
© 2020 Yan Xu All Rights Reserved

A hierarchical data-driven 

method for online event-

based load shedding against 

FIDVR in power systems
- published in IEEE Trans. Industrial Informatics, vol. 17, no. 1, pp. 699-709, Jan. 2021. 

Dr Yan Xu | Nanyang Assistant Professor
School of Electrical & Electronic Engineering

Nanyang Technological University (NTU)
Email: xuyan@ntu.edu.sg

Web: https://eexuyan.github.io/soda/index.html

Xu Y
an

 (N
TU) C

op
yri

gh
t re

se
rve

d 2
02

0 

 
 

 
 

Xu Y
an

 (N
TU) C

op
yri

gh
t re

se
rve

d 2
02

0 

 
 

 
Xu Y

an
 (N

TU) C
op

yri
gh

t re
se

rve
d 2

02
0 

 
 

 
Xu Y

an
 (N

TU) C
op

yri
gh

t re
se

rve
d 2

02
0

mailto:xuyan@ntu.edu.sg
https://eexuyan.github.io/soda/index.html


1

2

3

4

OUTLINE

Proposed method

Database generation

5

Case study

Introduction

Conclusion and future work

6 Relevant research works 

Xu Y
an

 (N
TU) C

op
yri

gh
t re

se
rve

d 2
02

0 

 
 

 
 

Xu Y
an

 (N
TU) C

op
yri

gh
t re

se
rve

d 2
02

0 

 
 

 
Xu Y

an
 (N

TU) C
op

yri
gh

t re
se

rve
d 2

02
0 

 
 

 
Xu Y

an
 (N

TU) C
op

yri
gh

t re
se

rve
d 2

02
0



3

⁜ 1 Introduction: Fault-induced delayed voltage recovery (FIDVR)

A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems

Voltage 

decrease

Qin 

increase

Q
increase

Fault-induced delayed voltage recovery (FIDVR) is 

the phenomenon that power system experiences a significant  

long-time delayed voltage recovery following a severe fault

Fault ride-through

Cascaded failure

Wide-spread blackout

 Large-scale integration of renewables 

 More participation from the demand side

 Wide-spread deployment of ICTs 

Conventional Power Grid → Smart Grid

 More complicated system dynamics 

 Faster changes in steady-state power 

flow magnitude and directions. 

 Highly uncertain operating conditions 
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⁜ 1 Introduction: 2016 South Australia blackout 

A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems

AEMO, "2016 South Australia separation event - Final report," Australian Energy Market Operator Limited, Brisbane, Australia, 2016.

 Wind farms tripped due to voltage disturbances

 Eventually led to a state-wide blackout

 Affected over 850k customers

 6 successive voltage disturbances caused by storm

Voltage measurements

Power measurements

Xu Y
an

 (N
TU) C

op
yri

gh
t re

se
rve

d 2
02

0 

 
 

 
 

Xu Y
an

 (N
TU) C

op
yri

gh
t re

se
rve

d 2
02

0 

 
 

 
Xu Y

an
 (N

TU) C
op

yri
gh

t re
se

rve
d 2

02
0 

 
 

 
Xu Y

an
 (N

TU) C
op

yri
gh

t re
se

rve
d 2

02
0



5

⁜ 1 Introduction: Remedial Countermeasures

Undervoltage load shedding (UVLS)

Event-based load shedding (ELS)

A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems

• UVLS is response-based, which is triggered when 

the voltage decreases below pre-defined threshold 

after certain time delays.

• More precise and robust

• The ELS is determined preventively and initiated 

immediately after a contingency is detected. 

• Faster and more cost-efficient 

Load Shedding StrategiesRemedial Countermeasures

Supply side

Dynamic VAR comprehension

(STATCOM, SVC) [1]-[6]

• Devices are expensive

• Limited to installation place

Cost

Demand side

Load shedding

• Activated after the fault

• Cost-effective
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⁜ 1 Introduction: Conventional event-based load shedding (ELS)

A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems

ELS Decision Table

min
li

f (li) =

i=1

m

li

Contingency & 

Operating Condition
ELS Location 

and Amount

Dynamic optimization model

Optimal

ELS 

solutions

Contingency 

information;

Pre-fault 

operating

features

Subject to constraints.

Matching

TDS need to be conducted 

iteratively to solve DAEs.

