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Objective

{ Critical Regional Asset: Supplies water, irrigation i i cred""hnps://c7y°'egUICh'blogzoz3/0F " e et
. ’ o Resenors m
(San Juan Basin), flood control, hydropower, and (@)Mmm | |
. Majorcities using CRB water 4
recreation across NM & CO. e
~— Rivers
I Waterbodies

“_ Manual Rule-Based Decisions: Operators follow [ s
pre-defined rule curves, which lack flexibility during

extreme events.

~ Uncertainty in Hydrologic Conditions: Inflow is
influenced by snowmelt, rainfall, and upstream
conditions — making precise planning difficult.

Calfornia

Cokrado River

11 Balancing Conflicting Demands: Must
simultaneously manage flood control, water supply,
ecology, and recreation — often with trade-offs.

\_ Risk of Sub-Optimal Operations: Static or
reactive decisions can lead to overflow, low storage,
or failure to meet downstream needs.

Is reinforcement learning a viable tool for delivering realistic, data-guided,
optimal solutions and exploring alternative management strategies?

‘@ Los Alamos 2/24/2026 2
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Why Reinforcement Learning??

“Z RL enables adaptive control: Learns
optimal release strategies through
interaction, improving resilience and
efficiency.

€ Scalable framework: RL can
generalize to similar reservoir systems
under changing climate and hydrologic
conditions.

Proven effective: RL has been
crucial to a number of cutting-edge
technologies

1% Los Alamos
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Deep Reinforcement Learning (DRL) for Reservoir Control

¢ Virtual Environment

+ Simulates water release management for Navajo Reservoir Agent o Y‘)
« Captures reservoir dynamics: inflow, storage, evaporation, State (St) @ Action
and releases J (water release)

Agent adapts to real-

* Includes the management objectives Reward tiviachirgis

;| State (Observation Space) (Rt)
« Storage: Current volume of water in the reservoir / Virtual Environment \
* Evaporation: Estimated water loss due to evaporation Objectives 1 Physical Env

* Inflow: Daily inflow into the reservoir s [l
s

* Action: Determines daily water release based on observed '
state )
* Objective: Maximize efficiency while satisfying operational
constraints

* Algorithm: Proximal Policy Optimization (PPQ) for stable
learning

t+1

¢'q Los Alamos
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Physical Environment- Streamflow Model

* LSTM model to estimate streamflow was trained with the following data:
* precipitation, wind speed, max temp., min temp.
* snow water equivalent, soil moisture c_ @

* LSTM models outperform process-based models in modeling streamflow in

t-1
ungauged basins utilizing remote sensed data . ©
mt
Training Fine Tuning Testing- Reservoir Inflow
Basins + gages = Qbserved streamfiow
@ Los Pinos Predicted streamflow
@ Spring Creek N
@ Piedra River
@ San Juan River §#
@ ungaged 1 E 3
£
A
)
2
o
| )M
0
0.km | 1 210

"Q Los Alamos 21242026 5
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Physical Environment- Evaporation Model

®

LSTM model to estimate evaporation was trained
using 11 nearby reservoirs with the following data:

Evaporation (Millien cubic meters per day)

In-situ measurements — storage volume,
elevation, total release, input flow

ERAS5 meteorological inputs — median
temperature, mean wind speed, total
precipitation

Navajo Reservoir -Test NSE 0.971 - RMSE 0.009 - KGE 0.908

- QObserved Evaporation
Predicted Evaporation

0.200 A
0.175 A
0.150 A

0.125 A “

0.100 ‘ ‘
0.075 A
0.050 - \J \]f;

0.025 A

(MCM)
(MCM)

2019 2020 2021 2022 2023 2024

Los Alamos
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Agent - Proximal Policy Optimization (PPO)

Why PPO for Navajo Reservoir?

