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Background: Power System Operation
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[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.

•Operation goal
Minimum operation cost or maximum operation 
revenue, i.e., optimal operation economics.

Prediction
Model

Optimization
Model

Operation Performance

Prediction Operation Plan

Use machine learning 
models, e.g., neural 

networks [1].

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

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



Background: Open-Loop Idea vs Closed-Loop Idea  
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Prediction
Model

Optimization
Model

Operation
PerformancePrediction

We challenge the traditional OPO framework:

Closed-loop predict-and-optimize[3, 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
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Predict
renewable
availability

Use machine learning 
models to predict available 

renewable power in next day.

Accuracy-driven
prediction

•Operation problem: Unit commitment (UC) in OPO

Operation
costOptimize

real-time
dispatch plan

Solve MILP models to
determine the optimal

real-time dispatch plan.

Optimize
day-ahead

UC plan

Solve a MILP model to determine
the optimal UC plan, i.e., ON/OFF 

state and generation of units.

UC
plan

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



Proposal Recap
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• Training cost-driven prediction model for UC

Cost-driven
prediction

Predict
renewable
availability

Operation
costOptimize

day-ahead
UC plan

Optimize
real-time

dispatch plan

UC
plan

UC cost

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



•Engineering problem: Cascaded hydropower (CHP) 
scheduling

Subsequent Research

10

Real-world case:
Pelton Round Butte System of 
Portland General Electric (PGE)

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



Subsequent Research
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[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.

Mid-Term
Planning[6]

How much water should be 
stored in reservoirs at the 

beginning of day k?

Planning Strategy

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

Short-Term
Operation[7]

How much water should be 
discharged from reservoirs 

during day k?

Operation
Revenue

•Research goal: Assist PGE in improving revenue
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•What is mid-term hydropower planning?

Current Period: Immediate Benefit

…
Week 1

"!,# "!,$
Week #

"!,% "!&'

Future Period: Future Value

…
Week # + 1 Week # + %

&'!,#&( &'!,%&( &'!,%)#*( &'!,%)+*(

An Uncertainty-Aware Mid-Term Planning for 
Cascaded Hydropower
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Operation constraints
(E.g., storage limits)

Remaining decisions (E.g., discharging)

Water inflow predictions

<latexit sha1_base64="E3LmVYuvivNx0yzjw53cdMfho18="></latexit>

max
V cs,⌅

Immediate Benefitz }| {
A(V cs,⌅, Ŵ

cp
)+

Future Valuez }| {
F (V cs, Ŵ

fp
)

s.t. V cs,⌅ 2 X (Ŵ
cp
);

Carryover storage volume𝑽!"



An Uncertainty-Aware Mid-Term Planning for 
Cascaded Hydropower
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•Questions to be addressed
1) How to predict water inflow and capture 

uncertainties associated with these predictions?



An Uncertainty-Aware Mid-Term Planning for 
Cascaded Hydropower
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•Bayesian neural network (BNN) for WI predictions
Output: (T+L)-Dimensional
Deterministic Vector

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

BMDN: Capture epistemic and aleatoric uncertainties.

Parameters 
are distributions.

Deep neural network: Capture not uncertainty.

!"!

!""

!"#$%

⋮

⋮

0.3

0.2

0.6

0.8

0.4

0.1

0.7

0.7

⋮

⋮

Parameters 
are fixed values.

Deep neural network: Cannot capture uncertainty. Bayesian neural network: Can capture 
uncertainties, i.e., uncertainty-aware.



An Uncertainty-Aware Mid-Term Planning for 
Cascaded Hydropower
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•Mid-term planning model with GMM-based WI predictions
<latexit sha1_base64="VvPY/J6h4jainzfuWW6IV1g5mk8="></latexit>
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n = V ⇧

n,T+1, 8n;
P ⇧
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Joint chance constraint
(Under uncertain WI, the 

probability of satisfying the 
storage limit is at least 1 − 𝜖!)

By Boole’s inequality

By affine invariance of GMM 

Deterministic linear 
constraints

By Newton method



An Uncertainty-Aware Mid-Term Planning for 
Cascaded Hydropower

17

•Questions to be addressed
1) How to quantify the future value in an easy-to-

understand and easy-to-use way?



