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S H O R T  S U M M A R Y

Artificial Intelligence as a tool
for leveraging sustainable water
resources management
The emergence of increasingly capable Artificial Intelligence (AI) technologies 
is changing the technical landscape in many scientific and technical disciplines, 
and hydrology is no exception. The numerous applications include surface water 
supply, groundwater modelling, hydropower generation, agriculture and irrigation, 
climate change risk and flood risk management, water-energy-food nexus, water 
governance, among others. 

Although AI technologies have the potential 
to unlock new capabilities in the context of 
water management, these developments 
are also subjected to several limitations. 
For instance, data-driven methods 
often require access to large-scale 
(space and time) and high-quality 
measurements, which sometimes 
are not representative of extreme 
values. Additionally, the lack of 
interpretability or explainability of 
these models is highly relevant since they 
support decisions and control over critical 
processes and structures, while also having 
ethical implications. 

This publication reviews the current state-of-the-art of AI and Machine Learning (ML) 
applications within water management, introducing some of the main concepts 
and providing the reader with a general understanding of different technologies 
and concepts. Further, it features examples of the most influential applications of AI 
within water management and highlights the ethical challenges when streamlining 
AI for water resources management.  

New
developments

in the field of AI 
are expected to influence
the present and future of
many scientific disciplines 

as we may enter into 
a 4th scientific 

paradigm

“Since wars begin in the minds of men and 
women it is in the minds of men and women
that the defences of peace must be constructed”



Applications of AI 
for water management



This publication has been developed under the framework of the Hydro-Resilience 
Project (‘Addressing Hydro-climatic Vulnerability through Citizen and Open 
Science’), made possible with the support of UNESCO/Flanders Fund-in-Trust for 
the support of activities in the field of Science (FUST).
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Artificial Intelligence (AI) is revolutionizing water management by enabling more efficient and sustainable 
use of this critical resource. AI systems can analyze vast amounts of data from various sources, such as 
weather forecasts, gauging stations, satellite imagery, and sensors, to optimize water distribution and 
usage. For example, in water management, AI-driven models can better predict the precise water needs 
of users, allowing dam operators to more optimally allocate water resources. Additionally, AI can help 
detect leaks in urban water systems by analyzing pressure and flow data in real time, enabling faster 
repairs and reducing water loss. 

Beyond water management, AI can also play a crucial role in ensuring water quality. Machine learning 
algorithms can monitor water quality by analyzing data from sensors that detect pollutants, chemicals, 
and other contaminants in water sources. This allows for the early detection of water quality issues, 
helping to prevent public health crises. AI will also play a critical role to support Disaster Risk Reduction, 
by enhancing data analysis, improving impact-based forecasting and thereby supporting better 
preparedness and response to water-related hazards. In sum, by integrating AI into water management 
systems, communities and industries can achieve a more sustainable and resilient approach to managing 
this vital resource. 

The emergence of AI as a water management tool is therefore reflected in the Strategy of UNESCO’s 
Intergovernmental Hydrological Programme (UNESCO-IHP) in its ninth phase (IHP-IX) ‘Science for a 
Water Secure World in a Changing Environment’ (2022-2029). Particularly, as part of the ongoing efforts 
related to Output 1.9 on the ‘Development and sharing of new technologies using Artificial Intelligence’ 
and in collaboration with Euro-FRIEND, IHP conducted a survey to gather insights into the applications 
of AI and ML in this field. The survey explored the potential of AI and ML for hydrology, determined its 
strengths and limitations and identified a pathway for further capacity building and mainstreaming the 
use of AI and ML in water resources management applications as part of IHP-IX.  

FOREWORD 
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The survey results evidenced that AI is used by water professionals mostly for hydrological modelling, 
hydrological forecasting, classification, statistical downscaling, and optimization. The deployment of 
applications of AI still has geographical imbalances that need to be addressed, calling for targeted 
capacity building to address them. Applications of AI for surface water management, flood management, 
climate adaptation, groundwater management and drought management are amongst the areas where 
the biggest need was identified.  

