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1. Background

01. Background

H Background

» Rapid growth of large-scale loads, such as data centers and EV charging infrastructure

» Concern over increased load variability risk due to large—scale load growth

» Need for distributed energy production and consumption near major load centers

* Necessity of a robust EMS for reliable operation under load variability

Increase in Large Loads

Demand

Larger-scale loads tend to show wider demand
fluctuations, which increases forecasting
uncertainty.
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Need for distributed
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near load centers

N

Robust
EMS System

Response to
variability: near
demand centers




01. Background

B Research’s Goal

« Design of a QR(Quantile Regression) based robust EMS for managing variability and uncertainty of large—
scale loads

3. Microgrid Applications o @l
1. Method 2. QR and Robust =, [nl]
: Optimization-Based EMS Energy Sources

Quantile Regression

Provides probabilistic load ® Manages large-load variability [ =K 1 {Renewable Energy} [ i J !ﬁ%

forecasts including variability * Supports integration of diverse
and uncertainty » ® Handles uncertainty in energy sources & A\

operation planning

[ Robust Optimization Large-Load -

® Enables uncertainty-aware

Enables autonomous , > )
operation under variability EMS operation [ e ] { s Center} [EV Chargung}
| and uncertainty ) Highly variable large-load applications
. J \
QR-based robust EMS for microgrid operation under load variability and uncertainty 5

2. Quantile Regression




02. Quantile Regression

Hl Importance of Forecasting Methods
» Growing importance of load forecasting with increasing load variability

« Provision of key input data for EMS operation and optimization under uncertainty

M Various Forecasting Methods Forecasting Methads

Probabilistic £1i2) Machine Learning Deep Learning Hybrid /
Forecasting Uy Methods Methods Ensemble Methods

Statistical /

Classwal Methods
}/./’. Linear 4| V Quantile +*%/, Support Vector /'\\, RNN  Aas Decomposition-
“+°  Regression | 2 Regression 7" Regression (SVR) L\./ "YUV based

o —— SRR LS
ARIMA / | Bayesian A4 Random { § o LsTM ‘ 0o E
= | e®¢ Ensemble
SARIMA | @ Forecasting 4!% Forest \Q—) ) 8N | oying

T = | e
H AR Gaussian /\/' X'GBuostl ¢ 9 GRU Physicsinformed /
| \ﬁ Process £  LightGBM e = @ domain-informed
\ S N\ hybrids
State Space / | Predicti T Transformer
+— Prediction L ?1
J_ Kalman Filter _“ & |ntervals pags kN ‘ & )

{ @{3 CNN-LSTM \ 7

02. Quantile Regression

H Quantile Regression
« Point forcasting : Single expected value — Limited uncertainty representation
 Quantile Regression : Conditional quantile estimation — Genration of prediction band

— Selection rationale : Explicit representation of variability and forecasting uncertainty

Quantile Regression Model Pinball Loss Quantile Outputs
N T
miny . pr (v — a7 B;) 1s — =05 d0a(2:) = 2 fo
i=1 # 10 —r=o01 - 3 T"
= u>0 Gos(z:) = z; Pos
pr(u) = { : 1 & 22 -
(r=1)u, u<0 0 | do.o(zi) = =7 Boso
-2 -1 0 1 2
u=y-z'p
Quantile Forecast Band Concept Forecast-to-Optimization Input
—e— Actual demand Dbese = @0 5(11)
—— 0.5 median ! 2
40.1~q0.9 band RU; = max (5‘0.9(%) - @0.5(%’),0)
S RD; = max (@0,5(%‘) — d0a(w:),0)
D; € [DP** — RD;, D™ + RU; |
Time (h)
Derivation of reserve requirements from quantile prediction bands 8

% reserve : Standby capacity margin defined by the spread between median and boundary quantiles



02. Quantile Regression

B Forecast Evaluation

Metric Formula Interpretation
N . .
PICP PICP = 1 Z & &= L if y € [L.UL Meaning : Coverage probability
N ot 0, ify & [L, UL Desirable property : Close to the nominal confidence level
1 < - Meaning : Normalized width of the prediction interval
PINAW = _ UL, —LL)),j=1,....k g prediction interva
PINAW m(max(y;j) — min(y;j)) ,}; (ULy 2 Desirable property : Minimum value
1 D, LL; —y;; ifyu <LL, Meaning : Magnitude of deviation outside the prediction
PINAD PINAD = E z rﬂax()——”mln( D,“,‘ =140, if LL;; < Yji < UL’i interval
i=1 Yii Yii i — ULy, ify; > ULy Desirable property : Minimum value, ideally close to zero
Dy, Ly <=y = Uy
Winkler ws—Jp, M= 1 Meaning : Overall score for interval forecast quality
Score ! gfy,‘i[;,,’ g rf Desirable property : Minimum value
Dy + T, Y = U

3. Robust Optimization
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03. Robust Optimization

l What is Robust Optimization B Why is it needed?

