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Background: Power System Operation

* Open-loop predict-then-optimize (OPO) process

Model J Model

Use machine learning
models, e.g., neural
networks [1].

Solve operation models, e.g., mixed-
integer linear programming (MILP) [2].

* Operation goal
Minimum operation cost or maximum operation
revenue, I.e., optimal operation economics.

[1]. S. Fang and H. -D. Chiang, "A High-Accuracy Wind Power Forecasting Model," in IEEE Transactions on Power Systems, 2017.
[2]. L. Wu, M. Shahidehpour and T. Li, "Stochastic Security-Constrained Unit Commitment," in IEEE Transactions on Power Systems, 2007.

* STEVENS INSTITUTE of TECHNOLOGY



Background: Open-Loop Idea vs Closed-Loop Idea

We challenge the traditional OPO framework:

Prediction ] prediction Optimization Operation _

! Model J Model Performance !
: |
|

Closed-loop predict-and-optimizel3 4 (CPO) idea:
To improve operation performance, the prediction model
should consider its impact on the operation performance.

[3]. A. N. Elmachtoub, P. Grigas, "Smart “Predict, then Optimize”," in Management Science, 2022.
[4]. G. Y. Ban, C. Rudin, "The Big Data Newsvendor: Practical Insights from Machine Learning," in Operations Research, 2018.
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Proposal Recap

o Operatlon problem: Unit commltment (UC) in OPO

./, o PN /
3 Accuracy-driven ﬂ/:l uc ‘
. prediction plan J Operation
=

> * >

Predict Optimize Optimize cost
renewable day-ahead real-time
availability UC plan dispatch plan
\_ J \ J . J
Use machine learning Solve a MILP model to determine Solve MILP models to
models to predict available the optimal UC plan, i.e., ON/OFF determine the optimal
renewable power in next day. state and generation of units. real-time dispatch plan.

* Proposal goal: Reduce operation cost
* Research gap: Few CPO methods for MILP problems

* STEVENS INSTITUTE of TECHNOLOGY



Proposal Recap

r

.

Predict
renewable
availability

~

Cost-driven
prediction

* Key methodologies

D RPN ©

g

Optimize
day-ahead
UC plan

UucC
plan

* Training cost-driven prediction model for UC

,\

Optimize
real-time

dispatch plan

= Operation
cost

1) Empirical risk minimization and bilevel programming
2) Lagrangian decomposition and parallel computing

* STEVENS INSTITUTE of TECHNOLOGY



Subsequent Research

* Engineering problem: Cascaded hydropower (CHP)
scheduling

¢

Real-world case:

Pelton Round Butte System of
Portland General Electric (PGE)

\ T <
P NI
§ N N - ]
, e S
a™ o - }
2 g ! N
> =
N -t :
Y .
A }

*PGE is a Fortune 1000 energy company in Portland, OR

4 STEVENS INSTITUTE of TECHNOLOGY 10



Subsequent Research

* Open-loop relationship between mid-term
planning and short-term operations

4 ) - oS 4 )
. annin trate .
Mid-Term & gy R Short-Term Operation
Planningt®l Operation!”] Revenue
- / - /
How much water should be How much water should be
stored in reservoirs at the discharged from reservoirs
beginning of day k? during day k?

* Research goal: Assist PGE in improving revenue

[6]. A. Helseth, M. Fodstad and B. Mo, "Optimal Medium-Term Hydropower Scheduling Considering Energy and Reserve Capacity Markets,"
in IEEE Transactions on Sustainable Energy, 2016.
[7]. A. Helseth, S. Jaehnert and A. L. Diniz, "Convex Relaxations of the Short-Term Hydrothermal Scheduling Problem," in IEEE Transactions

on Power Systems, 2021.
4 STEVENS INSTITUTE of TECHNOLOGY 11
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An Uncertainty-Aware Mid-Term Planning for
Cascaded Hydropower

* What is mid-term hydropower planning?

s VCS '—> Carryover storage volume

- e o
! l l I

Week 1 ' ' Week T Week T + 1 Week T + L
L J \ ]
Current Period: Immediate Benefit Future Period: Future Value
Immediate Benefit Future Value
AL _/\

~

————————————

max A(V, 2,0 ) +F(VCS W j—» Water inflow predictions

Vcs —_ ‘--l ----- T

E.g., st limit
Remaining decisions (E.g., discharging) (E.g., storage limits)

* STEVENS INSTITUTE of TECHNOLOGY
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An Uncertainty-Aware Mid-Term Planning for
Cascaded Hydropower
* Questions to be addressed

1) How to predict water inflow and capture
uncertainties associated with these predictions?