An Uncertainty-Aware Mid-Term Planning for 
Cascaded Hydropower
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•Quantifying model of future value 
<latexit sha1_base64="hq5uyzYW7eZ8lhCqhR6csZ9/STY="></latexit>
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v Ŵ fp

n
L +W i

vn�W o
vn V M

n ,8v 2 {n, N̄n};

W i
vn =

P
m2N̄n

(↵L�vm
P

i2Im
Dmi), 8v 2 {n, N̄n};

W o
vn =↵L�vn

P
i2In

Dni, 8v 2 {n, N̄n};

L�vu =max{0, Ln-dis
v � Ln-dis

u }, 8v, u2 {n, N̄n};

9
>>>>>>=

>>>>>>;

, 8n;

V m
n  V cs,✓

n + Ŵ fp
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<latexit sha1_base64="gQ8yxAMWjE5SUp/0jF7UjWl9epM="></latexit>

max
x,y

c>x+ d>y

s.t. Ax+Ey  b+ FV cs,✓;

x 2 Rp
+, y 2 {0, 1}q;

Carryover 
storage is a 
parameter

Idea: Derive water values.

Water values: Amount of revenue that a 
reservoir can generate with one incremental 
unit of stored water.

Goal: Given a carryover storage volume, 
maximize revenue over the future period.



An Uncertainty-Aware Mid-Term Planning for 
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•Get water values
<latexit sha1_base64="gQ8yxAMWjE5SUp/0jF7UjWl9epM="></latexit>

max
x,y

c>x+ d>y

s.t. Ax+Ey  b+ FV cs,✓;

x 2 Rp
+, y 2 {0, 1}q;

Use a partition-then-extract
algorithm to calculate water 
values

Deterministic linear constraints

“If-then” rules<latexit sha1_base64="jnrkwWWe8g7uPP0U8XGsFGeRq0g="></latexit>
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A two-reservoir example



<latexit sha1_base64="E3LmVYuvivNx0yzjw53cdMfho18="></latexit>

max
V cs,⌅

Immediate Benefitz }| {
A(V cs,⌅, Ŵ

cp
)+

Future Valuez }| {
F (V cs, Ŵ
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)

s.t. V cs,⌅ 2 X (Ŵ
cp
);

An Uncertainty-Aware Mid-Term Planning for 
Cascaded Hydropower (CHP)
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• Final mid-term CHP planning model

BNN

“If-then” rules

• Mixed-integer linear programming
• Solving this model to determine optimal 𝑽!"

Chance constraints



An Uncertainty-Aware Mid-Term Planning for 
Cascaded Hydropower
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•PGE’s Pelton Round Butte System 
Deschutes River

Metolius River

Crooked River

!"!"
RB Reservoir
#!"# = 138260 cfs-day
#!"$ = 107270 cfs-day

PT Reservoir
#%&# = 1494 cfs-day
#%&$ = 532 cfs-day

RB Powerhouse
%#/$ [MW]&#/$ [cfs]Unit

109/15837/6421
130/14604/3402
130/15442/3623

PT-Reregulation
ReservoirPT Powerhouse

%#/$ [MW]&#/$ [cfs]Unit
38/104450/12661
36/104450/12662
36/104346/12933



An Uncertainty-Aware Mid-Term Planning for 
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•Main numerical results
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PGE PracticeThe presented method

Month of 2018

• 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.



An Uncertainty-Aware Mid-Term Planning for 
Cascaded Hydropower
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•Easy-to-understand “if-then” rules



An Uncertainty-Aware Mid-Term Planning for 
Cascaded Hydropower
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•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%
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A DRL-Based Mid-Term Planning for Renewable-
Integrated Cascaded Hydropower
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•PGE’s Pelton
Round Butte
System with
renewable
integration  

Pelton-Reregulation
Reservoir

Deschutes
River

Crooked
River

Metolius
River

Pelton Reservoir
!!"#$%&' 1494 cfs-day
!!"#$%&( 0532 cfs-day

Round Butte Reservoir
!)%*&+	-*$$"' 138260 cfs-day
!)%*&+	-*$$"( 107270 cfs-day

Capacity
Hydro   478 MW
Wind  0500 MW
Solar  1000 MW



A DRL-Based Mid-Term Planning for Renewable-
Integrated Cascaded Hydropower
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•Power-mix of renewable-integrated hydropower
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A DRL-Based Mid-Term Planning for Renewable-
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Planning
StrategyMid-Term Planning Short-Term Operations Market