« Derivation of feasible operational solutions via uncertainty sets under

demand and power generation uncertainty

« Consideration of quantile-based prediction bands instead of reliance

on a single point forecast

Forecast Interval [L;, U;]
A

I

]
1 |
\ = ® !

L; Point Forecast U,

Dy

Plan must remain
feasible for all demand
values within the interval.

Dy € [Ly, U]

demand values within the forecast interval.

‘ Objective: Minimize cost while maintaining stable operation for all load ’

o Railway Station

Train schedules, HVAC,
passenger flow, and
station facilities cause
rapid load fluctuations.

Robust optimization helps
ensure reserve against

unexpected peak demand.

e Data Center

Point forecast
only

il

‘ Unexpected
‘ ’ load demand /

power generation change

- A Insufficient reserve /

operation risk

Robust
optimization

v

Computing demand and
cooling load can rise
simultaneously, increasing
power uncertainty.

Robust optimization
improves reliable operation
under sudden demand

Reserve secured
within interval

-»‘E]

.

Stable EMS
operation

v

e EV Charging Hub

Vehicle arrival time,
charging duration, and
charging power are
difficult to predict.

Robust optimization
prepares the EMS for

high-demand charging

surges. scenarios. 11

03. Robust Optimization

l Advantages of Applying Robust Optimization — Case Study: Railway Station

Numerical Example (peak hour 18:00)

Before — Point Forecast Only

Numerical Example (peak hour 18:00)

* Point forecast (planned): 80 MW « Baseline forecast (q0.5): 80 MW
¢ Reserve secured (10%): +8 MW * Upper quantile (q0.9): 96 MW
* Capacity available: 88 MW * Reserve = q0.9 - q0.5: +16 MW
e Actual demand (peak): 95 MW

* Actual demand (peak): 95 MW v within interval

- Shortfall: 7 MW (unserved energy)

Railway Station — Shortfall: 0 MW (demand fully covered)

® Regenerative braking energy
g* iE‘] occurs during train stops and

is managed by ESS.

=== Planned (point forecast) = Actual demand i Forecast interval (q0.1-g09) === Planned (q0.5)

= Actual demand
100 -

95 MW (actual)

95 MW (actual)
inside [q0.1, q0.9] v

® Passenger surges during
commuting hours cause
significant load fluctuations.

Demand (MW)
Demand (MW)

65

60 - Time Time
® HVAC demand varies with

weather and occupancy. [

Reserve was insufficient — operation risk ] [ Reserve covers actual peak — stable EMS operation J 12
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03. Robust Optimization

H Robust Optimization
1. Forecast Interval and Reserve Requirement 3. Rolling-Horizon Optimization

A « Re-forecast and re-optimize every hour
L, = D, = =G . : s cn Execute
t = Giow,t> t = 90,5t t Ghigh,t « Execution of only the first-hour decision Forecast Optimize h Update
P P — D, € [L;, U] « Shift the horizon forward and repeat
I > U, f
t i = —
Dy A= masffe—iB5) i
A Actual Execution Forecast Horizon (t+1 to t+24)
RDy=max(D,—L,0) || | rebhiiiiaiiisiaie !
Demand / | f,f."::;
* Quantile forecasts represent demand uncertainty as an interval. Operation Plan | e~ i
j g ) 3 fist The !
¢ The interval is converted into upward and downward reserve requirements. } ]
t t+1 142 +3 t+24 t+25 Time
2. Robust Optimization Formulation View at Time t+1 ‘
Objective s
E ) Demand / demand
min 3" [Coen(Pr) + Crss(che, dist) + Cpen - % Operation Plan s
& shift
g 2 t horton /] |
Main constraints - t o] 2 w3 g W24 25 Time
P, + dis, — chy = D,
. o
RDtp'lEm > Dz I, ActilnIhttLIhul‘V» _ ForecastHorizon (t43tot426)
. Actual
SOC,41 = SOC, + nenchy — disy | Nais N e [ .
Ptmin < Pt z Ptﬂmx Operation Plan &s;\‘\ﬁ Tz —n= " :
= = herizon 1
Socmin = SOC{ < socme=x t t+1 = 42 43 t+d t+24 t+26 Time. 1 3
Actual demand | I Forecast / Optimized plan (re-run each period) ZA Actual execution (first Thr only)