14



An Uncertainty-Aware Mid-Term Planning for

Cascaded Hydropower

* Bayesian neural network (BNN) for WI predictions

Output: (T+L)-Dimensional

0.3 0.4 Deterministic Vector
O 0w
0.2 0.1 :
W
0.6 0.7 :
¢ o .
0.8 0.7
| Parameters

are fixed values.

Deep neural network: Cannot capture uncertainty.

* STEVENS INSTITUTE of TECHNOLOGY

¢

N

P

Output: (T+L)-Dimensional
Gaussian mixture model (GMM)

-

Lo

o

Parameters
are distributions.

Bayesian neural network: Can capture
uncertainties, i.e., uncertainty-aware.
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An Uncertainty-Aware Mid-Term Planning for
Cascaded Hydropower

* Mid-term planning model with GMM-based WI predictions

tmmediate Beneflt Fufurs Value ) Joint chance constraint
O CS ' °
max S S S AP H V) _ (Under uncertain WI, the
Wher__e_:_ _:_{_lzn_@tj_rizy_ pﬁtl‘éz_t?_‘fi |_M_/T£Atl__} ________________ prObabiI‘ity Of SatiSfying the

s.t. 'IP’{ nli%ﬂgmwfniiﬁg i K"f’zs; }z 1—¢, ' storage limit islat least 1 — ¢;)
! 1 =1 ’ 5 [

Wit = Xmen, Ciez, ann,z’,t—é +55.-5) By Boole’s inequality

- ZieIn oDy — Spes Spa vn, Vt; . :
Ve Ly = Ve, 4 S (Wep WA) Vi,V By affine mvaglance of GMM
vm < V:t <V,h Vn, Vt; By Newton method
Vo = V7;>T+17 vn; \l/
Py = PRP (D5 1) Iy € 0,1}, Vi, Vi, Vt; Deterministic linear
puyo < Po, < PMI . DRI <D < DML .. Vn, ViVt; constraints

4 STEVENS INSTITUTE of TECHNOLOGY 16



An Uncertainty-Aware Mid-Term Planning for
Cascaded Hydropower
* Questions to be addressed

1) How to quantify the future value in an easy-to-
understand and easy-to-use way?

17



An Uncertainty-Aware Mid-Term Planning for
Cascaded Hydropower

* Quantifying model of future value

max ¢' x + dTy

disp . ws .y Carryover
mngnEN Zz’EIn AL, Py ZnGN C7Sn :> st. Az + Ey < b+ 1;1‘/cs,9,_> Storage is a
where ¥ = {L¥4/ds 1A D § p 1, WA/} o . ¥= . ’ Arameter
s.t. L%—dis + LglLis — L, L?L—dis Z 0’ Lgis Z 0’ \V/TL; T c R+7 y S {07 1} ) p
( n-disyi/fp . _ )
Vi <Pl IOy g, < VML Vo e {n, Ny :
< Wi =3 (L5 Yy Do), e (n N, ) o Goa!. leen a carryover;;co;a%e volurr.weél
) n;
Wo, —ald Sy Do o (n N maximize revenue over the future period.
\qu = max{0, Lg‘dis — Lg’dis}, Vv, u € {n,./\_/‘n};)
v < e W L WA LY S, - S, v, ldea: Derive water values.
VM >l L W+ WE +3 5 Sm — Sn, Vn;
A dis N dis ) .
Wit = 2men, (L’ Xier,, Dmi) — Ly 3 iez, Dnis Sn 20, Vni \Water values: Amount of revenue that a
. — pRtP . . . .. . . .
Pri =P (Dniy Ini), Ini € 10,1}, ¥n. ¥ reservoir can generate with one incremental
mrp . . My . m7r . Mr . ;. .
Pnijnz < P, < anj-[nza DnzInz < Dp; < Dnilnza VTL,VZ, unrt Of S‘tored Watel’.

