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---how to better utilize this reliable flexibility?
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---what’s the benefit from this reliable flexibility?
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® Climate Change — Carbon Neutrality Policies — Vigorously Development of
Renewables — Increased Uncertainty — Increased Flexibility Requirements

Increased
Uncertainty
and
Flexibility
requirements

Rapidly Growmg Renewables

® Ensure Power Balance — Four Basic Flexibility Requirements — Declined Flexibility
from Generation — Unlock flexibility from Energy Storage and Demand Response
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® Extensive Types of Energy Storage and Demand Response Resources — Large Power
and Energy Ranges— Limitations in Reliability and Economy

Bulk Power
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L —] e Dispatch (Resource-Dependent, Expensive)
JE | ® CAES/Hydrogen — Low-efficiency, Expensive
3 & ® Virtual Energy Storage(VES) — Cheap
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v" Q: Generate Reliable Flexibility from Unreliable Resources?
v' Q: Guarantee both Reliability and Economy with Less ES and More VES?

® Generalized Energy Storage (GES): physical energy storage + virtual energy storage

Battery Flywheel Pumped-hydro
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2. Physics-Informed Data-driven Modeling of GES

® Non-Intrusively Extract/Disaggregate GES from Load (Behind-the-Meter) and
Evaluate the Operational DR Potential of GES Resources—Flexibility Learning

N. Qi*, L. Cheng, H. Xu et al, “Smart meter data-driven evaluation of operational demand response
potential of residential air conditioning loads,” Applied Energy, vol. 279, p. 115 708, 2020.

N. Qi*, L. Cheng, H. Xu, Z. Wang, and X. Zhou, “Practical demand response potential evaluation of
air-conditioning loads for aggregated customers,” Energy Reports, vol. 6, pp. 71-81, 2020.

L. Cheng, N. Qi*, Y. Guo, et al, “Potential evaluation of distributed energy resources with affine
arithmetic,” in 2019 IEEE Innovative Smart Grid Technologies-Asia (ISGT Asia), IEEE, 2019, pp.
4334-4339.

Coupling

® Propose a Unified GES Model with Various Decision-Independent Uncertainties
(DIUs) and Decision-Dependent Uncertainties (DDUs)—Flexibility Modeling

N. Qi*, P. Pinson, M. R. Almassalkhi et al, “Chance-Constrained Generic Energy Storage Operations
under Decision-Dependent Uncertainty,” IEEE Transactions on Sustainable Energy, vol. 14, no. 4, pp.
2234-2248, 2023.

N. Qi*, L. Cheng, Y. Wan, et al, “Risk assessment with generic energy storage under exogenous and
endogenous uncertainty,” in 2022 IEEE Power & Energy Society General Meeting (PESGM), IEEE,
2022, pp. 1-5.
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v Behavior Analysis+ Load Disaggregation + Parameter identification

® Thermostatically Controlled Load (TCL)

Input: Historical Consumption and Weather Data

Input: Price signal
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2. Physics-Informed Data-driven Modeling of GES

v Behavior Analysis+ Load Disaggregation + Parameter identification

® Non-Intrusive + Unsupervised Learning

Step1 Data Acquisition
Smart meter data, temperature data

Step2 Data Cleaning
Missing readings, without TCL

Step3 Load Level Clustering (Kmeans++ DTW)
Identification of different consumption levels:
weekday load without or with fewer ACLs,
weekday load with ACLs, weekend load without or
with fewer ACLs, and weekend load with ACLs

Step4 Correlation Analysis (Temperature)
Remove the ACLs segments in the quasi-baseload

Step5S Distribution Test
Distribution of baseload with seasonal variations

Load Power (kW)

Outdoor Temperature (°C)

o Winter o Summer Shoulder Season

---- Fitted ACLs
4l & 40 ---- Fitted Baseload |

Load Power (kW)

Outdoor Temperature (°C)
d Quasi-Baseload with  Quasi-Baseload without

Non-Baseload e ACLs Segment ACLs Segment
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v Behavior Analysis+ Load Disaggregation + Parameter identification