« Handles continuous action space:
realistic release decisions

« Takes all relevant inputs (inflow, storage,

evaporation, forecasts) to provide
adaptive and data-driven control

* Learns anticipatory release patterns,
balancing short-term demands and
long-term reservoir health

Q'Q Los Alamos
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Inflow

/__Reservoir —\

Reward

Storage

Evaporation

>

Release

State (S,)

PPO Agent )

Policy(Actor) Network
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State (S,)

Reward Functions to Achieve Objectives e [

, —m————— -_ - \ ER”‘
f Reward Function: N
. . . +1 if the storage within the | e =
How to best-design reward functions in an RL context? : desired range else-1 | s

1 l
VBl | ) |
| = l
1 - —, |

{ T T == === N I ° ; storage (ac-ft x1170:2)\ I

I Objective: l \ Min storage level Maxstorageleil

| Release water while maintain : Se—————- -

| the storage with min and max :

.. - = = = = == ~
| storage limits ) f Reward Function: \
D U - [ +1 if the storage equal to |
| target else less than 1 [
. |
- :
R (R

1 & |/ | '
o[ | :
I ° ’5 storage (ac-ft x117036)'\ I
| Min storage level I Max storage level l

> Target Storage /
(9 Los Alamos \
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A Simple Objective

Reward :
* Min-max limits with maximum reward for the midpoint of the limits

146 Predicted vs Actual Storage Predicted vs Actual Release

______________________________________________ —— Actual Storage(af)
Predicted Storage (af)
1.6 1 —==- Min Storage Limit 500000 AF r

10000 A — Actual Release (af)
Predicted Release (af)

—=—=- Max Storage Limit 1731750 AF
8000 -

=
»
s

6000

Storage (af)
=
'Release (af)

% 1.0 4000 -
0.8
2000 A J
t '.l VM\A }' o] “'"\\,. J V\- f L-*

0.6 1 = W LA Bl iy ,Uuh\_‘_j - W

______________________________________________________________________ 0_
6 560 IObO lSIOO 20I00 25|00 30IOO 6 5(;0 10I00 1SI00 ZOIOO 25'00 30‘00
Days Days
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Effect of Reward Function Design

166 Predicted vs Actual Storage
______________________________________________ —— Actual Storage(af)
Predicted Storage (af)
1.6 ——- Min Storage Limit 500000 AF
—=—=- Max Storage Limit 1731750 AF
144
[rey
©
S—
@ 1.2 4
o
©
-
Q. 104
]
(7))
0.8 4
0.6

®

o= EEm Emm Emm

/ Reward Function: \
| +1if the storage within the
desired range else -1

reward
o
i

173

5
, storage (ac-ft x 10%) \

Min storage level

I
| I
' |
' I
' I
| I

Max storage level

Los Alamos N /
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Storage (af)

48 Predicted vs Actual Storage
______________________________________________ — Actual Storage(af)
Predicted Storage (af)
1.6 4 =-== Min Storage Limit 500000 AF
=== Max Storage Limit 1731750 AF
1.4 1
124
A

1.0
0.8
0.6 4

Reward Function: N
+1 if the storage equal to
target else less than 1

5 17.3,
f storage (ac-ft x IO")‘\

gm— o o Em Em Em oE—
reward

Max storage level

\ Target Storage /

Min storage level ]




Enforcing Smoothness

Reward :
*  Min-max limits with maximum reward for the midpoint of the limits

* Penalty for abrupt release
106 Predicted vs Actual Storage Predicted vs Actual Release
______________________________________________ —— Actual Storage(af) 10000 4 — Actual Release (af)
Predicted Storage (af) Predicted Release (af)
1.6 4 ~== Min Storage Limit 500000 AF '
-=-=- Max Storage Limit 1731750 AF
8000
1.4 f
T u 5
~ \ & 6000
D 124 1
<) AN )
©
g U K]
a 1.0 &, 4000 4
|
0.8 4
2000 4 l
0.6 - \H,- = - v .
______________________________________________________________________ 0 -4
0 500 1000 1500 2000 2500 3000 0 500 1000 1500 2000 2500 3000
Days Days
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Quantifying Smoothness

. YN P,
Smoothness Metric =1 — ————
ZN—I P

Predicted vs Actual Release

10000 4 —— Actual Release (af)
Predicted Release (af)
8000 ’

6000 4

Release (af)

_f
o

-

- Uil

1000 1500 2000 2500 3000

Days

Smoothness Metric : 0.5308

1% Los Alamos

NATIONAL LABORATORY

Where:

P, represents the energy at each frequency component
K. is the cut-off frequency index

S € [0.1], where higher S indicates smoother release

Predicted vs Actual Release

10000 1 — Actual Release (af)
' Predicted Release (af)

