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❑ Why long-range streamflow 

forecasting matters?
➢Water year typing

➢Water allocation

➢Reservoir operations

➢Drought preparedness

Overview

❑ Overarching goal
      Forecast streamflow up to 9 months            

      (Jan.-Sep.)

❑ Challenges
      Uncertainty/inter-annual hydrologic variabilities 
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❑ Study location
Feather River at Lake Oroville
 

❑ Study data
Monthly precipitation (Prcp), temperature (Temp), vapor pressure 

deficit (VPD), and streamflow (F)
 

❑ Study period
Water year 1922-2021 (100-year)
 

❑ Study models
Statistical model (benchmark)

Long-Short Term Memory (LSTM)

Methodology

F

Prcp 

VPD

Temp

Jan. – Sep.

(Accumulated)

Disaggregate

Forecast

Monthly

(Jan.-Sep.)
4



Methodology: Vanilla LSTM

Input sequence:

3 months

X 4 features

(T, V, P, F)

LSTM

128 units

LSTM

64 units

ReLU

Dropout (0.1)

Early stop

Single Output layer

Predicted flow

(9 monthes)

Loss: (Mean Absolute Error)

Slicing method

1922 20211970 1990

Test TrainTrain
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Methodology: Customized LSTM

Input sequence:

3 months

X 6 features

LSTM

128 units

LSTM

64 units

ReLU

Dropout (0.1)

Early stop

Single Output layer

Predicted flow

(Jan. – Sep.)

❑Main differences:

❖ New Preprocessing.

❖ New Loss function.
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Preliminary Results
❑ Jan.-Sep. accumulated flow
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Preliminary Results
❑ Jan.-Sep. monthly flow
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Preliminary Results
❑ Interactive Dashboard

https://floworv9-hwfte2fta9gcbdeg.westus2-

01.azurewebsites.net/Dashboard_HF9M 
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Summary

❑ LSTM can outperform the 

traditional statistical model in 

long-term (9-mth) streamflow 

forecasting 

❑ Customized LSTM offers 

flexibility to leverage domain 

knowledge

❑ Both models have difficulties 

in capturing extreme wet years; 

LSTM doing better 10



Future Directions

❑ Enhance LSTM to target 

more on extremes 

❑ Incorporate additional 

inputs (e.g., snow index)

❑ Expand to other lead 

times (e.g., Feb./ Mar. / 

Apr. /May – Sep.)

❑ Expand to other basins
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Contact: Peyman Namadi      peyman.hosseinzadehnamadi@water.ca.gov

Questions?

mailto:peyman.hosseinzadehnamadi@water.ca.gov
mailto:peyman.hosseinzadehnamadi@water.ca.gov













	Slide 1: Machine Learning for Long-Range Streamflow Forecasting: Feather River Case Study
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18