Revenue

Planning
StrategyMid-Term Planning Short-Term Operations Market

Revenue

Contextual Information

Planning
StrategyMid-Term Planning Short-Term Operations Market

Revenue

Planning
StrategyMid-Term Planning Short-Term Operations Market

Revenue

Contextual Information

•Goal: Improve PGE’s revenue in the context of 
renewable integration via CPO-based planning
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(Carryover Storage or Water Values)

00:00
⋯

Self-Schedule
Day ! − 1

13:00
⋯

%"#$
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Short-Term Operations

A DRL-Based Mid-Term Planning for Renewable-
Integrated Cascaded Hydropower
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• From mid-term planning to short-term operations

<latexit sha1_base64="nAf3qDlHEdiZqNBMDSxdXGFTZTY="></latexit>

min
xRT,yRT

c>xRT + d>yRT

s.t. AxRT +EyRT  b(P sch);

xRT 2 RpRT

+ , yRT 2 {0, 1}q
RT

;

<latexit sha1_base64="nAf3qDlHEdiZqNBMDSxdXGFTZTY="></latexit>

min
xRT,yRT

c>xRT + d>yRT

s.t. AxRT +EyRT  b(P sch);

xRT 2 RpRT

+ , yRT 2 {0, 1}q
RT

;

…

Minimize power deviations

Mid-Term Planning Strategy 𝒂#
(Carryover Storage)

<latexit sha1_base64="L8hRBWh+KmLKiZeOdCwoVQbttAs="></latexit>

max
x,y

g(ak)>x+ h
>
y

s.t. Gx+Hy  l(ak);

x 2 Rp
+, y 2 {0, 1}q;

Maximize revenue



A DRL-Based Mid-Term Planning for Renewable-
Integrated Cascaded Hydropower
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•Deep reinforcement learning-based framework
𝒂: Mid-term planning strategy
𝒔: State vector 
𝜋!: Mid-term planning policy 
ℛ: Reward (market revenue) 
𝝀: Electricity price
𝑷"#$#%.: Renewable power
𝑷'(): Self-scheduling plan
𝑽*$*: Initial storage 
(𝑽#$+),-)+./: End-of-day storageℛ(#, %)

#
Environment Mimicking

Scheduling Timeline 

'(!"#"$., )&#&

Policy Updating

'*!"#"$., )&#&

Updating
Algorithm )*"#'()*('+,

Electricity
Market

%

%~,-(- |#)

Mid-Term
Planning

Solve Self-
Scheduling Model

Updated /

'./0

Solve RT Operation Model

00:00
⋯

00:05 00:10 23:55

0



A DRL-Based Mid-Term Planning for Renewable-
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•Questions to be addressed
1) How to make the training process computationally 

affordable?

Each step solves 288 RT models
Each step takes about 3 minutes
Need 100,000+ training steps

ℛ(#, %)

#
Environment Mimicking

Scheduling Timeline 

'(!"#"$., )&#&

Policy Updating

'*!"#"$., )&#&

Updating
Algorithm )*"#'()*('+,

Electricity
Market

%

%~,-(- |#)

Mid-Term
Planning

Solve Self-
Scheduling Model

Updated /

'./0

Solve RT Operation Model

00:00
⋯

00:05 00:10 23:55

0
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• Training process accelerating via multi-parametric 
programming

<latexit sha1_base64="OCNiIjRIX1WOt+qVBqwibG09cX8="></latexit>

v?(#) = min
xRT,yRT

c>xRT + d>yRT

s.t. AxRT +EyRT  F#+ b;
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RT
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# 2 ⇥, # 2 R2+3N
+ ;
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•Questions to be addressed
2) How can reservoir storage be ensured that it is 

always ready for upcoming seasons?
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•Expertise-based mechanism
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•PGE’s Pelton
Round Butte
System with
renewable
integration  

Pelton-Reregulation
Reservoir

Deschutes
River

Crooked
River

Metolius
River

Pelton Reservoir
!!"#$%&' 1494 cfs-day
!!"#$%&( 0532 cfs-day

Round Butte Reservoir
!)%*&+	-*$$"' 138260 cfs-day
!)%*&+	-*$$"( 107270 cfs-day

Capacity
Hydro   478 MW
Wind  0500 MW
Solar  1000 MW
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•Comparison to PGE’s practice (2023 water year)
• Not “crashes” 

(always be ready for 
the upcoming 
seasons)
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•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% ($2.5×106)
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1. Closed-loop predict-and-optimize (CPO) is an idea 
against open-loop predict-then-optimize
 

2. CPO-based prediction model for unit commitment: 
Lower operating cost

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