® ETP Model + Simulation + Recursively Estimation

Stepl Segment Decomposition
on-off segment static-dynamic segment

d t / ,‘"/ \ \ / |1/ \ \ | : f/ \ | \ “"J |/ \ // ‘
T Jt AR R AN AR ANV RN R \\;’ WAV
. . . / / i ¥ \{/ \ / / ,‘" L/ \ / \\/
Step2 Static Parameter Estimation R
constrained regression 08 .
— 2 t 2:(.1-—0orierr ETP
[k b] arg mln Z (P k OUt t b ) ! . I. g 0.6 == :d;l"lllfl:id Fsrpordermodel
b e O i - — Fitted Line . s N7
s 3 = 04
s.t. <k<K_ R R Y R TR S 5 | e
max § o ed £=0.1339 T g2l I :‘«W’ f A Jiay X ;ﬂ#ﬁfm’, ot
— < 0 e S . :
71set,m1n - b / k ];et max ? t € [“)on static 10 20 30 40 50 0 / : : : :
. . . 0o 1 3 4 5 6 7 8 9
k _1 / 77 eq” eq _b / k ];et - {T;et,t } . Ambient Temper:;ure( © Time (Hour)
L Ld L3 — 1 ' 1 ' ' " .'”". p "'
Step3 Dynamic Parameter Estimation - Fitted Line v A3 =
E > 5 - —— 2nd-order ETP
Simulation+PSO Recursively 3 0 g oS
0 g2 s cancs X A =
Ceq t—t 15 20 25 30 35 40 45 §
= Ambient Temperature (°C)
Moy MogReq (P, —F) /(B —P,)] b)
Z Ci Z C,D]’ll. Si h Time (Hour)
eq i i
( )max = ( )max = ( )max = Cairpairpmax N
eq neq neq Q



2. Physics-Informed Data-driven Modeling of GES

11

v Operational Demand Response Potential—State Dependent Flexibility

> Redefined DR Potential:

Multifaceted Factors: ambient temperature., setpoint
temperature. equivalent thermal parameter. comfort

Multiple uncertainties: seasonal variation. temperature

correlation. social behavior
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v’ Case Study (Ground-Truth Data)

Austin Mueller Project Smart Home Project

Smart Meter Data Smart Meter Data

Downtown Austin residential customer, Smart Home , Mississippi state
2
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v’ Case Study (Ground-Truth Data)

Nanjing Project
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v’ Case Study (Ground-Truth Data)

® High Accuracy, High Robustness Highly-Transferable

21

ACLs (kW)
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Fig Comparison of the ground truth and
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—— Ground Truth ——  Estimated

estimated data of customer #77

Table Comparison of the average performance

evaluation index

Index Hybrid Method  Linear Regression [18] HMM [13]
F1 Score 0.77 0.67 0.71
MAE (kW) 0.26 0.34 0.28
RMSE (kW) 0.48 0.51 0.42
MAPE (%) 29.09 50.06 31.29
NRMSE (%) 21.36 2391 19.73
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v’ Case Study (Ground-Truth Data)
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v’ Case Study (Ground-Truth Data)

» Usage Pattern > DR Potential Distribution

Load Power (kW)
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v’ Case Study (Ground-Truth Data)

® Practical DR Potential= min (Physical DR Potential, Economic DR Potential)
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v Unified Modeling of GES Resources

— Classification of Flexible Load — Modeling of Flexible Load _
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L. Cheng, N. Qi*, and L. Tian, “Joint planning of generalized energy storage resource and distributed generator
considering operation control strategy,” Automation of Electric Power Systems, no. 10, pp. 27-40, 2019.
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v Unified Modeling of GES Resources—DIUs and DDUs

® GES model involves: Battery, TCL and EV
® (Q: What’s the difference between GES model and battery model?

rrrrrrr
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v Unified Modeling of GES Resources—DIUs and DDUs
® DDU: Coupling Relationship Between Decisions & Uncertainty

Willingness & Capability to Response
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N. Qi*, P. Pinson, M. R. Almassalkhi et al, “Chance-Constrained Generic Energy Storage Operations under Decision-
Dependent Uncertainty,” IEEE Transactions on Sustainable Energy, vol. 14, no. 4, pp. 2234-2248, 2023.

N. Qi*, L. Cheng, Y. Wan, et al, “Risk assessment with generic energy storage under exogenous and endogenous
uncertainty,” in 2022 IEEE Power & Energy Society General Meeting (PESGM), IEEE, 2022, pp. 1-5.
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v" Flexibility from EV—More Complex and Stochastic than TCL
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v Learning DDU Remains a Challenging Issue!

1. Price/incentive

[ AQ1/01 | [en €12 -+ er2a |[ AP/Pp ] Versatile Mixture Distribution
AQ2/O2 €.1 &2 - €204 APy /P>

afe “ D)

PDF: f(x|a. f.y) = —
(1e e )"

| AQ24/Q2a | | €241 €242 -+ €2424 | [ AP2 /P2

) . (1) cor: Fx|a,By) :(1+e’““‘*”)_ﬁ »
Ruan J, Liang G, Zhao J, et al. Graph Deep Learning-based

Retail Dynamic Pricing for Demand Response[J]. IEEE CDF': F '(e|a,B.,y)= y—lln(.s*“ﬁ —1) ,
Transactions on Smart Grid, 2023. “

2. Discomfort

ohr Cooling Heating 100 B ///
. E Kane M B, Sharma K. e i 0

o ®  Data-driven identification ©
f i » E of occupant thermostat-
: “ £ behavior dynamics|J]. Differentiable, integrable, and convex

0.5 2 § arXiv preprint

“ . % arXiv:1912.06705, 2019. . .

