

ü Have a better understanding and prediction of how load and generation change;

ü Promote demand response programs and design retail market.
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Multi-Energy System Integration

ü Large potential in supplementary for renewable energy accommodation

ü Power system is the core of the multiple energy systems

Picture: Ning Zhang
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What is Probabilistic Load Forecasting?

PLFs can be in the form of quantiles, intervals, or density functions.

Backgrounds

Picture: Tao Hong

19
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From point load forecasting to probabilistic forecasting?

ModelingInputs Outputs

Residual Modeling 

& Outputs Ensemble

Scenario

Generation

Probabilistic 

Models

Two-stage Bootstrap Sampling

Temperature Scenario Generation
Probabilistic Net Load Forecasting

Pinball Loss Guided LSTM
Combining Probabilistic Forecasts

Conditional Residual Modeling

Predictions are ineluctably vitiated by errors, originating from noise in the

explanatory variables (e.g. due to the chaotic nature of weather conditions) as well as

model misspecifications.

Backgrounds

20
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Research Summary
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In statistics and machine learning, ensemble methods use multiple learning algorithms to 

obtain better predictive performance than could be obtained from any of the constituent 

learning algorithms alone [1].

Western Phrase: Two heads are better than one; 

Chinese Saying: Three vice-generals are equal to one Zhuge Liang

[1] https://en.wikipedia.org/wiki/Ensemble_learning

× Which method is the best?

× Is it possible to combine these 

methods?

Combining Probabilistic Forecasts

22
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Various ensemble methods have been studied to combine multiple point forecasts. 

However, combining probabilistic load forecasts is a rarely touched area.

Combine point forecasts Combine probabilistic forecasts

One dimension High dimension

RMSE, MAPE Reliability, sharpness, calibration

Analytical solution ???

Contributions of our works:

Ç New problem: Extend the ensemble method to the PLF area;

Ç Elegant formulation: Formulate the combining problem into an LP or QP model. 

Combining Probabilistic Forecasts

23
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Problem formulation

1) How to generate multiple 

PLF models? 

2) Among the N forecasting 

models, how many and 

which methods should be 

selected for the final 

ensemble  formation 

process?

3) How much weight should be given to each method for the optimal combination?

Combining Probabilistic Forecasts

24
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Problem formulation
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Loss function

Combined forecast

Real load

Summation and non-negative constraints

Determine 

the weights

A deep investigation of the loss function is the key to 

formulate and solve the optimization problem.

Combining Probabilistic Forecasts

25
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Problem formulation

Pinball loss Continuous ranked probability score (CRPS)
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Pinball loss and CRPS assess the calibration and sharpness simultaneously, thus 

balancing the statistical consistency between the distributional forecasts and the 

observations and the concentration of the predictive distributions
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Combining Probabilistic Forecasts
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ü LP problem

ü Model selection

Constrained quantile regression averaging

Combining Quantile Forecasts
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We try to combine 13 individual methods and test the combined forecasts 

in ISO-NE dataset.

Pinball losses of different combining methods.

Relative improvements compared with the best individual.

Combining Quantile Forecasts

29
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Models that are selected for different quantiles for total load (SYS).

Combining Quantile Forecasts

30Models that are selected for the 90-th quantile for different zones.
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The applications of the CRPS have been hampered by a lack of readily computable 

solutions to the integral: 

( )
1

CRPS , =
2

t tF y E Y y E Y Y¡- - -

This drawback is overcome by [1]:

[1] L. Baringhaus and C. Franz, ñOn a new multivariate two-sample test,ò Journal of Multivariate 

Analysis, vol. 88, no. 1, pp. 190ï206, 2004.

Letôs consider a simple case: Gaussian Mixture Distribution

Combining Density Forecasts

31
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Lemma 1: The expectation of an absolute value of a finite mixture distribution is 

the weighted sum of the corresponding expectations of absolute values of 

the components of the finite mixture distribution. 

If are the N components of the finite mixture distribution X with 

weights                     , then
1

N
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Combining Density Forecasts

32

Lemma 2: If X and Y are independent random variables that are finite mixtures of 

normal distributions, then their sum is also a finite mixture of normal 

distributions. i.e., if
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If individual density forecasts are Gaussian distributed          , the combined 

forecast follows Gaussian mixture distribution:
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Then, the CRPS can be calculated as:
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The expectation of the absolute value of a normal distribution             can be 

calculated as follows:

( , )N m s

2

2

0

0

2

( ) ( ) ( )

2
        [2 ( ) 1]

E X x f x dx xf x dx x f x dx

e

m

s
m

s m
p s

¤ ¤

-¤ -¤

-

= = - +

= + F -

ñ ñ ñ

Combining Density Forecasts
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Thus, we have:
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Is this convex?