Offline 

Simulation

Online 

Pre-decision
More adaptive but need 

computation capability

Fast but it may have 

mismatching problem

Online 

Decision
Require both fast and 

adaptive decision tools

Data-driven methods

✓ Make decision immediately

✓ Accommodate unseen scenarios
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A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems

⁜ 1 Introduction: Literature review for data-driven ELS

• Limited to the tree structure; 

• Poor generalization ability to high-dimensional 

feature space;

Rule-based control method [a], [b] 

Learn 

DSA 

model

Learn 

security

rules

Formulate security

rules as MILP 

constraints

Predict 

security

Navigate 

operation

/control

Short-term 
operating 

and control 

ሻ𝒚 = 𝒇(𝒙

𝒙: system operating conditions

𝒚: system security status control variables

Direct learn from offline optimized cases;

1. Reinforcement learning (RL) [c]

2. Artificial neural network (ANN) [d]

3. Extreme learning machine (ELM) [e]

4. Graph convolutional network (GNN) [f]

Data-

driven 

Control

• Not accurate in solving control problem with hybrid 

decision variables;

• Impact by imbalanced data distribution;

Direct learning method [c]- [f] 

[a] I. Genc, R. Diao, V. Vittal, S. Kolluri, and S. Mandal, “Decision trees-based preventive and corrective control applications for dynamic security

enhancement in power systems,” IEEE Transactions on Power Systems, vol. 25, no. 3, pp. 1611–1619, Aug. 2010

[b] J. L. Cremer, I. Konstantelos, S. H. Tindemans and G. Strbac, "Data-Driven Power System Operation: Exploring the Balance Between Cost and

Risk," IEEE Transactions on Power Systems, vol. 34, no. 1, pp. 791-801, Jan. 2019.
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A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems

⁜ 1 Introduction: Literature review for data-driven ELS

• Existing data-driven approaches are still insufficient:

Not cost-efficient for control strategy design:
• A fully discrete control without specific control amount (e.g.

[c] and [d]),

• A fully continuous control without identifying best control

location (e.g. [e] and [f]).

◆ Key Reference：

[c] Q. Huang, R. Huang, W. Hao, J. Tan, R. Fan and Z. Huang,

"Adaptive Power System Emergency Control Using Deep

Reinforcement Learning," IEEE Transactions on Smart Grid,

vol. 11, no. 2, pp. 1171-1182, March 2020.

[d] H. Cai, H. Ma and D. Hill, "A Data-Based Learning and

Control Method for Long-term Voltage Stability," IEEE

Transactions on Power Systems, pp.1-10, Early access.2020.

[e] K. Kim, P. Balaprakash, and M. Anitescu. “Graph

Convolutional Neural Networks for Optimal Load Shedding

under Line Contingency,” Proc. 2019 IEEE PES General

Meeting, Atlanta, USA, 2019.

[f] Y. Dai, Y. Xu, Z. Y. Dong, K. P. Wong and L. Zhuang,

“Real-time prediction of event-driven load shedding for

frequency stability enhancement of power systems,” IET

Generation, Transmission & Distribution, vol. 6, no. 9, pp.

914-921, September 2012.

Ref.[c] develops a DRL-based controller that can conduct UVLS

in discrete action place.

Ref.[d] utilize ANN to predict the optimal coordinated control

actions for long term voltage stability .

Ref.[e] proposed a GNN-embedded LS scheme, where an

optimal LS ratio is predicted to eliminate over-load lines.

Ref. [f] proposed an ELM-based method that predicts the LS

amount of each load bus, to counteract frequency instability.
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A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems

⁜ 2 Proposed ELS model

..
.

..
.

..
.

Steady-state 

operating   

features

..
.

Load Bus 1

1 hierarchy

Output=1?

No

Yes

..
.

..
.

2 hierarchy

Load 

shedding 

amount

No Load 

shedding 

Load Bus i

Load Bus N..
.

...

...

ELS Location Classifier ELS Amount Regressor

✓ Critical bus selection

✓ Sparsity elimination

✓ Prediction accuracy enhancement

Hierachical structure

• The optimal ELS location vary with

different system conditions;

• Uncritical buses may be shed without

distinguishing critical buses under different

conditions.

A hierarchical model is developed, which

consists:

• A classification sub-model to identify the

best shedding location;

• A regression sub-model to predict the

minimum shedding amount;

Motivation

Advantage
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A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems

⁜ 2 Proposed ELS model

Classification

wii=
1

c tki
wii=

1

መf ti
መf t =

1

Nh


j=1

N

K
t−tj

h

Regression

Weighted learning scheme

A biased

predictive model

min Loss=
1

2


i=1

N

ฮ ฮξi
2

s.t. ξi
T=ti

T−yi
T, i=1,..,N

Motivation

min LELM=
1

2
ԡ ԡβ

2
+CW

1

2


i=1

N

ฮ ฮξi
2

s.t. h xi β=ti
T−ξi

T, i=1,..,N

Conventional
The previous research works haven’t consider 

the imbalanced data distribution: 

• Severe post-fault conditions usually happen 

less frequently in a realistic power system;

• A sparse and imbalanced database will train 

a biased model. 