2 5 ,_,,rr[ < Z.halfg Z.S, SunY Z, Ga? D W, et al. A versatile probab.lllty

5 o el O”Ih-—4 - TTﬂom-TT distribution model for wind power forecast errors and its

DoD (F) DoD (F) application in economic dispatch[J]. IEEE transactions on
Fig. 9: Degree of discomfort vs Time to discomfort; during power Systems, 2013’ 28(3): 3114_3125.

occupied periods (Single-occupant households; 30 min. filter)
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0} Background and Motivation

o} Physics-Informed Data-driven Modeling of GES
---how much reliable flexibility is available?

o} Chance-Constrained GES Operations under DDU
---how to better utilize this reliable flexibility?

Capacity Credit Evaluation of GES under DDU
---what’s the benefit from this reliable flexibility?



2. Chance-Constrained GES Operations under DDU

® DR Performance of CAISO- 1/3 of DR is unavailable especially during peak load

city (MW)

Capa

city (MW)

Capa

1800

1500 L

1200 L

900 L

600 |

300 L

0

250

200

150 L

100 |

50 |

I e (Capped)
U tl I Ity :l Resionse (Exf:):ss)

— - — - Capacity Credit

— e e — —— ——— ——e—— Capacity Dispatched

._._._._._._._._._,

Thlrd arty-R < Capped)
p :l Resionse (Exlc):ss)

— - — - Capacity Credit
——e—— Capacity Dispatched

i [ )N A
17 - 21 17 21 17 21 17 -2117 - 2117 - 2117 - 21
08/14 08/15 08/16 08/17 08/18 09/05 09/06

(b)

What causes the DR unavailability
during load Peak?

® Modeling Error (Detailed Occupant Behavior)
® Uncertainty Consideration (Overlook DDU)

® Incentive Mechanism (Fairness)

Solutions?

v DDU Risk Hedging (Chance-Constrained)

v" Reliability Commitment with Reserves

24
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® Propose Two General Solution Methodologies for Chance-Constrained Optimization
(CCO) under DDU (Ambiguous Information & Complete Distribution)

N. Qi*, P. Pinson, M. R. Almassalkhi et al, “Chance-Constrained Generic Energy Storage Operations
under Decision-Dependent Uncertainty,” IEEE Transactions on Sustainable Energy, vol. 14, no. 4, pp.
2234-2248, 2023.

N. Qi*, L. Cheng, Y. Zhuang et al, “Reliability Assessment and Improvement of Distribution System
with Virtual Energy Storage under Exogenous and Endogenous Uncertainty,” Journal of Energy
Storage, vol. 56, p. 105 993, 2022.

N. Qi*, L. Cheng, H. Li et al, “Portfolio Optimization of Generic Energy Storage-Based Virtual Power
Plant under Decision-Dependent Uncertainties,” Journal of Energy Storage, vol. 63, p. 107 000, 2023.

Coordination

® Propose a Two-Stage Reliability Commitment Framework for Probabilistic Reserve
Procurement (DA-DDU with Data-Driven Observation, RT-Reliability Allocation)

N. Qi, L. Cheng, Feng Liu* et al, “Reliability-Aware Probabilistic Reserve Procurement under
Decision-Dependent Uncertainty,” IEEE PES General Meeting 2024.



2. Chance-Constrained GES Operations under DDU 26

v" Chance-Constrained Optimization under DDU

® Coupling Relationship between Decisions and Parameters (non-convex)

P(C(y)T2+ d(y) < e) >1l-y = z Stochastic Parameters

Fl(1-7)
c(y) p+d(y)+F(1=p)|c(y)o|, <e ¥ Decisions

v" Robust Estimation of Fy_1 (1-7) (Robust Approximation)
v Data-Driven Update of DDU by Real-Time Observation (Data-Driven Aproach)
v" Iterative Update of DDU with Distribution (Iterative Algorithm)

® Joint Project (UNSFC) on DDU—RO/DRO/SO/MARO

Y. Su, F. Liu, Z. Wang, Y. Zhang, B. Li and Y. Chen, '""Multi-Stage Robust Dispatch Considering Demand Response Under
Decision-Dependent Uncertainty," IEEE Transactions on Smart Grid, vol. 14, no. 4, pp. 2786-2797, July 2023.

Y. Zhang, F. Liu, Z. Wang, Y. Su, W. Wang and S. Feng, '"Robust Scheduling of Virtual Power Plant Under Exogenous and
Endogenous Uncertainties," in IEEE Transactions on Power Systems, vol. 37, no. 2, pp. 1311-1325, March 2022.

