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Calculating Unimpaired Outflows (Runoff) 
Key California Central Valley Upper Watersheds 

Sacramento River above Bend Bridge (SBB)
Feather River at Oroville (FTO)
American River at Nimbus Dam (AMF)
Yuba River near Smartsville (YRS)
Stanislaus River at Goodwin (SNS)
Tuolumne River at La Grange Dam (TLG)
Merced River near Merced Falls (MRC)
San Joaquin River Below Fraint Dam (SBF)



Key Indicator for California Hydrology is Water Year Type Index: 
     Wet, Above Normal, Below Normal, Dry, Critical

All values in millions of acre-feet (MAF)



Oct 1st Apr 1stDec 1st Jan1st Feb 1st Mar 1stNov 1st May 1st

DWR’s Bulleting 120 Water Supply Index Forecast Schedule

Verification

Aug 1st Oct 1st

.    .    ..    .    .    .    .



Potential Applications:

1. Improving Bulletin 120 forecasts.

2. Real time reservoir operations.

3. Planning (projects, water districts, SGAs, farmers).

4. Modeling (e.g., in reservoir operations, or forecasting next year crop types)



Prior Work by TK (circa 2020) for Water Year Type Using Deep Learning ANNs
Using Last 120 months for Forecasting next 12 Months of Streamflows



Bulleting 120 using December 1st Forecasts
WY2020 (based on Dec 1st 2019 forecast)

SVI

Monthly flows in TAF
Index in MAF



WY2020 (based on Dec 1st 2019 forecast)

SJVI

Monthly flows in TAF
Index in MAF





Forecasting Streamflows (and WY Types) for WY2020 through WY2025(6)

Model Development Guidelines Followed for Forecasting:

    1. Forecast is on October 1st of a water year.

             2. Use only past streamflow data to forecast next 12 months of streamflows for a stream.

             3. Keep model structure the same for all years.

             4. Sacramento Valley Index: forecast each of 4 streams - Sacramento (SBB),
                                         Feather (FTO), American (AMF), Yuba (YRS)

             5. San Joaquin Valley Index: forecast each of 4 streams – Stanislaus (SNS),
                                         Tuolumne (TLG), Merced (MRC), San Joaquin below Friant (SBF)

   6. Use SWRCB formulae to compute Water Year Index, and then classify Water Year Type

   7. Compare results to Bulletin 120 December 1st forecasts.

 
 



Models: Statistical, Machine Learning, and Deep Learning
(WY2020-2026)

Statistical Forecasting Models
Autoregressive Integrated Moving Average ARIMA (1970’s)
Seasonal Autoregressive Integrated Moving Average SARIMA (1970’s)
Holt-Winters’ Exponential Smoothing (circa 1957-1960)
Theta Method (2000)

Machine Learning Models

Light Gradient Boosting Machine LightGBM (2017)

Deep Learning Models
Neural Hierarchical Interpolation for Time Series Forecasting N-HiTS (2022)
Neural Basis Expansion Analysis for Interpretable Time Series forecasting N-BEATS (2019)
Time-series Dense Encoder TiDE (2023)
Normalized Linear N-Linear (2022)
Decomposition Linear D-Linear (2022)
Long Short-term Memory LSTM (1997)
Temporal Convolutional Network TCN (2018)
Transformer Model Transformer (2017)
Temporal Fusion Transformer TFT (2021)



WY2024 

SVI 

All Monthly flows in TAF



SJVI 

WY2024 (cont.) 

All Monthly flows in TAF



What Model(s) to Choose?
RSR: RMSE-observations Standard Deviation Ratio

Percent Bias (PBIAS)

Nash_Sutcliffe Efficiency (NSE)



Model Assessment Based on Moriasi Table (WY2024)

SVI 

All Monthly flows in TAF



SJVI 

All Monthly flows in TAF



Choose Ensemble : Average of N-HiTS, TCN & TiDE

SVI SJVI 

All Monthly flows in TAF



WY2020 using Ensemble  

SVI 

SJVI 

Monthly flows in TAF
Index in MAF





More Recent AI Time Series Models
(TK work in progress….)

TSMixer (Google Research 2023)
   - High performance, lightweight, and efficient multivariate forecasting model
   - Uses MLP architecture that alternates between mixing time and feature dimensions
         to capture both temporal patterns and cross-variate dependencies

AutoGluon (Amazon Research 2019-2020)
   - Open –source AutoML library
   - Supports both “global” deep learning models (e.g., Temporal Fusion Transformer, DeepAR)
         and “local” statistical models (e.g., ARIMA, Error-Trend-Seasonality (ETS)
   - Probabilistic forecasting models 
   - Multiple related time series (results from 10 included in this presentations)

Prophet (Meta “Facebook” 2017)
   - Additive time-series forecasting model
   - Ease of use, speed, and robustness to missing data, outliers, and abrupt trend changes
   - Decomposes time series into trend, seasonality (yearly, weekly, daily), and holidays

Silverkite (Linkedin 2021)
   - Flexible, fast, open source 
   - Designed to handle complex, real-workd business data with various trends, multiple
        types of seasonality, holidays, and external regressors
   -  Greykite Python library



WY2024 

SVI 

SJVI 

Monthly flows in TAF
Index in MAF

Results for TSMixer



WY2025 

SVI 

SJVI 

Monthly flows in TAF
Index in MAF



WY2026 

SVI 

SJVI 

Monthly flows in TAF

SVI 
Calculated Predicted Index = 7.57 MAF (BN)
Bul120 April 1st forecast = 7.44 MAF (BN)

SJVI 
Calculated Predicted Index = 2.76 MAF (BN)
Bul120 April 1st forecast = 2.05 MAF (C)

Note: Observed data for April through Sep, 2026
             not available yet!



Bul120 April 1st 2026 forecast = 7.44 MAF (BN) Bul120 April 1st 2026 forecast = 2.05 MAF (C)



Results for AutoGluon



AutoGluon (top 3)

SVI 



AutoGluon (top 3)

SJVI 



Final Thoughts

• Application of ML and emerging AI techniques promising

• Many, many timeseries forecasting models

• Optimizing (tuning) hyperparameters important

• No one model fits all

• Classification directly (W, AB, BN, D, C) vs. numerical (via streamflows)

• Include covariates (precipitation, temperature, etc))

• Multi-year forecasting

• Online accelerators (GPUs) may be necessary (e.g., Google A100)!



Thank you!
(tkcalwater@gmail.com)
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