The survey also highlighted a clear lack of trust within the hydrological community towards AI and ML for 
hydrology, the limited insight provided by the AI processes that undercut the trust in the AI solutions. At 
the same time, there is a clear need for further training and capacity building and closer collaboration 
between AI practitioners and hydrologists.  

In order to address this gap, this publication provides an overview of the range of AI concepts and 
techniques that are currently available and list their possible applications for water management, 
aiming to support decision-makers in using this state-of-the-art digital tool and leverage sustainable water 
management worldwide. It also identifies the ethical challenges and constraints that need to be considered 
when developing and deploying these AI solutions to improve the water resources management. 

Abou Amani 
Director of the Division of Water Sciences 
UNESCO
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Water management is essential in keeping delta areas habitable worldwide. Changing climate and our 
complex geographical and societal systems makes the water management practice a challenge of critical 
importance.  The availability of freshwater of sufficient quality and protection against floods and heavy 
rainfall are key to enable delta life. The foundation of effective water management lies in understanding 
natural water and subsurface systems, as well as the impacts of climate and human intervention. The 
cooperation between Deltares and UNESCO in this publication illustrates the strong link between applied 
knowledge and societal relevance. 

Knowledge development, and making it available in data and software, is a collaborative effort involving 
a large community of knowledge institutions and private parties worldwide. We develop this knowledge 
through experimental research, by building physics-based models - and increasingly by analyzing large 
amounts of data with advanced algorithms and Artificial Intelligence (AI) tooling. 

The development of AI applications is rapidly evolving with significant implications for water management 
and many engineering disciplines. This report provides a comprehensive overview of AI in water 
management, covering AI techniques, applications, and a reflection on ethics and responsible AI. Our 
aim is twofold: to support the knowledge community by highlighting key areas to focus, and to help water 
managers and other stakeholders to better understand the current capabilities and limitations of AI in our 
context. 

The report presented here gives a snapshot in time, given the rapid developments in AI technology. Yet 
we hope that this publication will inspire the water community to further explore the value of AI and 
leverage its potential. We look forward to these developments and their impact on the field.

FOREWORD 

Dr. Hanneke van der Klis 
Director Digital Transformation 
Deltares



11



12

AGI: Artificial General Intelligence 
AI: Artificial Intelligence 
AIFS: Artificial Intelligence/Integrated Forecasting System 
ALOS: Advanced Land Observing Satellite 
ANFIS: Adaptive Network-Based Fuzzy Inference System 
ANN: Artificial Neural Network 
AOP: Advanced Oxidation Processes 
AR: Autoregressive 
ARMA: Autoregressive Moving Average 
ARMAX: Autoregressive Moving Average model with exogenous inputs 
AutoML: Automated Machine Learning 
BASNet: Boundary-Aware Salient Network 
BCE: Before Common Era 
BERT: Bidirectional Encoder Representations from Transformers 
BN: Bayesian Network 
BOD: Biochemical Oxygen Demand 
BP: Back Propagation 
CA: Cellular Automata 
CART: Classification and Regression Trees 
CCTV: Closed-Circuit Television 
CIMR: Copernicus Imaging Microwave Radiometer 
CLIP: Contrastive Language-Image Pre-training 
CNN: Convolutional Neural Network 
CoCo: Common Objects in Context 
COD: Chemical Oxygen Demand 
DBSCAN: Density-Based Spatial Clustering of Applications with Noise 
DBN: Deep Belief Network 
DeepONet: Deep Operator Network 
DL: Deep Learning 
DNN: Deep Neural Networks 