Y. Li, S. Lei, W. Sun, C. Hu and Y. Hou, "A Distributionally Robust Resilience Enhancement Strategy for Distribution
Networks Considering Decision-Dependent Contingencies," IEEE Transactions on Smart Grid, vol. 15, no. 2, pp. 1450-1465,
March 2024

C. Pan, C. Shao, B. Hu, K. Xie, C. Li and J. Ding, "Modeling the Reserve Capacity of Wind Power and the Inherent Decision-

Dependent Uncertainty in the Power System Economic Dispatch," IEEE Transactions on Power Systems, vol. 38, no. 5, pp.
4404-4417, Sept. 2023
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v Chance-Constrained Optimization under DDU (Robust Approximation)

® Obtain Robust Value of inversed CDF from Cantelli’s inequality

3) VySoChanskip-Petunin inequality can be used with unimodal
distribution of DDUs and infers the following conclusion.
TABLE IT APPROXIMATION OF WIDELY USED NORMALIZED INVERSE

CUMULATIVE DISTRIBUTION F(k)=1— supP[¢ > K]
Pell
Type & Shape Fla-» Y { 1—4/(9%249) k>./5/3
1) No distribution = o 12\ (4 a2 o fETR (20a)
1-y)/ D<y<l1 1—(3—k=)/(3+3k 0<k<+/5/3
sssumption Ja=-n7y y ( )/ (3+3k%) 0<k<./5,
/2, 0<y<1/2 /2O D<~v<1/6
2) Symmetric distribution 4 F_l{]. )= Vs = (20b)
0 1/2<y=1 PTIVE-29) 1/6<y<1/2
J@=97)797 0<y<1/6
3) Unimodal distribution
JG=3)/(1+3y) 1/6<y=1 10 -
279y 0<y<1/6 SA
4) Symmetric & unimodal
dzstibution V3(1-2y) 1/6<y=<1/2 = U
0 1/2<y<1 = 5 SuU
-1 _Lx. ST
5) Student’s ¢ distribution Lo =7) D=zy=1 N
6) Normal distribution o l1-y) 0<y<l1
ok

0 0.2
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v Chance-Constrained Optimization under DDU (Robust Approximation)

® Observe the DDU in Real-Time and Update DDU

P(a;(x)"€(x) <bi(x) ) >1—

u,{.r]llly(.r) Fhi(z)+F (1—€) -“;n.,[.i')TEu,{.r} <()
V

U

( ai(x)" p(x)+bi(x)+vk || r(@) ||| +7 /1 /e—1 ||y ||2<0
\/Hs'[IIITE”;{T-J <y, V2Pk|r(E)| 1<y
% :E'll P 1_.,.-21_ TH = (1 _%“Rp(_(ﬁ'if};_2}?;{.2})

e

1/2

\

r(x) is the radius of DDU, p, K should guarantee: p 2 2, K > (2+V2In(4/€))?
y is the auxiliary decision matrix.



2. Chance-Constrained GES Operations under DDU

v Chance-Constrained Optimization under DDU (Robust Approximation)

® Iteratively Update DDU and Solutions

Algorithm 1 Iterative algorithm for CCO-DDUs

Input: Probability level ~, convergence criterion 4§, deter-
ministic and reformulated random parameters under DIUs.
Output: Decision variables ¢ and cost function I'(y, z).
Stepl: Initialization
Set k=1, and F—l{l — 7v,yo) with robust reformula-
tion value referred to Table II. Compute CCO-DDUs
with /711 — 7,yy) to obtain initial value of yq. Use
yo o update F1(1 — v,y1) via MCS. Calculate eps
=[F 1 —y,11) — 1 — 7, 90)|-
Step2: Iteration
While eps> 6 do
Compute CCO-DDUs with /(1 —,yz) to obtain
yi- Use gy to update I (11—, ypy1) via MCS. C

alculate eps :‘1"‘1(1 — Y, Yry1) — 1 — ",r",’yk)l-

k+ k+1
end
Step3: Return y = y,., G(y, z) = G(y, =)

Starting Point of Robust Approximation

F1(0.95,y) F'(0.95,y,) F(0.95,y5)

Convexity and Convergence Conditions
1) RD function; 2) g/h distribution
—e— —0— ¢ —X—

Beta Beta Lognormal  Lognormal
(v =0.05) (v =0.25) (v =0.05) (v =0.25)

29

3.5 :
= 251 Convex Region M )
= T : ; : _
oo 15 v - . ]
T 050 o-oele-0-0e00e-604e00 ]
N - > .

-0.5 i - : : .