• The minority yet more critical cases will be 

overlooked.

Minority class

Majority class
Decision boundary  

under an imbalanced 

dataset 

Decision boundary 

under a balanced 

dataset 
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A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems

⁜ 2 Proposed ELS model: WKELM algorithm

H β = Y

H of original ELM is determined by randomly assigned input weights

H = [h x1 , …, h xN ]𝑇

β is the output weight matrix. Y is the target 

matrix. H is the hidden layer output matrix.

..
.

..
.

..
.

x
y

Input Layer

Hidden Layer

Output Layer

 β
G (w,x,b) 

Extreme learning machine (ELM) 

Kernel extreme learning machine (KELM)

Weighted Kernel extreme learning machine (WKELM)

min LELM=
1

2
ԡ ԡβ

2
+CW

1

2


i=1

N

ฮ ฮξi
2

s.t. h xi β=ti
T−ξi

T, i=1,..,N

f x = h x β = [K x,x1 , … , K x,xN ]
I

C
+WΩELM

−1

WY

min LELM=
1

2
ԡ ԡβ

2
+C

1

2


i=1

N

ฮ ฮξi
2

s.t. h xi β=ti
T−ξi

T, i=1,..,N

f x = h x β = [K x,x1 , … , K x,xN ]
I

C
+ΩELM

−1

Y

ΩELM i,j = h(xi)h(xj) = K(xi, xj) = exp(−||xi− xj||
2/𝜎)

Single layer neural network

W. Zong, G. Huang, Y. Chen. “Weighted extreme learning machine for imbalance learning,”. Neuro computing, vol. 101, pp. 229-242, 2013
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A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems

⁜ 2 Proposed ELS model: The framework

Minimum ELS amountMinimum ELS amount

...

Critical 

bus?

ELS location 

classifier

ELS amount 

predictors

Train

 Original ELS database

Data 

distribution 

Data 

distribution 

WKELM algorithm

KELM KELM 

Off-line training On-line implementation

Weighted 

learning

Kernel 

functions

Kernel 

functions ELM ELM 
Feature 

mapping

ELS amount

 database

ELS location

 database

Train

Real-time measured pre-fault system 

operating features

Real-time measured pre-fault system 

operating features

0

Critical 

bus?

0

Critical 

bus?

0ELS amount
predictor 2

ELS amount
predictor m...

ELS location classifierELS location classifier

Update

YesNo YesNo YesNo

Bus 1 Bus 2 Bus m

ELS amount
predictor 1

▪ At Offline stage

❑ Generate ELS database with optimized

control cases;

❑ Pre-process the original database;

❑ Train ELM location classifier and amount

predictors by WKELM algorithm.

▪ At online stage

❑ Once a fault is detected, the pre-fault

system measurements are first provided

to the classifier;

❑ If a bus is identified critical, the

inputs are provided to the predictor to

estimate the minimum load to shed.

❑ Otherwise, the bus is considered to be

uncritical, and ELS will not be executed.

Framework of proposed data-driven ELS model 
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A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems

⁜ 3 Database generalization: transient voltage severity index (TVSI) [g]

Times(s)

V(t)

B
u
s 

v
o
lt

ag
e 

m
ag

n
it

u
d
e 

(p
.u

.)

Vi,0

0 tc

(1-α)Vi,0

T

Threshold to define unacceptable voltage deviation

Considered transient time frame

Conventional criteria :NERC criteria.

• It only define the unacceptable voltage-dip magnitude 

and duration time;

• It only provide a binary answer to the stability status;

𝑇𝑉𝑆𝐼 =
σ𝑖 = 1
𝑚 σ𝑡 = 𝑡𝑐

𝑇 𝑇𝑉𝐷𝐼𝑖,𝑡

𝑁𝑏 × 𝑇 − 𝑡𝑐

𝑇𝑉𝐷𝐼𝑖,𝑡 = ቐ

|𝑉𝑖,𝑡 − 𝑉𝑖,0|

𝑉𝑖,0
, 𝑖𝑓

|𝑉𝑖,𝑡 − 𝑉𝑖,0|

𝑉𝑖,0
≥ 𝛼

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

∀𝑡 ∈ 𝑡𝑐 , 𝑇

Quantitative criteria : TVSI index.