8000 1

6000

Release (af)

T ﬂ-L\rvL*LJJ Itk

o 500 1000 1500 2000 2500 3000

" Days

Smoothness Metric : 0.7762




Stress Testing

Test 1: Initial storage 50 percent below/above
the minimum/maximum storage limit

®

Storage (af)

188 Predicted vs Actual Storage
2,007 —— Actual Storage(af)
Predicted Storage (af)
io L e | ——") ST N SR —— Predicted Storage (af)
—== Min Storage Limit 500000 AF
—== Max Storage Limit 1731750 AF
1.50 1
1.25 4
1.00 4
0.75
0,50 = = == =
0.25
0 500 1000 1500 2000 2500 3000
Days
Los Alamos
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Release (af)

Release (af)

10000 -

8000 1

6000

2000 4

10000

8000

6000

2000

Predicted vs Actual Release

— Actual Release (af)
Predicted Release (af)

i

0 500 1000 1500 2000 2500 3000

Days
Release Pattern- 50% Below Min Storage

Predicted vs Actual Release

—— Actual Release (af)
Predicted Release (af)

I

\r‘ LKJ‘J'\"\MW LI—L"J’\\«-/MF\J«UJMNJ L‘LJ

o 500 1000 diaogs 2000 2500
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Stress Testing

Test 2: Scaling inflows by 25%, 50%, and 90% (less available water into system)

le6 Predicted vs Actual Storage Legend
2.00 1 —-== Actual Storage (af)
—--=- Predicted Storage (af)
—— Predicted Storage (af) - 50% above
175 4 —— Predicted Storage (af) - 50% below
—— Predicted Storage (af) - Stress Test 25%
—— Predicted Storage (af) - Stress Test 50%
1.50 7 —— Predicted Storage (af) - Stress Test 95%
—-== Min Storage Limit 500000 AF
-=-=- Max Storage Limit 1731750 AF
— 1.25 A
LT
S
N
)
© 1.00 A
S
a Zoomed-in View (First 500 Steps)
0.75 A e
0.50 -
0.25 A
0 100 200 300 400 500

g 0 560 1 15I00 20I00 25I00 30;30
1% Los Alamos Days
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Multi-Action PPO Agent

Single A—ge;'( — Continuous Multi-Output Control

Agriculture / NIIP Release

Navajo Indian Irrigation Project

State Inputs to PPO: | :

» Storage

* Inflow

» Evaporation
* Day of Year




PPO Test Data Performance — Multi-Objective Reservoir Control

1e6 Predicted vs Actual Storage
______________________________________________ —— Actual Storage(af)
Predicted Storage (af)
1.6 4 —== Min Storage Limit 500000 AF
——- Max Storage Limit 1731750 AF
144
& 121 \
(V) \
& A
S
“ 1.0 4
0.8 4
0.6
0 500 1000 1500 2000 2500 3000
Timestep
S
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PPO Test Data Performance — Multi-Objective Reservoir Control

1e6 Actual Storage vs Predicted Storage - Seasonal Distribution
1.4 1 — Actual Storage Median
Actual Storage IQR
—— Predicted Storage Median
Predicted Storage IQR
13
12
5
o
o
]
s 114
2
&
1.0
0.9 1

0 50 100 150 200 250 300
Day of Year

Release (af)
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Conclusions & Future Work
PPO Agent able to comply with basic

constraints; flexible to multi-objectives, and
resilient against out-of-sample stress tests

State (S,)

The framework
shows promise,
providing smooth

Agent adapts to real-
time changes

Reward
(R)

f Virtual Environment

bjecti Physical Env.
and stable storage A
. B! N ko x
outcomes with = K ]
flexibility to expand s R
L3
I
1"y

Objectives’ functional forms
impact control in intuitive ways

—~
1@ Los Alamos

Validated LSTM models for inflow
and evaporation, allowing
experimentation with alternative
weather scenarios

~ Next Steps
 Using forecasts to guide decision making
 Alternative weather scenarios (extreme
drought and flooding)
* More complicated objective sets:
» Honoring Endangered Species Act
(release restrictions)
* Hydropower generation
» Water supply (municipal, agricultural, and
water treaties.
* Recreational constraints
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