0 0.2 0.4 0.6 0.8 I
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v" Economic Dispatch in Microgrid with GES (Case 1—Normal)

Objective function
min G(y,z)= Z (CS+CF)

¢) GES other constraints:

SO(_;«l;.t_l_l == (1 —Ef}-gOCj__t_T?(‘.fP(‘.i.t &t,/gﬁ

b
=
i, —Pa,i.t At/ (100,:5:) + i g e J
“= EXQ: (s Pasorees Poi) At —50C; gp £ 50C; 141 —50C; 1 < SoC'; gy ____,,‘ ______
—ct PfAt %i.t ESOCI'._tESGCi.t Gid : [xEs _
a) GES chance constraints:  °°C:7=5Cio \ i
0<Fit=Pcis ~ : Et:[ =
?{Pc it i:?c.i t) > 1— 0= Fase<Pase i
P(Pyit < Pait)>1—7 d) DDU constraints:
P(SoC; , <S0C; ;) >1—7 5oC ™ —h(g(SoC™ Y . ). BRD:.)
P(SoC; ., <8oC; ) >1—~ 8ot =l (SoC ) AR,
. RD?’.}S:AZ (Pejir/Pei+Pair/Pai)/T
b) Power balance chance constraints: =

.f‘"'-_-—-'"‘"\

IEE—!H ic€ls

(Pd it—Peit)+PF ::-PL) >1—

+(1—A)max{|SoC; s — SoCP™ |- SoCPE /2,0}

e) other constraints:

0<PS<P".
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v" Economic Dispatch in Microgrid with GES (Case 1—Normal)

® Deterministic(Blue), DIU(Green), DDU(Red) TABLE III
OPTIMIZATION RESULTS WITH DIFFERENT MODELS AND UNCERTAINTIES
o ]
1+ I 11 - — — - : :
| M1-Boxplot M2-Boxplot M3-Boxplot M1-Mean M2-Mean M3-Mean Metric M1 M2 : M3 :
T T T I I I I T .I. T - I ; T T
08| : Pl ]! i CostPA (CNY) 2034.6 21216 1 2197 |
45 H - 1
g 0.6 I o] =8 > Py, At (kWh) 750.6 3379 | 1649 |
# 04 F _ I
dj l [ 1 i XL | I S P.; At (kWh) 35.7 60.5 I 403 i
e ] 1
0 . . . | ZPf&f. (kWh) 1495.1 2288.8 : 24432 :
4 8 12 6 20 24 T i
Time {h) — Bounds™ Bounds™ — Bounds""Y~ - Bounds® — Strategy
80 (a) 1
= o0 I | 208
= 40 EEEM Z 06
= 20+ [ M 2 04
o0 - 202 .
a” 20t “ 0 . . . . : . Most Conservative
-40 ' ‘ ‘ ' ' ' 0 4 8 12 16 20 24
0 4 8 12 16 20 24 Time (h)
@ Flexibility Contracted
300 ¢ M? : M*? : ML--- Lo
— 250 | @ 120 1-Upper 3-Upper 1-Lower M3-Lower
= 200} 2T
= 1504 i
5100 | 2 E
&S0 3E
0 N .
0 4 3 12 16 20 24 0 4 8 12 16 20 24
Time (h) Time (h)

(c) (b)
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v" Economic Dispatch in Microgrid with GES (Case 1—Normal State)

® Deterministic(Blue), DIU(Green), DDU(Red) TABLEIV
RELIABILITY AND ECONOMIC PERFORMANCE OF DIFFERENT MODELS AND
Best Performance in Real-time Availability PROBABILITY LEVEL Fomm———y
1 1
v Indices M1 M2 w3 :
Mlecual] Ml_'[‘lleo;uca] MzPracticaE Liz'l'hmeucal MSPra-:um] LlSThtoreu’cal 0,05 LORP /! ERNS 037120 : 0.0/00 :
- 1o o o o o o o e o o - = - w— " CostRT / Cost™® LORP 0.6 365.6/3039.1 :0.0I?_?QQ.? :
2 osl LORP/ERNS ~ ERNS30.8 04/140 1 01/30 1
2 0.6F Cost™ / Cost Cost™ 10579  440.0/2909.0 :0.0IJZ?OQ.? :
Mm gl 045 LORP/| ERNS  Cost'C 3088.3 04/152 § 02/36
e E 7 Cost®"/ Cost™ 487.4/28104 10.0/2407.7 |
E 02‘ 1 :
0 | I
o4 s 12 le 20 DDU Impact on GES Types and DR Duration
Time (h)
801 (a) .
— TABLEV
'g gg [ OPERATIONS WITH DispaTCH MoDes anD DDUS STRUCTURE
—
2 28 DDUs Dispatch Cost™ Y Py; At Y Pi.At FP EP TT CT
% 20 Stucture Mode  (CNY) ikWh) (KWh) (%) (%) (%) (%)
-40 ' | ' L 1 Fl ) X724 187.8 RIN) 04 379 -42 267
! ¥ -
0 4 ] 12 16 20 24 o2 749.2 174.3 0.8 00 75 04 07
: b)) 7007 164.9 40.3 86 370 59 420
Time () k2 D2 27665 1527 09 26 288 -3.1 -133
3 ) 27854 171.2 321 04 398 -48 -31.2
i o2 X755.8 167.1 1.4 02 132 -1.8 -54

Fig. 6. Reliability performance comparison with respect to (a) practical and
theoretical SoC bounds (95%) and (b) ERNS.