ACRONYMS
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DO: Dissolved Oxygen 
DRL: Deep Reinforcement Learning 
EBM: Explainable Boosting Machine 
ECMWF: European Centre for Medium-Range Weather Forecasts 
EDA: Exploratory Data Analysis 
EO: Earth Observation 
EPA: (United States) Environmental Protection Agency’s 
ESA: European Space Agency 
FIER: Forecasting Inundation Extents using REOF 
FNN: Feedforward Neural Networks 
FNO: Fourier Neural Operator 
GAN: Generative Adversarial Network 
GBM: Gradient-Boosted Machine 
GDPR: (European Union) General Data Protection Regulation 
GEE: Google Earth Engine 
GFDRR: Global Facility for Disaster Reduction and Recovery 
GloFAS: Global Flood Awareness System 
GLOFS: Glacial Lake Outburst Floods 
GNN: Graph Neural Network 
GP: Gaussian Processes 
GPT: Generative Pre-trained Transformer 
GPU: Graphics Processing Unit 
HMM: Hidden Markov Model 
ICM: Integrated Catchment Model 
ICOLD: International Commission on Large Dams 
IHP: Intergovernmental Hydrological Programme 
IFS: Integrated Forecasting System 
IoT: Internet-of-Things 
IPCC: Intergovernmental Panel on Climate Change 
KSTAR: Korea Superconducting Tokamak Advanced Research 
LLM: Large Language Model 
LSSVM: Least Square Support Vector Machine 
LSTM: Long-Short Term Memory 
ML: Machine Learning 
MLP: Multi-Layer Perceptron 
MMLU: Multi-task Language Understanding 
MNIST: Modified National Institute of Standards and Technology 
NAS: Neural Architecture Search 
NASA: National Aeronautics and Space Administration 
NDWI: Normalized Difference Water Index 
NLP: Natural Language Processing 
NN: Neural Network 
NIR: Near-Infrared 
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PCA: Principal Component Analysis 
PCE: Polynomial Chaos Expansion 
PDE: Partial Differential Equation 
PI: Proportional Integral 
PINN: Physics-informed Neural Network 
PINO: Physics-informed Neural Operators 
RBM: Restricted Boltzmann Machine 
RF: Random Forest 
RAG: Retrieval Augmented Generation 
RGB: Red, Green, Blue (spectral bands) 
RL: Reinforcement Learning 
RNN: Recurrent Neural Network 
ROSE-L: Radar Observing System for Europe in L-band 
ROVER: Real-time Optical flow by Variational methods for Echoes of Radar 
SAM: Segment Anything Model 
SAR: Synthetic Aperture Radar 
SD: Spatiotemporal Data 
SLNE: Self-learning nexus engine 
SMO: Sequential Minimal Optimization 
SVM: Support Vector Machine 
SWE: Snow Water Equivalent 
SWMM: Storm Water Management Model 
TPU: Tensor Processing Unit 
TrajGRU: Trajectory Gated Recurrent Unit 
TRL: Technology Readiness Level 
TSS: Total Suspended Solids 
UNESCO: United Nations Educational, Scientific and Cultural Organization 
UNGA: United Nations General Assembly 
USGU: United States Geological Survey 
VAE: Variational Autoencoder 
WEF: Water-Energy-Food 
WHO: World Health Organization 
WWTP: Waste Water Treatment Plant 
XAI: eXplainable Artificial Intelligence 
XFLEX HYDRO: Extended Flexibility for Hydropower 
ZSL: Zero-Shot Learning
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INTRODUCTION

The emergence of increasingly capable artificial intelligence (AI) technologies is changing the technical 
landscape in many scientific and technical disciplines. In this document, we evaluate the current state-of-
the-art of AI techniques relevant to the water management sector and create a mapping of applications 
across different water practice and science domains.

(r)Evolution into a new paradigm of data-driven 
water management 

Water management has been an integral part of human civilization since the establishment of 
fixed settlements and agricultural societies. The term water management refers to the systematic 
planning, development, and optimization of water resources to address the needs of society and the 
environment. This field is critical because of water’s essential role in ecosystems, agriculture, energy 
production, and human needs. In this context, key aspects of water management include water 
treatment and distribution for both drinking and wastewater, control of surface and groundwater 
resources, flood risk management, and the maintenance of hydro-ecosystems. 