4 STEVENS INSTITUTE of TECHNOLOGY 18



An Uncertainty-Aware Mid-Term Planning for
CascadEd Hydropower A two-reservoir example
- Get water values .| o]

max ¢ ' & + dTy

T,y

st. Ae + Ey < b+ FVCS’Q;
VZCS -

r € R, ye{0,1}% f 7

Use a partition-then-extract
algorithm to calculate water
values e vpin |

min Max
Vi Vi

CS
Vi

If'then I’UleS ( T Vlcs _ Vlmin if Ve e V?R

if Ve e Vg’
if Ve e VPR
if Vo e V§R
if Ve e YR

(
Al '
Deterministic linear constraints = F(VE) =< m (Vi —vme
(
(

N— N N N
+
3
A
[\
AN N TN N N
o
wn
|
<
\}
2
o
N e N N N
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An Uncertainty-Aware Mid-Term Planning for
Cascaded Hydropower (CHP)

* Final mid-term CHP planning model

Immediate Benefit _P_‘}l_t_g_r_e__\_/_a:lg_e_l'ﬁ ‘If-then” rules
cs — xa Cpi cs ltx fp\:\ X
e AV, = W) 4 FVe W e
CS,E ---|---a \ o ____.

______________________________

. Mlxed-lnteger linear programming
» Solving this model to determine optimal V'

ENS INSTITUTE of TECHNOLOGY 20



An Uncertainty-Aware Mid-Term Planning for
Cascaded Hydropower

* PGE’s Pelton Round Butte System

Deschutes River

Metolius River

RB Reservoir
VL = 138260 cfs-day
VRs = 107270 cfs-day

RB Powerhouse
Unit H™/™ [cfs] PM/™ [MW]
1 5837/642  109/1

2 4604/340 130/1
3 5442/362 130/1

PT Reservoir
VL = 1494 cfs-day

Vot = 532 cfs-day

PT Powerhouse
Unit H™™ [cfs] PM/™ [MW]
1 4450/1266 38/10

2 4450/1266 36/10
3 4346/1293 36/10

Reservoir

PT-Reregulation W

4 STEVENS INSTITUTE of TECHNOLOGY



An Uncertainty-Aware Mid-Term Planning for
Cascaded Hydropower

« Main numerical results

The presented method -0-® PGE Practice

15

Monthly Total
Generation/10*MWh

Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sept. Oct. Nov. Dec.

9 D\D\D\D\H\G_H/D—-—”/D:
ST IO OO0 OO0 0 I 0 Y O

Month of 2018

* STEVENS INSTITUTE of TECHNOLOGY
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* The annual

generation is
9.21% higher than
PGE’s practice.

The carryover
storage is slightly
lower than PGE’s
practice. No
violations of
operation

constraints.
22



An Uncertainty-Aware Mid-Term Planning for
Cascaded Hydropower

» Easy-to-understand “if-then” rules

5 o , Point B ; \ PointC :
1494 - * 1 X 133170 cfs-day il I TP . 1 X 138260 cfs-day :
> Ve T, = [1-08 ' Y1494 cfs-day ' Y1494 cfs-day
b 036 4 | Z30097 MWh | | Z30097 MWh !
o B (DR R e 1
= o
o 1.08] =
5 K& T2 = [0.36] = 4
S S Y7 Surface is steeper
s D after entering V<R
; e =l 2 ’
g >
£ o
£ 0.96
8 VER P =[5 :g_ s
s : : 7 0 MU Downhitl-transition..;
1.0727 1.3826 1494 CR 45 pCR 1T |
from V3® to V5. -
Carryover Storage of RB/105cfs-day 1.3826
1.3300
1.2793
1.2277
1.1760
532 1.0727 Carryover Storage of RB/105cfs-day

4 STEVENS INSTITUTE of TECHNOLOGY 3



An Uncertainty-Aware Mid-Term Planning for
Cascaded Hydropower

e Summary

1) Target improving total generation by enhancing mid-term
planning strategies

2) BNN-based water inflow predictor

3) Chance constraints for the current period
4) “If-then” rules to quantify the future value
5) Outperform PGE’s practice by 9.21%

EEEEE S INSTITUTE of TECHNOLOGY
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A DRL-Based Mid-Term Planning for Renewable-
Integrated Cascaded Hydropower

* PGE’s Pelton
Round Butte _«
System with
renewable 0
integration SR\ .