• It  is based on the average accumulated relative 

voltage deviation of all buses;

• It quantitatively evaluates the FIDVR performance;

Illustration of the concept of TVSI

[g] Y. Xu, Z.Y. Dong, K. Meng, W.F. Yao, R. Zhang, and K.P. Wong, “Multi-objective dynamic VAR planning against short-term voltage instability using 
a decomposition-based algorithm,” IEEE Trans. Power Systems, 2014.
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A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems

⁜ 3 Database generalization: dynamic security constrained-optimization

min
∆Pi

L =

i=1

m

∆Pi

s.t. ൞

(∆η +𝜂0) ≤ ηe
∆η= φ (∆Pi)

0 ≤ ∆Pi ≤ Pi

Mathematical model

FIDVR constraint

LS limit of the load bus

min
ΔPi

∆η =

i=1

m

Φi (η , Pi ) ΔPi

LP model of short-term voltage stability constraints

◆Trajectory sensitivity

Φ 𝑥0, t, λ =
ϕ 𝑥0, t, λ+Δλ −ϕ 𝑥0, t, λ

𝛥λ

𝛥𝑥(tሻ = 𝜙 𝑥0, t, λ+ 𝛥λ − 𝜙 𝑥0, t, λ ≈
𝜕𝜙 𝑥0, t, λ

𝜕λ
𝛥λ

≡ Φ 𝑥0, t, λ 𝛥λ

𝜙 𝑥0, t, λ+ 𝛥λ = 𝜙 𝑥0, t, λ +
𝜕𝜙 𝑥0, t, λ

𝜕λ
𝛥λ+ 𝜀𝜙

Omission of higher order

Trajectory sensitivity

Taylor series expansions

LS limit of the current stage

s.t. ൞

i=1

m
ΔPi= ε

0 ≤ ∆Pi ≤ Pi

Pre-defined total LS amount (step 

size) at the current stage
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A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems

⁜ 3 Database generalization Forecasted load 

demand

Time domain 

simulation

Post-fault TVSI 

margin

FIDVR 

acceptable

Solve the sub-stage 

optimization model

No

Yes

Optimal power flow

ELS control action 

Calculate sensitivities 

of each load bus

END

❑ Iterative process

❑ Linear programming

Initialization

• A new operating point

Initial data input

• The inputs are the OPF results and credible
contingencies.

Solution algorithm

⚫ Trajectory sensitivity is applied for searching
the optimal load shedding solution.

Flowchart of the database generation

Data 
input

Solution 
algorithm

Computation
flow

Legend

Expected 

contingency

Trajectory 

sensitivity

Step size

Linear 

programming

• The outputs are the optimized ELS actions.

Output
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⁜ 4 Case Study

A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems

The proposed method is verified on the New England 

10-machine 39-bus system

Simulation parameter configuration

Data description

Input: 1) generator P, Q generation, voltage magnitude and 

angle 2) load bus P, Q load, voltage magnitude and angle 3) 

power flow on the branches;

Output: ELS location and amount on load bus ;

Two database regarding two contingencies are tested

Contingency 

ID
Fault bus

Fault 

clearance
Tripped line

Fault #1 Bus 17 0.15s Line 17-27

Fault #2 Bus 21 0.15s Line 21-22

Contingency Set 

Parameter setting

The industry-standard composite load model CLOD

Load modeling
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⁜ 4 Case Study: Comparison with the model-based method

A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems
B

us
 v

ol
ta

ge
 m

ag
ni

tu
de

 (p
.u

.)

0 0.2 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5 5.5 6
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⁜ 4 Case Study: Comparison with the nonhierarchical method

MAD : mean absolute deviation

MAPE : mean average percentage error
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ER : effectiveness rate

Effects:
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⁜ 4 Case Study: Comparison with the other learning algorithms
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⁜ 5 Conclusion and future work

A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems

◆ Future work:

• More efficient and more reliable 

real-time under-voltage load 

shedding method;

• Coordinated control against FIDVR 

and transient instability.

(1) A hierarchical data-driven control structure is proposed;

(2) A data distribution-based weighted learning scheme is 

established to provide additional emphasis on the rare 

yet critical cases and balance the ELS database. 

◆ To provide more accurate, efficient and effective 

online event-based load shedding control:

◆ Full paper: Q. Li, Y. Xu*, and C. Ren, “A Hierarchical Data-Driven 

Method for Event-based Load Shedding Against Fault-Induced Delayed 

Voltage Recovery in Power Systems,” IEEE Trans. Industrial Informatics, 

vol. 17, no. 1, pp. 699-709, Jan. 2021. 
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⁜ 6 Relevant works: dynamic VAR planning for voltage stability enhancement  

A hierarchical data-driven method for online event-based 

load shedding against FIDVR in power systems
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Specific technical contributions in above works include:

• Novel voltage stability and voltage resilience indices

• Candidate bus selection methods

• Multiple & many-objective planning methods

• Multi-stage coordinated planning models

• Robustness index to address planning uncertainties
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