Civilizations as early as 3000-2000 BCE in Ancient Egypt, Mesopotamia, or the Indus Valley already 
implemented sophisticated systems for irrigation, flood control, and early hydro-meteorological 
monitoring. However, water management as a scientific discipline developed more distinctly 
through the 18th and 19th centuries, as scientists sought to describe the physics of water flows (e.g. 
advances to fluid dynamics of Darcy, Saint-Venant, Bernoulli, Navier, or Stokes), and due to the 
needs for advanced hydraulic infrastructure (e.g. modern sanitation, navigable rivers, or flood 
defences) imposed by the urbanization and industrialization. Such scientific era is characterized 
by the empirical and theoretical foundations across many water engineering disciplines. 

1
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1st Paradigm
Empirism

2nd Paradigm
Theoretical 

science

3rd Paradigm
Computational 

science

4th Paradigm
Data-driven

science

1600s 1700s 1800s 1900s 2000s 2024s

During the early 20th century, significant advances were made in the field of hydrology, both by 
the broad establishment of instrumentation networks (hydrometeorology, river flows, groundwater) 
and the development of theories describing key parts of the water cycle (e.g. Green, Ampt or 
Horton). In the late 20th and 21st century, advances in water science comprise better spatial and 
temporal reach of hydro-meteorological observations, better process descriptions (e.g. water 
quality processes, or subsurface transport), and the application of computational and statistical 
methods. The generalization of numerical methods and computational physics have allowed for 
the systematic optimization of hydraulic structures, water storage, transport systems, and the better 
planning of resources. 

Currently, new developments in the field of AI and Machine Learning (ML) have raised the attention 
of the scientific and engineering community again. Powered by the increasing computational 
power and growing digital databases, these technologies are expected to influence the present 
and future of many scientific disciplines, as we may enter into a 4th scientific paradigm (Figure 1). 
This paradigm relates to the capabilities of leveraging vast amounts of information using intelligent 
machines, aiming to derive data-driven patterns that allow for scientific discovery, better computing 
or improved predictive capabilities. These improvements have highly contributed to broadening 
our scope and overcoming limitations of conventional approaches in addressing water-related 
challenges.

Early examples of this new scientific paradigm can be found in the machine driven protein structure 
folding predictor AlphaFold (Google Deepmind, Jumper et al., (2021)), which has represented a 
revolution in structural biology, the discovery of a new (and more optimal) matrix-multiplication 
algorithm using AlphaTensor (Fawzi et al., 2022), or the discovery of 2.2 million new crystals by 
the model GNoMe (Merchant et al., 2023). 

FIGURE 1. Evolution of scientific paradigms in water science. 



18

Artificial
Intelligence

Content
Classification

Deep
Learning

Machine
Translation

Natural
Language
Processing

Reasoning
Agents

Speech
Recognition

Knowledge
Management

Supervised
Learning

Reinforcement
Learning

Unsupervised
Learning

Machine
Learning

Computer
Vision

Image
Recognition

Object
Detection Automation Autonomous

Control

Robotics

FIGURE 2. Different concepts within the artificial intelligence field relevant for the water management.

The history of artificial intelligence
and machine learning 

Artificial Intelligence is the subfield of applied mathematics which focuses on the use of computational 
systems to simulate human intelligence and reasoning. This includes machine-performed tasks 
related to problem-solving, vision, automation, pattern extraction, knowledge management, and 
generative models. Machine Learning, on the other hand, is a subset of the field of AI, which 
relates specifically to the development of algorithms that learn from and make decisions based 
on data. In Figure 2 several concepts related to the artificial intelligence field relevant for water 
management applications are indicated.



19

Although the concepts of intelligent machines or automata are ancient, the modern field of AI in 
mathematics dates from the mid 20th century. Alan Turing’s theory of computation already proposed 
the term “machine intelligence” and would later popularize the concept of thinking machines (see 
Turing’s test). Early developments in Artificial Neural Networks (ANNs), or computational synthetic 
brains, were proposed by McCulloch and Pitts (1943), and later by Marvin Minsky in the early 
1950s (Minsky, 1954). The theoretical foundations of ANNs and natural language processing 
succeeded during the early 50s-70s, with extreme optimism on their potential achievements. 
However, the limited computational power of the time, and the lack of an algorithm to deal with 
the large number of parameters (which characterize ANN architectures) led to a limited practical 
applicability and a multidecade halting of research funding (known as the first AI-Winter). With 
the development of the backpropagation algorithm (Linnainmaa, 1976; Rumelhart et al., 1986), 
ANNs could be trained in practice. Also, during the 1970s, the boom of “expert systems”, a 
heuristic (rule-based) form of practical AI demonstrated early reasoning machines. Yet, after an 
over-optimistic period in the industry and academic world and in light of the limited technological 
readiness, funding for AI research was again restricted (the second AI-Winter). 