Impact Less for Battery and Short-time Duration
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v" Economic Dispatch in Microgrid with GES (Case 1—Normal)

® Convergence and Scalability Performance

TABLE VI
It converges qlllely! OPERATIONS COMPARED WITH DIFFERENT REFORMULATION METHODS
5 -
R 2O - Rl R
- © cla DDUs  Distribution - : :
Z 2790 e | 0 al L ey Cost™  Time  Cost™ Time
& oanomma Stucture - Type CNY) (9  (©NY) )
Z 2780 = - F1 7724 246 27500 27510
o F2 Beta 27997 2113 27791 64067
2770 e S F3 Distribution 27854 280 27643 30322
1 2 3 4 Fi 7724 M6 2523 1321
lteration F2 Lognormal 27997 2113 27819  1039.9
F3 Distribution 27854 280 27666 103.9

Fig. 8. Convergence performance under Beta and Lognormal distribution (95%)

Aggregator or Robust approximation or Stop Indices

ra¥ ol =t TABLE VII
y =-U 05 v =0.15 y ="._~|, 75 v =0.35 v =0.45 OPERATIONS COMPARED WITH DIFFERENT ACCELERATION METHODS
0.8
0.6 100 GES units 1000 GES units
~ )& . L
g_c Acceleration D1str|lbuuon Gap Time Gap Time
c 04 Method Type @ s (%) )
< 02 Al 090 270 124 281
0 : . . . A2 ~Beta 0.04 21136 004 1288027
0.02 0.04 0.0¢ 0.08 0.1 A3 Dismbution 074 2113 081 57926
LR , 3 s
Al -0.92 38 -1.08 4.0
" A2 Lognormal 001 4719 002 88453
A3 Distribution 064 2113 076 57926

Fig. 7. Sensitivity of gap with probability level and standard deviations
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v' Reliability Improvement of Distribution System with GES (Case 2—Emergency)

Obj ective function(load curtailment)

= 3 Y ePCAr ¢) GES other constraints: 122022
teQ icE,
, , . 50C; 441 =(1—5;)50C; t +1c.; Pe.i S; RES RES  VES
— Z (o por SoC;1+1=(1—2;)SoC; 4 ’ Me,iFeit At/ -m _“_ EA,)
(O —Pyi 1 At/ (14, S:) + i
CY® =3 3 (B ey + P eyl YAt —50C; gp < 50C; 441 —S0C; ¢ < SoC gy
160y sty SO(‘?i.t ‘:_: -SFOCI'__t <_: Sﬂci_t .
. o ] 26 27 28 29 30 31 32 33
a) GES chance constraints: SoC; 7 =80C; o
0<P ;i <P, 22

P -Pcki.t < Pc.i._t) > 1_"!" OE-Pd.i.tc_:ﬁd,i,t

e) other constraints:

rkr+PR+ (RfsErS P::(iErS PrI;C :BI;+ P —rl;,
: . J ij* j

?(SGCM = Sﬂ(_,-’i._t) = 1— s ik (1) 5eQ Jiet, ()
d) DDU constraints: _k;” i+ ,,+Zﬂj( O 0o+ =04+ __;_)(QJ,,—xuf,,,)
ikeQY, (i se JieQy (i
——DDU
SoC,, =h(g (SoC,, . ). BYRD; )
t t t U U +(f" +x )IUJ‘—Z(FBJI yr)ZO

SoCPPY — h(g (boCP{L C3:4)s BERD; )

_ _ U,<U,<Ui, 0<1,,<1I;
RDf.f:f\Z(Pc.i.r/Pc,i‘l‘Pd.i.r/Pd,i)/T ’ g

=t H[zp

20, ; <I,,+U,
+(1—N)max{|SoC; ; — SoCP™|—S CEfo e 20, 1, U, H +

.t



2. Chance-Constrained GES Operations under DDU 35

v' Reliability Improvement of Distribution System with GES (Case 2—Emergency)