Combining Density Forecasts

34



|

35

PDFs of predictions of four typical days given 

by the base models and their combination

CRPS of the best individual model and combined models

Performances of combined models

Combining Density Forecasts

35
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Relative CRPS improvements of 

the three combination methods

Relative MAPE improvements of 

the three combination methods

Combining Density Forecasts

36
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Weights of the base models in the MAPE-guided model

Weights of the base models in the CRPS-guided model

Combining Density Forecasts

37



| 38

Outline

Á Introduction to Power and Energy Systems
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ÁResearch Plan
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Backgrounds

No.
System/

Data
Data Source Data Type Frequency Data Structure

1
Economic 

Information
Statistic Bureau

GDP⁸CPI⁸PMI Purchasing 

Managers Index ⁸Sales Value⁸
Prosperity Index

Per Month Non structural

2

Energy 

Consumption 

Data

Energy 

Efficiency 

Platform

Electrical Load⁸Output⁸Power 

Quality⁸Temperature
15Min

Non structural

/Structural

3
Meteorological 

Data

Meteorological 

Bureau

Temperature⁸Humidity⁸
Rainfall

Per Day Structural

4
EV Charging 

Data

Charging-Pile

RTU

Current⁸Voltage⁸Charging 

Rate⁸State of Charge
15Min Structural

5

Customer 

Service Voice 

Data

Customer 

Service System
Customer Voice Data Real Time Non structural

10 million Smart Meters, 15min 60GB per day, 21TB per year. Volume

Variety VelocityValue???
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Backgrounds

Participators and their businesses on the demand side
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Backgrounds
Data Analytics is commonly dissected into three stages: descriptive analytics

(what do the data look like), predictive analytics (what is going to happen with the

data), and prescriptive analytics (what decisions can be made from the data).
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Electricity Consumer Behavior Modeling
ü Customer behavior refers to the electricity consumption activities and related 

attitudes  of customers under a certain environment to maximize the overall utility.

ü It has five basic parts: behavior subject, behavior environment, behavior means, 

behavior utility, behavior results. 

üWe can also have two extensions from spatial and temporal perspectives.

Subject

Utility

ResultsMeans

Environment

Temporal
Extension

Forecasting

Aggregation

Spatial
Extension
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Research Summary
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Socio-demographic Information Identification
Retailers attempt to analyze customersô electricity consumption behaviors, 

so that they can provide diversified and personalized services.

Can we identify the social-demographic information of the consumers?

Challenges:

1)Problem formulation;

2)High-dimensional load data;

3)High time-shift invariance;
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Socio-demographic Information Identification
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Socio-demographic Information Identification
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Socio-demographic Information Identification

ü Among these ten questions, the accuracies of #2 (chief income earner has 

retired or not), #4 (have children or not), and #8 (cooking facility type) are 

higher than 75%; 

ü The accuracies of #7 (number of bedrooms) and #9 (energy-efficient light bulb 

proportion) are lower than 60%; 

ü The accuracies of the remaining questions are between 60% and 75%.
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Electricity Consumption Patterns Extraction

Characteristics of Individual Smart Meter Data

Sparsity: only a small fraction of the time has higher electricity consumption 

while the rest approximates to zero. 

Diversity: load profiles are various with different customers and in different 

days, but it can be decomposed into different parts.
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Electricity Consumption Patterns Extraction
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Partial Usage Pattern (PUP)
Idea of Sparse Coding
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Electricity Consumption Patterns Extraction
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X DA Minimize the recovery error

Sparsity Constrains

Non-Negative Constrains

1) Search a redundant dictionary D that captures the features or

PUPs of load profiles as well as possible

2) Optimize the coefficient vector A of each load profile to guarantee

its sparsity and an acceptable reconstruction error.

Non-Negative Sparse Coding
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Electricity Consumption Patterns Extraction
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Electricity Consumption Patterns Extraction

Dictionary

Learning

Sparse

Coding

Load Profiles

Classification

Performance

Evaluation

Method

Validation

Linear SVM
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Electricity Consumption Patterns Extraction

É Ten most relevant PUPs for SMEs and residential customers

Shape Duration Peak times

SME Vaulted Long Dawn, working hours

Resident Sharp peak Short Morning, night