The increase in computational power and digitalization experienced during the 1990s and 2000s 
led to the development of increasingly capable machines, such as IBM’s Deep Blue computer, 
showing the first better-than-human capabilities at playing the game of chess. Also, statistical 
and data-driven machine learning tools such as Bayesian networks, Markov Chains or Restricted 
Boltzmann machines were often applied across different disciplines, including model regression 
or control systems in water management applications. However, it’s during the 2010s and 2020s 
that AI development experienced a significant acceleration. This is linked to several confluent 
technological enablers, such as: 

•	 Increase in availability of computing power in the form of (cloud)servers of Graphics 
Processing Units (GPUs) and optimized hardware for ANNs, such as Tensor Processing 
Unit (TPUs). 

•	 The consolidation of deep learning ANN architectures, such as deep-neural networks, 
convolutional neural networks, or transformer architectures and Large Language Models 
(LLMs) for text, audio, video and imagery. 

•	 Access to large scale digital databases. Standardization of databases for development 
and testing of AI methods, such the image classification databases of MNIST, ImageNet 
or CoCo (Common Objects in Context database) for vision models. 

•	 Open-source frameworks for deep learning training and development, such as Tensorflow, 
PyTorch, Keras or JAX+Flax. 
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•	 AI already outperforms humans on several tasks reliably (e.g. image classification, visual 
reasoning and English understanding), but not in all (i.e. competition level mathematical 
reasoning or planning). 

•	 Industry dominates the frontier AI-research. 

•	 Scientific progress and worker productivity accelerates thanks to AI across multiple 
industries. 

•	 Frontier models get increasingly expensive for today’s computational capabilities (order of 
100s Millions of US Dollars for training of the state-of-the-art text models in 2024). 

•	 Lack of standardized responsible AI reporting especially amongst mayor industrial 
developers. 

AI in the water sector 

These factors have contributed to the growth of both methods and applications across many 
different disciplines.  

Different types of Artificial Intelligence are often defined. An Artificial General 
Intelligence (AGI) refers to the concept of an AI architecture exhibiting generalized human-level 
cognitive performance across a wide range of tasks (reasoning, prediction, vision etc.). Albeit 
some architectures may have arguably demonstrated better than human capabilities in some tasks, 
this is still a domain under active research. For instance, the Stanford AI Index report 2024 main 
takeaways on AI status worldwide can be summarized as:

In general, AI architectures currently available to water scientists and practitioners are considered 
narrow AI. These are algorithms that have learned how to perform individual tasks, such as 
recognizing objects in imagery, or a model that is able to reproduce the connections between 
rainfall, evapotranspiration, and infiltration to generate water level estimates in a river. Within the 
practical application of AI in water management, there is a large variety of complex examples, 
from full ANN-vision models or large-scale transformer models for weather predictions, to simple 
but practical (and often more interpretable) machine learning techniques (e.g. Bayesian networks, 
or Gaussian processes).  

It is expected that in the short term, increasingly capable technologies will be ported to the field 
of water management, which often emerge from technologically equivalent applications in other 
fields. Examples include the automation of numerical model creation and diagnosis (e.g. AI-agents 
performing/assisting as a water engineer in model conceptualization and error tracking), AI-
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assisted hydrological predictions (equivalent to short-medium term weather predictions), water 
resources planning, or the automation of mapping infrastructure and geographical properties.  