4. EMS Framework Implementation
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04. EMS Framework Implementation

EMS Framework Based on Quantile Regression and Robust Optimization

Quantile Regression
Ll

g,

o Historical
load data

il

_._ o Time/
el ‘ weather
@ features

’

x
rrs
® large-scale
h?_ li load
ﬁ) characteristics

\I:I%—o [ﬁ_f/ﬂﬂ

® Probabilistic load forecasting
o Prediction interval generation
e Uncertainty-aware demand band

iy == Actua —— 0.5 (Median)
== q0.9 (Upper) q0.1 (Lower)
2,000 =
o gL

Forecast-to-Optimization
Input

Convert quantile forecasts into
optimization inputs
Define baseline demand using q0.5

Define uncertainty range from
0.1 and q0.9

Construct reserve or uncertainty
band for optimization

q0.5
S~ g0
0+
6 12 18 24
Time (hour)
‘ A
Forecast Metrics
[ e e
PiCP PINAW PINAD | [ Winkler Score
| Normalized
| Coverage of || Nommalized || interval || Interval quality
actual values | | interval width | | average ||+ penalty
\\ L |__ deviation
e g & {

S

From Quantile Forecasts
to Optimization Parameters

Upper Reserve q0.9
(Up) I q0.9-4q0.5
(Up Reserve)
Baseline Demand q05 —
(Median)

Lower Reserve
(Down)

@ q0.5: baseline demand
@ 0.9 - q0.5: upper reserve requirement

@® q05

q0.7: lower reserve requirement

I q0.5-q0.1
q0.1 e( oo

Use quantile band
as uncertainty set

Robust dispatch
and reserve
scheduling

ESS charge/
discharge
coordination

Reliable operation
under uncertainty

Re-optimize every hour
over H-hour horizon

Implement only the
first-step decision and
update repeatedly

"

Rolling Horizon (H-hour)
t t+1 t+2
@ Implement (first step)

(© Not yet implemented

Q,

Operational Outcomes
and Evaluation

&

T

Optimal operating strategy
for large-scale loads

ail

Performance
Improvement

0

System Cost
Stability Efficiency

Operation Metrics

N Y \
NUSE || Operating Cost | | System Stability

AL

unused
energy

Economic Risk
‘ performance | | management
J\

Quantile Regression ~ +

Robust Optimization

=

Practical EMS framework for large-scale loads
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5. Simulation
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05. Simulation

H DATA

Dataset KPX nationwide power demand Plifcoss Adapt nationwide demand data to a microgrid-scale
. L= EMS environment
* Korea Power Exchange (KPX) public data Time period Jan. 1, 2020 - Dec. 31, 2021
Smaff Original peak demand 94,500 MW
: ; Training data 2020 (1 year)
* Nationwide hourly power demand data g Y T oetpealtamand 101 MW
P | | Test/validation 2021 (1 year)
« Data fields: date, time, power demand (MWh) | Method Temporal pattem preserved, only magnitude reduced
Resolution 1 hour
! Main use Quantile forecasting for interval-based robust
+ 2020 and 2021 data were downloaded Total data points 17,543 EMS optimization
" dth o Unit MWh - \
separately and then merg e o
Torgetuaiabo System load (Demand) Scaled demand = Original demand x (101 MW / Original peak demand)
Forecasting features  lag, lag24, lag168, hour, sin, hour_cos Scaled demand = Original demand x (101 MW / 94,500 MW)
W ),

4. Simulation Resource Parameters

5. Microgrid Configuration

——— . -
Dispatchable Generation Source ESS Dispatchable Generation Source  Load (Demand)
Maximum output 100 MW Energy capacity 2 MAh
Max charge / 24 MW J
Minimum output 10 MW discharge power P — =
Charge efficiency 0.97 A . . l
Ramp rate 10 MW/h Discharge efficiency 0.97 ‘_. [~ L
SOC range 10% ~ 90% »
G i t 7 KRW/MWh
eneration cost 5,000 e e Fy 17
— —> —>
\\_\7_\ & e 1_7)/
L £ (8 R J