Capacity
Hydro 478 MW
Wind 500 MW

VM nd Butte 138260 cfs-day
Ve und Butte 107270 cfs-day

Pelton Reservoir
Vol icon 1494 cfs-day

Voelton 532 cfs-day

Round Butte Reservoir 1

Pelton-Reregulation
Reservoir

Solar 1000 MW

4 STEVENS INSTITUTE of TECHNOLOGY
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A DRL-Based Mid-Term Planning for Renewable-
Integrated Cascaded Hydropower

* Power-mix of renewable-integrated hydropower

100

Renewable Power Hydropower

2999997779797 7

Delivered
Power/ MW
(0]

o

o

t:00 t:05 t:10 t:15 t:20 t:25 t:30 t:35 t:40 t:45 t:50 t:55
Sub-Hourly Intervalin Hour t

27



A DRL-Based Mid-Term Planning for Renewable-
Integrated Cascaded Hydropower

* Goal: Improve PGE’s revenue in the context of
renewable integration via CPO-based planning

Planning
Strategy

;->[ Mid-Term Planning

~)[ Short-Term Operations >

Market ~
Revenue 1

——————————————————————————————————————————————————————

* STEVEN S INSTITUTE of TECHNOLOGY
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A DRL-Based Mid-Term Planning for Renewable-
Integrated Cascaded Hydropower

* From mid-term planning to short-term operations

Short-Term Operations
|

Mid-Term Planning Strategy a;

(Carryover Storage) ' :’ gelf—é?:ﬂé&ﬂfe: ‘
——Dayk - 1——]
O—-- /6 O
00:00 13:00 _ l _ OOiOO Real-Time Operation |
I
max g(az) Tz +h'y L S— Dayk ————— _
Y L —>&— I 001 —O—SI 002 —O— - ——5S1 288 — !
s.t. Gz + Hy < l(ag);  00:00 00:05 00:10  23:55 00:00 '
xcR ,yc{o, 1}, . TN Tt
+ Y €10, 1} min _c¢'zfT +d ' yRT % min ¢’ BT 4 d yRT
RT yRT @RT yRT
Maximize revenue st. Azt 4 EyRT < b(P5M): ... st AzRT 4+ EyRT < p(P5);
A= Rﬁm, y* € {0, 1}qRT; 0 A= RﬂRT, y*T € {0, 1}qRT;

Minimize power deviations

4 STEVENS INSTITUTE of TECHNOLOGY 29



A DRL-Based Mid-Term Planning for Renewable-
Integrated Cascaded Hydropower

* Deep reinforcement learning-based framework

Policy Updating ‘ 2 Electricity  Environment Mimicking a: Mid-term plan ning Strategy

Market . . .
I /""epsch Q‘*d”"”g fimeline g State vector
(" Mid-Term ) mg:. Mid-term planning polic
@D EY R T R: Reward (market revenue)
) Scheduling Model s s A: Electricity price
a~Tmg( |S
—T— o . preteY-: Renewable power
Updalted 9 _ij eeeee : pini {GE/ ij eeeee ) pyini h °
sch. _ :
[ Updgtmg] L ioran P. | : Self-scheduling plan
Aleorhm Vini: Initial storage
T R(s, a)

yend—of—day. pnd-of-day storage

4 STEVENS INSTITUTE of TECHNOLOGY 30



A DRL-Based Mid-Term Planning for Renewable-
Integrated Cascaded Hydropower

* Questions to be addressed
1) How to make the training process computationally

affordable?
Polley Updating_ ———3 —[enle™  Epvonmen e Each step solves 288 RT model
ves models
| P ach step so
& GUROBI & GURoBI —> Each step takes about 3 minutes
Solve Self- Solve RT Operation Model L.

Scheduling Mode! T Need 100,000+ training steps

_ﬁre w. i /P\G}/ 1’5 eeeee pini
| V ddddddddd —

R(s, a)

* STEVENS INSTITUTE of TECHNOLOGY
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A DRL-Based Mid-Term Planning for Renewable-
Integrated Cascaded Hydropower

* Training process accelerating via multi-parametric

programming

min ¢ BT + dTyRT
ZRT yRT

s.t. Azt + EyRT < F9 + b;
A Rﬂm, y* € {0, 1}qRT;
9 € 0,9 e RPN

v* () =

2R — ANSTIFASY 4 AN if 9 € OFR;