In this document we review the current state-of-the-art of AI and ML applications within water 
management. Chapter 2 introduces some of the main concepts related to AI and water management. 
This aims at providing the reader with a general understanding of different technologies and 
concepts. Chapter 3 covers examples of the most influential applications of AI within water 
management. In Chapter 4, considerations on the ethics of AI with respect to water management 
applications are explored, while in the final chapter (Chapter 5), perspectives with respect to 
the near-future potential are discussed. Considering that the field of AI (for water management) 
is rapidly evolving, it is expected that this document will become a living document that will 
be updated regularly as new technologies and opportunities for the application of AI for water 
management emerge. Recent updates of this publication may therefore be accessed from the 
dedicated AI for Water Management page on the UNESCO website1. 

1 https://www.unesco.org/en/ihp/ai-for-water-management

https://www.unesco.org/en/ihp/ai-for-water-management
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OVERVIEW OF 
RELEVANT AI CONCEPTS 
AND TECHNIQUES

2.1. INTRODUCTION

The last decade has witnessed a progressive uptake of artificial intelligence techniques for water 
management applications, such as the deployment of data-driven predictive hydrological models, 
classification routines using remote sensing data, and machine-assisted optimization/control 
routines in water systems amongst others. However, it was in recent years that the development 
of increasingly complex and capable ANN architectures powered rapid technological progress 
within the context of water science and practice.  

For example, recent developments have shown that neural network systems that exploit global data 
outperform short and medium-term classical meteorological forecasting systems (Bi et al., 2023). 
These technologies have a high potential for transfer in areas such as hydrological forecasting 
systems and to accelerate the solution of computationally expensive physics simulations relevant 
for water systems (e.g. computational fluid dynamics).  

Although AI technologies have the potential to unlock new capabilities in the context of water 
management, these developments are also subjected to several limitations. For instance, data-
driven methods often require access to large-scale (space and time) and high-quality measurements, 
which sometimes are not representative of extreme values (which are of fundamental interest for 
water management). Additionally, the lack of interpretability or explainability of these models is 
highly relevant since their output directly (or indirectly) drives decisions and control over critical 
processes and structures. This may hamper their operational deployment. 

This chapter provides an overview of the earliest and more recent developments in AI, focusing 
on relevant concepts and techniques applied in the field of water management. Section 2.2 
introduces general concepts of AI and ML by explaining the main learning approaches and the 
developments of ANNs and deep learning (DL). The chapter finishes with Section 2.3, describing 
specific techniques and algorithms commonly used in water management.

2
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Machine Learning is a subfield of Artificial Intelligence, which refers to the creation of mathematical 
structures or algorithms that learn from data and that draw valid outcomes when confronted with 
unseen observations (known as “to generalize”). The three main learning strategies in the 
context of AI are often categorized as supervised, unsupervised and reinforcement learning. Other 
learning strategies are often variations or hybrids of these main strategies. Examples of such 
strategies are transfer learning and zero-shot learning. 

Within Supervised Learning, the model is trained by supplying a labelled dataset. This consists of 
input-output pairs, which are carefully curated prior to the training phase. During the training phase, 
the algorithm is allowed to learn and adjust its parameters to reproduce this dataset as closely as 
possible. The model is then used to make predictions on new unseen input in its evaluation or in its 
inference (operation) mode. The creation of labelled datasets represents a fundamental part of the 
training of AI models since it must ensure unbiasedness and be sufficient to generalize the objective 
task. Preparing and curating data is often one of the costliest phases in AI applications.  

Unsupervised Learning uses an unlabelled dataset, without predefined output variables, to discern 
specific key features in the dataset, such as underlying structure or patterns. Examples of tasks that 
use Unsupervised Learning are clustering, dimensionality reduction or anomaly detection systems. 
Additionally, semi-supervised learning is a hybrid approach in which a model mixes labelled and 
unlabelled datasets in the learning process. 

