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Personal Background

▪ Senior Water Resources Engineer at RTI with 20+ years of experiences

– Development and Implementation of Operational Forecasting System

– Hydrological Modeling and Calibration

▪ Former Faculty at University of Wyoming before coming to RTI (5 years)

▪ Machine Learning (ML) Expert with Cornell Machine Learning Certificate

▪ Implemented ML models for

– Regulated Inflow forecast for Columbia Basin

– Multi-model ensemble approach for Department of Energy (DOE) project

– LSTM model for Weekly Monsoon modeling (This project)



Artificial Intelligence (AI) / Machine Learning (ML) / Deep Learning (DL)

Source: https://towardsdatascience.com/artificial-intelligence-vs-machine-learning-vs-deep-learning-2210ba8cc4ac

1. Artificial Intelligence (AI)
Artificial intelligence can be loosely interpreted to 
mean “incorporating human intelligence to 
machines”.
2. Machine Learning (ML)
ML is a subset of AI that uses statistical 
learning algorithms that can 
automatically learn and improve without 
explicitly being programmed. The 
machine learning algorithms are 
classified into three categories: 
supervised, unsupervised and 
reinforcement learning.
3. Deep Learning (DL)
This subset of AI is a technique that is 
inspired by the way a human brain filters 
information. DL systems help a computer 
model to filter the input data through 
layers to predict and classify 
information. DL network architectures can 
be classified into Convolutional Neural 
Networks, Recurrent Neural Networks, and 
Recursive Neural Networks.



Machine Learning vs Deep Learning

https://towardsdatascience.com/artificial-intelligence-vs-machine-learning-vs-deep-learning-2210ba8cc4ac
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General Attitudes toward Artificial Intelligence

▪ Dystopia (exact opposite – imaginary society that is as dehumanizing and as unpleasant as 

possible)

▪ Panacea (Remedy for everything)



Artificial Intelligence in the Water domain: Opportunities for responsible use by 
Neelke Doorn (2021), Science of the Total Environment 

Total 601 Articles

▪ Modeling: 130 articles (22%)

– AI models (ANN and adaptive neuro-fuzzy inference) improved the accuracy in 

modeling reservoir system (mostly linear system) against the conventional statistical 

model [Seo et al., 2015] 

– Heterogenous spatial property (snow water equivalent, precipitation, type of water 

body and water extraction)

▪ Prediction and Forecasting: 78 articles (13 %)

– Predictive models to forecast the formulation of trihalomethanes (THMs) in 

chlorinated water, using water pH, temperature, and bromide concentration [Singh 

and Gupta, 2012]

– Forecasting water quality parameter in coaster waters, using salinity, temperature, 

and turbidity [Alizadeh et al., 2018]

▪ Decision Support and operational management: 183 articles (30%)

– Detection of accidental water contamination [Arnon et al., 2019]

– Damage to the pipe in the aftermath of an earthquake [Bargriacik et al., 2018]

▪ Optimization: 211 articles (35%)



Similarity to Optimization Process

Inputs

e.g.

Precipitation
Temperature

Intermediate 

outputs

e.g.

Soil Moisture

Snow

Runoff

output

e.g.

Streamflow

𝜽𝒔:𝑀𝑜𝑑𝑒𝑙 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠

Goal is to minimize the 

objective/fitness function(s) by 

optimizing the parameters without 

finding the pattern



Why ML? Can human do it without ML?

Y = 2 X1 + 

X2

Y = X1 + X2 

+ X3

??



Synthetic simulation using a ML (LSTM)

AI/ML can detect the complex patterns in high dimensional data if 

they exist.

Credit: Anurag Srivastava (RTI) 



What are the most interesting ML algorithms for time-series forecasting?

• Convolutional Neural Networks

– Convolutions inside

• Recurrent Neural Networks

– Extend previous time info to the next time, recognizing 

sequences

– Long Short-Term Memory (LSTM) networks are a type of 

recurrent neural network capable of learning order 

dependence in sequence prediction problems.

• Attention Network / Transformer

– Transformers use attention mechanisms to gather 
information about the relevant context of a given word, 
and then encode that context in the vector that 
represents the word

• Combined ML with Mass-balance (Physics + ML 

modeling)



Long Short-Term Memory (LSTM)

LSTM: an artificial recurrent neural network (RNN) with a feedback connection using sequences 
of data to capture the memory of the system



RNN vs LSTM



Reference



EHP LSTM implementation



Model Architecture & Configuration

Input: 3 meteorological forcing and 15 catchment characteristics

A single ML model was trained with all 12 subbasins

Trained with k-fold validation (k=4)

Number of sequences: 20 weeks

Number of epochs: tuning parameter (final value = 35)

Written in Python fold1 fold2 fold3 fold4

fold1 fold2 fold3 fold4

fold1 fold2 fold3 fold4

fold1 fold2 fold3 fold4



Data preparation (forcing and basin characteristics: data\static.xlsx)

▪ Forcing: Weekly precipitation, minimum and maximum temperature

▪ Output: Weekly streamflow

▪ 15 Basin Characteristics



Hyperparameters

Hyperparameter is parameters that control the learning process: This cannot 

change during the training, but control how training will be performed. 

▪ Appropriate number of nodes and layers

▪ Dropout rate (0-1): percent of randomly selected neurons to be ignored during 

the training, this help prevent overfitting

▪ Loss function (MAE, NSW, KGE, …)

▪ Selection of optimizer (ADAM, SGD, … )

▪ Learning rate (0-1)

▪ Number of epochs

In general, the best results can be achieved from testing various configurations and 

evaluating the outcome.



Calibration and Validation Results (Narmada: Bargi)

ValidationTraining
NSE = 0.78

CORR = 0.89

NSE = 0.79

CORR = 0.89



Calibration and Validation Results (Narmada: ISP)

ValidationTraining

NSE = 0.70

CORR = 0.85

NSE = 0.89

CORR = 0.95



Calibration and Validation Results (Narmada: SSP)

ValidationTraining

NSE = 0.57

CORR = 0.77

NSE = 0.77

CORR = 0.87



Calibration and Validation Results (Narmada: TAWA)

ValidationTraining

NSE = 0.58

CORR = 0.78

NSE = 0.57

CORR = 0.75



Final Performance (All Season)



Final Performance (Monsoon Season)

A little lower performance than all season



Calibration and Validation Results (Cauvery: Bilingundulu)

ValidationTraining

NSE = -0.15

CORR = 0.50

NSE = 0.76

CORR = 0.87



Calibration and Validation Results (Cauvery: Musiri)

ValidationTraining

NSE = 0.04

CORR = 0.39

NSE = 0.55

CORR = 0.74



Timing and magnitude errors in rainfall data (Musiri)

Not enough rain?
Not enough rain?

Too much rain?

The lower performance is usually related to the bad forcing data, in particular 
magnitude and timing of rain relative to the peak of the flow



Pros

Pros

Can be used for the ungagged basins

Reasonable requirement for the computer resources for training, and minimum for 

operation

Capture information that is difficult to find from other methods

Bias in input does not affect, if it is consistent for the training and prediction

System requirement for the implementation is relatively easy (similar level to statistical 

model, but probably much easier than WRF-Hydro)



Cons

Cons

ML model cannot extrapolate (need to prove this).

Hard to force water balance (some new researches are working on this)

Quality controlled data, including reasonable basin characteristics, are essential. Noisy 

data will degrade the quality of model during the training

Hard to explain why ML model predict the specific values, and hard to tweak the model 

states



Final Thought

AI approaches have advanced enough to understand physical processes 

when enough quality data is available.