2R = ARSTIRAS9 + ARSI if 9 € O

* STEVENS INSTITUTE of TECHNOLOGY

Y
p—

9
=

min ¢ xR + dTyRT
ZRT yRT

s.t. Az + EyRT < F9 + b;
B e Rﬂm, y*T € {0, 1}qRT;
9 € 0,9 c RPN,
About 3 minutes per step

iI

About 2 seconds per step

2R — AMTIFASY 4 AN if 9 e OFR;

v () =

2R = ARSTIRAS9 + ARSI if 9 € O

Y
P

9
=

min ¢ BT + dTyRT
ZRT yRT

s.t. Azt + EyRT < F9 + b;
2T e RﬁRT, y*T € {0, 1}qRT;
9 € 0,9 c RPN,

v () =

2R — APSTIRRS9 4 AN IS if 9 € OFR,

2R — ANSTIFASY 4+ AN TS it 9 € OFK:;

32



A DRL-Based Mid-Term Planning for Renewable-

Integrated Cascaded Hydropower
* Questions to be addressed

2) How can reservoir storage be ensured that it is

always ready for upcoming seasons?

s U B d.vExpertise
8"0-8 7 pper bound:

Lower Bound: KEXpertise

-
o

u

o
o

o
N

Reservoir Storage
o
N

o
o

Oct. Nov. Dec. Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep.
2021 2021 2021 2022 2022 2022 2022 2022 2022 2022 2022 2022

* STEVENS INSTITUTE of TECHNOLOGY

Range Suggested
by PGE’s Expertise

Drier Season

Transition Season

Wetter Season
33



A DRL-Based Mid-Term Planning for Renewable-
Integrated Cascaded Hydropower

* Expertise-based mechanism

The game Space Impact 10 __
I': I =" : W
'-.__J-.l_l.' "-_'_-.-_.-'l,.___._ S o0 |
06 |
)
% 0-4 V
50.2 [ Lower Bound: KEXpertise
0.0

Oct. Nov. Dec. Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep.
2021 2021 2021 2022 2022 2022 2022 2022 2022 2022 2022 2022

}E’ —Expertise

Avoid crashes into the ceiling (V )

"-_-:',.-"3.-'-'-,':::._.-'_'.'-'-., ."-"-' and floor (VEXPertise) of the tunnel

*Image source: https://giphy.com/

* STEVENS INSTITUTE of TECHNOLOGY
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A DRL-Based Mid-Term Planning for Renewable-
Integrated Cascaded Hydropower

* PGE’s Pelton
Round Butte _«
System with
renewable 0
integration SR\ .

Capacity
Hydro 478 MW
Wind 500 MW

VM nd Butte 138260 cfs-day
Ve und Butte 107270 cfs-day

Pelton Reservoir
Vol icon 1494 cfs-day

Voelton 532 cfs-day

Round Butte Reservoir 1

Pelton-Reregulation
Reservoir

Solar 1000 MW

4 STEVENS INSTITUTE of TECHNOLOGY
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A DRL-Based Mid-Term Planning for Renewable-
Integrated Cascaded Hydropower

- Comparison to PGE’s practice (2023 water year)

* Not “crashes”
(always be ready for
the upcoming
seasons)

-
o

o
o

o
o

A
\
,\JN \’
! Se

Ours V! N '_,“..,-,‘v-_\Range Suggested
NP DAL NN bQ\EGE’s Expertise

o
IN

o
N
o
@
m

Actual End-of-Day Storage/p.
o
=

Oct. Nov. Dec. Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep.
2022 2022 2022 2023 2023 2023 2023 2023 2023 2023 2023 2023

m Net Revenue/$10° * Improvement of

Presented Method 325.8 0.8% ($2.5x10°)

PGE’s Practice 323.3

4 STEVENS INSTITUTE of TECHNOLOGY 36



DRL-Based Mid-Term Planning for Renewable-
Integrated Self-Scheduling Cascaded Hydropower

e Summary

1) Target improving revenue by enhancing mid-term planning
strategies

2) Mid-term planning and short-term operations are
Integrated in a closed-loop manner via DRL

3) Expertise-based mechanism for ensuring seasonal
adaptivity

4) Multi-parametric programming for accelerating training

5) Annual revenue improvement of 0.8% ($2.5x1069)

* STEVEN S INSTITUTE of TECHNOLOGY
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Summary

1. Closed-loop prec

ict-and-optimize (CPO) is an idea

against open-loo

2. CPO-based predi

0 predict-then-optimize

ction model for unit commitment:

Lower operating cost

3. CPO-based mid-term planning approaches for
cascaded hydropower: Higher operating revenue

4 STEVENS INSTITUTE o f TECHNOLOGY
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Presentations

« CPO for UC
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* CPO for CHP scheduling
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