Reinforcement Learning (RL) is a type of machine learning where an agent learns to make decisions 
by interacting with an environment. The essence of RL is to learn the best actions to take in different 
situations to maximize a cumulative reward. It is distinguished by its focus on an agent learning 
from the consequences of its actions, rather than from being told explicitly what to do, which mimics 
the way living beings learn from experiences in the real world. RL is used in various applications 
where explicit programming of optimal behaviour is challenging, such as in control systems, 
autonomous vehicles, robotics, and more. It has been responsible for significant achievements, 
including mastering complex games like Go and chess, optimizing energy consumption in data 
centres, and advancing the field of robotics (Silver et al., 2018).  

Training ANN systems often requires a very large amount of data or observations. A key aspect 
in the application of these models is Transfer Learning. This implies that an algorithm is trained 
on a very large collection of general observations, with some of the parameters being reused 
when adapting the model to an adjacent application. For instance, computer vision models are 

2.2 GENERAL AI AND ML CONCEPTS

2.2.1. Learning Approaches
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often trained to classify images using RGB imagery from millions of examples. However, when 
deploying the algorithm in practical applications (e.g. for example to interpret thermal images 
or satellite imagery, for which the original training set did not contain examples), the parameters 
trained in the large dataset are directly ported, and part of these parameters are “refined” using a 
much smaller set of tailored examples.  

2.2.2. Neural Networks and Deep Learning 

Artificial Neural Networks (ANNs) are mathematical architectures inspired by the biological 
neural networks that constitute the animal brain. They consist of layers of interconnected nodes 
or “neurons”, each of which perform simple computations. By processing data through these 
layers, neural networks can perform complex tasks, such as image and speech recognition, without 
explicitly being programmed for those tasks. The simplest form of a neural network is the perceptron, 
which consists of a single layer of neurons. Modern applications use multi-layered networks, also 
known as deep neural networks, to handle more complex tasks (see Figure 3). 

FIGURE 3. Conceptual scheme of a perceptron (left) and a deep neural network (right). 
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Deep Learning (DL) is a subset of machine learning that deals with neural networks that contain 
multiple layers, hence the term “deep.” These networks can learn hierarchical representations 
of the data they are trained on, making them effective for tasks that involve large amounts of 
unstructured data, such as natural language processing, computer vision, audio recognition, 
timeseries classification or prediction etc.  

Individual neurons transform the input data based on an activation function and a set of parameters 
(defined by the chosen ANN architecture). Neural networks are “trained” for a particular task by 
showing input–desired output example sequences. Using the backpropagation algorithm, these 
training points are used to adjust the weights (or parameters) of different sections of the neuronal 
network, such that some objective metric (also known as loss function) is optimized against a ground 
truth. Typical applications involve the adjusting of millions to trillions of parameters. Consequently, 
this training process requires large datasets and significant computational resources, which often 
involve the use of powerful graphical processing units (GPUs) or specialized hardware, such as 
tensor processing unit (TPUs) servers. 

A Convolutional Neural Network (CNN) is a type of deep learning model specifically designed 
to process grid-like data structures, such as images, through the application of convolutional 
layers. These networks are tailored to detect patterns like edges, textures, or shapes, allowing for 
hierarchical feature learning. 

There are a large number of strategies (e.g. activation functions, convolutional operators, loss 
functions etc.) behind the construction of ANN architectures. Different mathematical strategies can 
be exploited to achieve desired properties of the final networks. For instance, a CNN may deploy 
dilated convolutions as a means to increase the focal range of convolutional layers and increase 
spatial context, or the use of residual transfer between layers in encoder-decoder networks, as used 
by U-Net (Ronneberger et al., 2015) to improve high-spatial frequency details in segmentation 
tasks. The configuration of the architecture is often designed by expert judgement and often adds a 
layer of subjectivity to the process. However, Automated Machine Learning (AutoML) tools, such as 
Neural Architecture Search (NAS), offer a way to automate and optimize the selection of network 
architectures, reducing human bias and improving performance through systematic exploration. 