® DDU Cause Conservative but Reliable Response
Additional risk from DDU

B ceNs™ '] EENS™T M EENSMTT e ‘

—3¢— EENS"™* T ] ERNS™ [ ] ERNS™ [ | ERNS™ 3 Risk Assessment
1400 wnderBNU_
I 3 Risk Assessment min £ (x,&) H
woo LA A0 O A0 10 Bl [ | under EXU St{P(h.(né»Zl—a i
I e T ama=o
| [GAd&CPP] [ Load |
e i - Di- i
= 800 | u - = - | | | | | |
£
- 600 |
Z
=)
400 |
200 | P(h;(x,8) 21-a
g,(x,&)=0
[0} | | | | | | | | | | | | | |
5% 10% 15% 20% 25% 30% 35% 1.
Probability Level [N Practical
3 Bl Theoretical
TABLE IIT RELIABILITY INDICES COMPARED WITH DIFFERENT MODELS ***GESRISk——-VOHgmalRlSk 77 —> O peratlQnSS 7777777 ‘
?
Index MO M1 M2 M3 2 06l
LORP 0.000 0252 0.340 0.001 §
ERNS 0.00 71335 438.80 0.05 804y
————————— — [72]
LoLPT 0.023 r{}_EIlE 0.016 I 0018 H
L L I theoretical o
EENST 04876 157332 8241 Jl 02385
LOLP* 0023 o028 ~ 0037 _;I_ 0018 | ] . | , , . | ,
N I practical - -
EENS 048.76 18867 120122 41 92500 g 0 4 8 12 16 20 24

Time (h)
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v' Reliability Improvement of Distribution System with GES (Case 2—Emergency)

® Impact factor of Reliability Improvement with DDU
@D Confidence Level (65%-70%)

TABLE IV RELIABILITY IMPROVEMENT COMPARED WITH DIFFERENT
MODELS AND PROBABILITY LEVEL

Probability Level

Method —————

5% 10% 15%  20%  25%  30% | 35%
MI-T o4 304 304 394 394 304 i 394
MI1-P -358 -358 358 358 -358 358 : -35.8
M2-T 10.2 112 11.9 12.4 129 13.2 : 136
M2-P -361  -365 367 367 -368 371 : 372
M3-T 241 413 401 531 5.560 5.80 : 6.01
M3-P 241 382 430 4438 4355 459 : 458

-——————
——

@ DDU Level (discomfort > incentive)

TABLEV QOpTIMIZATION PERFORMANCE COMPARED WITH DIFFERENT

DDUs LEVEL

DDUs Cost EENS P EP cr cr
Level  (10°CNY)  (KWh) (%) (%) (%) (%)

-1 5 7 5 7

o 51101 9260 522 2394 391 3681
o 51525 03713 194 1016 -593 4461
o 50832 01776 751 4032 285 3506
ipos 48424 8003 507 2614 314 2308
S ——— ]
RS 2344 05167 530 2703 -543  -60.18

@ Dispatch Period (short with valley)

TABLE VI OPTIMIZATION PERFORMANCE COMPARED WITH DIFFERENT
DISPATCH TIME PERIODS

Time Cost EENS EP EP CT cr

Period (10°CNY)  (kWh) (%) (%) (%) (%)

S:1am 511.01 9260 522 2394 391 -3681
E:12 am

S: 3

S: 3 pm 488.38 8705  0.00 2580 -3.45  -35.02
e S R e e e e o o o
15S:8¢ 1
lo o 48206 8671 685 2654 -546 -66.64
E: 8 pm

@ Locating (RES)

TABLE VII OPTIMIZATION PERFORMANCE COMPARED WITH DIFFERENT

LocaTioNs oF VES TITs
VES Cost EENS  EpP EP CT CT
Location  (10°CNY) (kWh) (3 (%) (%) (%)
Buses: 17 -
P 51101 9260 522 2394 301 3681
p B 18 st0e4 o250 1525 2327 303 3813
i = e e e e e e
-B-“;E"‘;bm 51740 9389 500 2405 -394 3757
E‘l;’?,; T 52641 9562 501 2468 487 5404
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v Portfolio Optimization in GES-VPP(Case 3—Profit VS Risk)
® SODIU)+CCODDU)+CVaR(worst-case)+IPH(decomposition)

Assets Markets

r ----------------- 1
1
max (1—9)2 ;Z-SS;““H 6’(w—1— Z 7.S.) i CVaR
sel)y 520l 1 ner
i :

net _ DA pDA R+ pR+  JR- pR- ,
SS = At E ﬂus_r R + E (j"s.r P” _j"s.r P” ) S RTI\I?[alall(nilng
arKe

RES RES GES pGES
— C C. P
srr “dle.i” dle.s.ilt

VieQy VteQ VieQg VteQr | e # Scheduling Strategy — Bidding Strategy
] - ) ] ! Original Problem i
TABLE I DESCRIPTION AND REFORMULATION OF UNCERTAINTIES L max(1-0) E%Sga }+0-CVaR ! I m p roved
- — . ! st cons. (1-3), (4a), (4c—4d), (5-6), [SO] i .
Assets/ Probabilistic Types of Reformulation | cons. (4b), (4e),  [CCO—-SO-DIUs] ! P ro g ressive
Resources Parameters Uncertainty Method | cons. (4f =4j),  [CCO-SO-DDUs] 3
Market - e "
arxe AD‘? Alﬁ- AE‘I DIUs Scenarios [ [ [ H ed g I n g
price O BEURETSL mEEs e oo
RES ﬂRﬁs i DIUs Scenarios ! |
| i max (1=0)S; (x,;,%,,) +OCVaR(y, 1, ¥,) |
— S | et 8% 15 X,25 i1 ¥i2) S0
PEE S; .80 CErEq o 2 Explicit & )=0 & )=0 {h"‘\-v’»r“y~-z’:“
GES DIUs P
GES DIU GES Quantiles
SoC . B
———=GES.DDU
SoC; ; .

