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Overview

1 Overarching goal

Forecast streamflow up to 9 months
(Jan.-Sep.)

1 Why long-range streamflow

forecasting matters?

» Water year typing

» Water allocation

» Reservoir operations
» Drought preparedness

] Challenges

Uncertainty/inter-annual hydrologic variabilities




Methodology
 Study location

Feather River at Lake Oroville

 Study data

Monthly precipitation (Prcp), temperature (Temp), vapor pressure
deficit (VPD), and streamflow (F)

 Study period —
an. — oep.
Water year 1922-2021 (100-year) (Accumulatzd)

 Study models

Statistical model (benchmark)

Monthly
Long-Short Term Memory (LSTM) (Jan.-Sep.)




Methodology: Vanilla LSTM
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Methodology: Customized LSTM
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- PC1, is the first principal component of [1}, V{] « Ay = 0.3¢( monthly loss weight)
« 1y is the month number (1-12) at time £ . . e
: = « A, = 0.8 (accumulated loss weight - prioritized)
» Tiarget (mf) is an indicator function that equals 1 if m; is in the target window (1-9) and
0 otherwise « As = 0.1 (smoothness penalty weight) 6



Preliminary Results

 Jan.-Sep. accumulated flow
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2000

6000

4000

2000

Annual Accumulated Flow Evaluation (Jan-Sep Total)

- 8
P “
4o A x
By ’ M
i
N
r
- LAY . i
.f [ 1 "':.-. e s
I A AN A K 1||.
N -‘,‘.f VA I \
: . . A
: /- A a
. -
[ ] . \* - \\
RV " 5 N
. g - _,j‘H. ¢
. -
iy kel E :
’ o
f t
= .,
£ &
L P,

= Observed
= = Customized LSTM
* VanillaLsTM

*= Benchmark

MAE

Bias (%)

Mean Absolute Error (MAE)

1384.32

1400 - 1371.25

1200 -

1020.95

1000
800
600 -
400 -
200

0 -
Customized LSTM

T
VanillaLSTM Benchmark

Percentage Bias (%)

7.5 4
5.0 4 4.97%
2.5 1
0.0 +— ]
—2.5 1
—=5.0 7

—7.5 4

-7.88%

-8.27%

T T T
Customized LSTM VanillaLSTM Benchmark



Preliminary Results
 Jan.-Sep. monthly flow

Model Performance Comparison - Year 1983
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Flow Forecast Model Evaluation Dashboard

Monthly Period Selection Select Models Additional Filters
° Training All a ObSEWE_d Select Spedific Years
@ Customized LSTM
n e r a C 1 e a S O aI iy e s e TEED ™ VanilaLSTM
U Benchmark
- u e Water Year Type

B120 ‘

Monthly Flow Evaluation - Year: 1970 (WYT: W)

Performance Metrics
=8~ Observed
Customized LSTM

-#- Customized L5TM

& Benchmark Corr® = 0.183
S R
255, | Benchmark
=z 1500 7 Corr® = 0.162
Storage Hosting = o004 e
Training Data (GitHub, Model Repo, 7 o
(Azure) o

Input Data)

Flow Forecast Model Evaluation Dashboard

1F TensorFlow

Meonthly Evaluation Accumulated Evaluation

ML Frameworks E L
(Te nso rF lOW’ Pa ne |_, BO keh 3y Pyt ho n) Pane Accumulated Period Selection Select Models Additional Filters
. LR Al H ?:Z:Sed LSTM petect Specilc Yeare
b "rke h S VanillaLSTM ‘ |

Accumulated Year Range: 1970 .. 1990 a
Benchmark
L L 8120 Water Year Type

Annual Accumulated Flow Evaluation (Jan-Sep Total)
& overall Performance Metrics
8000 = Observed |

- - Customized LSTM CustomBediISTM

- Benchmark Years: 21
Core® = 0.593
MAE = 1020.952
Bias = 497%

Benchmark

Years: 21

Corr® = 0.35
MAE = 1371.25
Bias = -7.88%

Total Flow (Jan-Sep)

https://floworv9-hwfte2fta9qcbdeq.westus2-
01.azurewebsites.net/Dashboard HF9M



https://floworv9-hwfte2fta9gcbdeg.westus2-01.azurewebsites.net/Dashboard_HF9M
https://floworv9-hwfte2fta9gcbdeg.westus2-01.azurewebsites.net/Dashboard_HF9M
https://floworv9-hwfte2fta9gcbdeg.westus2-01.azurewebsites.net/Dashboard_HF9M
https://floworv9-hwfte2fta9gcbdeg.westus2-01.azurewebsites.net/Dashboard_HF9M
https://floworv9-hwfte2fta9gcbdeg.westus2-01.azurewebsites.net/Dashboard_HF9M

Summary

1 LSTM can outperform the
traditional statistical model in
long-term (9-mth) streamflow
forecasting

1 Customized LSTM offers
flexibility to leverage domain
knowledge

] Both models have difficulties
In capturing extreme wet years;

LSTM doing better 10



Future Directions

1 Enhance LSTM to target
more on extremes

 Incorporate additional
inputs (e.g., snow index)

1 Expand to other lead

times (e.qg., Feb./ Mar. /
Apr. /May — Sep.)

1 Expand to other basins




Questions?

Contact: Peyman Namadi eyman.hosseinzadehnamadi

y CALIFORNIA DEPARTMENT OF

' WATER RESOURCES
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Overview

O Forecasting Challenges:

> Long-range uncertainty: 9-month predictions far exceed typical weather forecast horizons (days)
» Hydrologic variability: Limited predictability of extreme weather events

> Year-to-year transitions: Difficulty capturing shift patterns from dry to wet or wet to dryyears

@ share: 1 B

Ze=in. CALIFORNIA DATA EXCHANGE CENTER

{\ WATER RESOURCES Annual Accumulated Flow Evaluation (Jan-Sep Total)
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T FESFTEFTSFTEITFTSTSTST TS5 S
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Total Flow (Jan-Sep)

Annual Accumulated Flow Evaluation (Jan-Sep Total)
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Overview

O Evaluating Current Forecasting Approaches:
» MSO vs B120:

v MSO forecasts closely match B120 forecasts

v" Validate MSQ's technical approach reproduces

B120 characteristics

v MSO successfully creates an automated

alternative toB120

=



Overview

O Evaluating Current Forecasting Approaches:
» MSO and B120 vs Observed:

Annual Accumulated Flow Evaluation (Jan-Sep Total)

— QObserved ’
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O Objectives:
v Forecast-observation gap

v' Significant divergence in wet years (2006,
2017).

v Over-estimation in dry periods

v’ Limitations of current forecasting methods

v Justify machine learning approach targeting

observed flows.



Modeling

Precipitation (P) Over Time
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Flow
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Custom LSTM MOdeIing

o» CustomLSTM Loss Function

£cust0m — A:rn,[:rnonthly + /\a[:accumulated + A3l:smoothness

« A = 0.3 (monthly loss weight)
« A, = 0.8 (accumulated loss weight - prioritized)

« A; = 0.1 (smoothness penalty weight)
L (mmm]_-.} — ( 1 /JV) ZF 1.-\" w; - (] /9) E= 19 (ij )pred _ Fﬁ,j)mre):
L (acc'mnm’a rea’) — ( ] /]\7) Z‘}: IN w; - @= 19F (o }pred _ Z‘/: 19 F (i;j)m{e):

L(Smoorfmess) = (Jﬂv) ZFIN w; - (1/8) Z=18 (Fﬁ’jH)p?d - F(I.Jj)pred).?
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