05, Simulation

H Result 1 - Forecast Evaluation

PICP PINAW
. < - PICP
0.881 . 0.145 i i
* 01 In all quantile bands, the actual PICP exceeded the nominal
0.658 012 coverage level
L 06 s o, U 0.094 — indicating that the prediction intervals secured demand
s = 008 coverage beyond the target level
04 006 0.056
i 0.04 . PINAw / PINAD
“ PINAW (efficiency) and PINAD (reliability) exhibit an inverse
Band 80 Eando Pando Bandle0 oand o0 Fond a0 relationship, preventing band selection based on a single metric
PINAD Winkler Score .
» Winkler Score
b gor AR Winkler Score applied as the final criterion by simultaneously
it . A reflecting interval width and deviation penalty
0.01
% 0.008 % - -
e 0.006 - —> Final conclusion
i Band 60, yielding the lowest overall Winkler Score,
oo | 0002 . identified as the optimal forecasting interval satisfying
both economic efficiency and reliability

0 0 B |
Band 80 Band 60 Band 40 Band 80 Band 60 Band 40



05. Simulation

H Result 2 - Variability Control

NUSE(%) (Normalized unserved energy)

Forecast upper bound / NUSE (Average NUSE, %) (NUSE occurred, %) (Average NUSE, %) (NUSE occurred, %)
14 016 040 016
12 014 035 0.14
g = o2 030 012
5 g ‘s 0.7468% 0470 ‘ g 025 010
3 [ e 008 W 020 01777%  g1693%  0.A717% 0.08
2 [ S 06 2
f z 0.06 Z 015 0.06
Forecast lower bound Actugt Demand o 0.04 0.04% 0.10 0.04
02 0.02 - 0.05 0.02
2 010} —— 0.00 - — 0.00 - — — 0.00 ﬂ & 7£
Time (Point Forecast) (Point Forecast) No RH H=12 H=24 No RH H=12 H=24
(QR+RO) (QR+RO) (QR+RO) (QR +RO) (QR+RO) (QR+RO)
N LS P
e Y 4 N\
. Definition « Point Forecast « QR+Robust
Normalized index of annual unserved energy ) . . . .
- Reliance on a single forecast value leading to - Preparation for worst-case scenarios based on
. Formula: insufficient reserve procurement QR forecasting
NUSE(%) = Total unserved energy % 100% - Immediate outage (NUSE) occurrence - Stable supply-demand balance achieved even
Total Demand under forecast errors under actual demand fluctuations
. J - J

05, Simulation

BEFORE (Point Forecast)

In-band Scenario Evaluation

Actual Demand Evaluation

In-band Scenario Evaluation

Actual Demand Evaluation

19

multiple scenario

Each scenario composed solely of the upper (q0.9) and

e Increase in NUSE due to reduced

H Result 3 - Evaluation of Robustness under Scenario-based Testing

A. Rolling-Horizon Effect (Average NUSE, %) B. Ramp-Rate Effect (Average NUSE, %)
|

ramp rates.

W upper bound 030 0.30 A 12 i |
| Scenario demand / | i
* \ /‘ 025 ‘ 0.25 i 0.2346 i
: i o\
&l lower bound ; E 188' % 1: ‘
020 i I ! 0.20
i ! i 0.1857
wf 0.1777% 0.1693 0.1717 | |
w 0.1 w 1
2 E g o1 |
2 3 A
0.10 0.10 0.0984
005 0.05
‘ 0 oL
PRI IR PP EF PP No RH H=12 H=24 10 MW/h 7 MW/h 5MW/h
J e Minimum NUSE at H =12. e Increase in NUSE due to reduced

generator flexibility under lower

generator flexibility under lower
ramp rates.

lower (g0.1) bound values of the forecast interval

— representation of the most extreme demand

N .y . . . . 20
realizations within the predicted range. —> Ramp rate is the dominant factor affecting robustness.



6. Conclusion
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06. Conclusion

B Summary
» Applied quantile regression and robust optimization to handle demand variability and forecast uncertainty in EMS
scheduling. Reserve was secured within the forecast interval, and rolling horizon operation eliminated unserved
energy under uncertain demand.

N Suitable Applications
« Effective for large-scale loads with high demand variability (railway stations, data centers, and EV charging hubs.)

B Limitations
« EMS framework: does not yet include unit commitment(UC) constraints or detailed generator characteristics.
» Simulation: generator and ESS models were simplified, so results may differ from real-system operation.

W Future Work
» Incorporate UC constraints and realistic generator characteristics into the EMS framework.
» Extend the simulation with detailed component models and field-level data for higher fidelity.

22
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