GES DDUs Iteran.x-‘e i max (1-0)S™® +9CVaR ~
SOCGIESDDU Quantiles AN
—,

I
I
! o X517 sl T X1

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
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v Portfolio Optimization in GES-VPP(Case 3—Profit VS Risk)
® Without DDU, M1 is more aggressive with higher TCL, DA trading and average profit

TABLE T OPTIMIZATION RESULTS COMPARED WITH DIFFERENT MODELS

g‘ 0.8 T T T T 1 1
% 0.6 B v . M2 1 Metric E(.S';JET) ZPDA A ZPd, A Zfﬁl&f
g 0471 T method CVaR($) (MWh} (MWh) (MWh)
S| | M1 225789936 247537705 1520 7700
- 4 8 2 16 20 24 i M2 2110.9/848.8 22.8/37.5/0.6 1.4/2.0 5.5/0.0 i
Time (h) e !
o 15 @
= L : - T . .
S U E— : Larger gap under higher risk preference
= 0537 .
= 0= =y —
ﬂcj 0.5 ] TABLEIII OrTRMIZATION RESULTS COMPARED WITH DIFFERENT MODELS
wi -1F ]
o
m -1.5 1 1 . ! . . - L
0 4 8 12 16 20 24 Metric/ E(57) DEMIBEA Y R At Y Pt
Time (h) method  yrp(g) (MWh) MWh)  (MWh)
4 — ® M6 3 ——— 2346 — - — 425 4B D — = = 3 TEF = = = —F =
1
- CIMI-PP*  M2-POA I :
3E 3 l:m P P | : | MI09  2245.1/1007.3  23.138.60.0 1622 7.7/00 1
= = o [UNINHEORomARORAWOEOE imbimUEHmIE- - (OREEDRHEHELEE | 20 T e EEEEmEmEmEmm—
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v Portfolio Optimization in GES-VPP(Case 3—Profit VS Risk)
® What’s the benefit from considering DDU?
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v' Reliability-Aware Probabilistic Reserve Procurement

® Proposed the probabilistic reserve and enhance the liquidity of reserve offers
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v' Reliability-Aware Probabilistic Reserve Procurement

® Two-stage Probabilistic Reserve Procurement under DDU

DA-Joint Chance-Constrained RT-Reliability Commitment
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v' Reliability-Aware Probabilistic Reserve Procurement

® Two-stage Probabilistic Reserve Procurement under DDU

TABLE 1l
REAL-TIME OPTIMIZ ATION RESULTS WITH DIFFERENT METHODS

Relaxation of Product Function
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0} Background and Motivation

o} Physics-Informed Data-driven Modeling of GES
---how much reliable flexibility is available?

o} Chance-Constrained GES Operations under DDU
---how to better utilize this reliable flexibility?

Capacity Credit Evaluation of GES under DDU
---what’s the benefit from this reliable flexibility?
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v Sequential Coordinated Dispatch of GES Incorporating DDU (GES Simulation)
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v" DDU Consequence Calculation (Response Unavailability & Load Recovery)
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v Extension and Enhancement

® Learning DDU of GES VS Utility Function (Real Data)
® Design Effective Pricing and Penalty Market Mechanism for GES (DR/Reserve/CM)

® Extend GES to hydrogen, PHS, CAES

v Other Works

® Problem-Driven Scenario Reduction Framework--Representativeness of Scenarios

Y. Zhuang, L. Cheng, N. Qi et al, “Problem-Driven Scenario Reduction Framework for Power System
Stochastic Operation,” IEEE Transactions on Power Systems, 2024.

® Online Optimization Method—Real-Time Control Policy

Kaidi Huang, L. Cheng, N. Qi* et al, “Prediction-Free Coordinated Dispatch of Microgrid: A Data-Driven
Online Optimization Approach,” IEEE Transactions on Smart Grid, 2024.

N. Qi, Kaidi Huang, Zhiyuan Fan et al, “Long-Term Resilient Operation of Microgrid with Hybrid Hydrogen-
Battery Energy Storage: A Data-Driven Online Optimization Approach,” Applied energy, 2024.
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