NNs and DL architectures have significantly expanded model capabilities with respect to classical 
machine learning, generating breakthroughs in various fields, from autonomous vehicles and 
weather forecasting, drug discovery to language translation and satellite image processing. 
Despite their success, these methods are not without challenges, including the need for large 
amounts of labelled data, vulnerability to adversarial attacks, and the difficulty in interpreting their 
decision-making process.
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2.2.3. Explainable Artificial Intelligence (XAI)
The success of DL models stems from a combination of efficient learning algorithms and their large 
parametric space that may comprise hundreds of layers and millions to billions of parameters. As a 
result, DL models can be considered as complex black-box models, which can make decisions from 
a DL model difficult to comprehend and trust (Ali et al., 2023).  

Understanding the ‘why’ behind model predictions is vital for learning, ensuring fairness, safety, 
and trust, especially in high-impact scenarios such as in high-risk environments or when addressing 
biases (Molnar, 2022). Gunning and Aha (2019) brought up the idea of eXplainable Artificial 
Intelligence (XAI). XAI comprises a suite of ML techniques that produce more explainable models 
while maintaining a high level of learning performance (e.g., prediction accuracy), and enable 
humans to understand, appropriately trust, and effectively manage the emerging generation of 
artificially intelligent partners. 

Ali et al. (2023) considers explainable ML in the four axes in the typical AI pipeline:  

•	 Data explainability involves techniques that enhance understanding of the datasets used 
in the training and designing of AI models. Key aspects to consider include Exploratory 
Data Analysis (EDA), explainable feature engineering, dataset description standardization, 
dataset summarizing methodologies, and knowledge graphs. 

•	 Model explainability aims to create AI models that are inherently more interpretable and 
understandable.  

•	 Post-hoc explainability targets models that are not readily interpretable by design, by 
resorting to diverse means to enhance their interpretability. 

•	 Assessment of explainability involves evaluating and measuring the level of explainability 
for AI systems. It gained importance after proposals for EU laws regulating AI. 
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FIGURE 4. Mapping of AI techniques with relevance for water management.

2.3 TECHNIQUES AND ALGORITHMS 
APPLIED IN WATER MANAGEMENT 

Figure 4 shows a scheme of the most relevant AI techniques for water management evaluated 
in this section, including applications such as predictive models, data-driven representations of 
physically based models also known as ‘emulators’, artificial vision sensing systems, or natural 
language processing. These are elaborated in the following subsections. 
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2.3.1. Data analysis, regression and predictions
A common workflow for a machine learning project is to start with a data analysis to gain insights 
and prepare the dataset for modelling. A technique like clustering plays an important role in 
understanding underlying patterns within the data and can be used as a data analysis tool. Prediction 
is the overarching goal in many machine learning tasks. Tasks like classification and regression 
learn from labelled data and make predictions about the unseen instances. Unsupervised learning 
algorithms are often used during exploratory data analysis to identify clusters of data or relevant 
features. On the other hand, supervised learning strategies are then used to create classification 
or predictive models based on the identified relevant inputs. Furthermore, data assimilation and 
uncertainty quantification are increasingly explored in prediction tasks, leveraging machine 
learning algorithms to enhance accuracy and reliability.    

K-Means Clustering is perhaps the most well-known clustering algorithm. It partitions data into K 
clusters based on the Euclidean distance between data points and cluster centroids. It is simple, fast, 
and works well for spherical clusters. However, it assumes that clusters are of roughly equal size 
and have similar densities, which might not always be the case and requires the pre-specification 
of the expected number of clusters (which influences the solution). Figure 5 illustrates the clustering 
of data points resulting from K-means clustering.

•	 Data exploration, where clustering helps to gain an initial understanding of the data by 
revealing inherent structures and relationships among the data points. 

•	 Feature engineering, where clustering can be used as a preprocessing step to derive new 
features or variables that capture the essence of each cluster. 

•	 Anomaly detection, where clustering can assist in identifying outliers or anomalies within the 
dataset, which may represent critical insights or anomalies requiring further investigation. 

Clustering

Clustering is a technique for grouping data points based on similar features or characteristics. It 
enables to identify natural groups/clusters within the data without prior knowledge of the groups. 
There are several machine learning algorithms that can automate the creation of these data clusters, 
such as K-Means Clustering, Hierarchical Clustering, or DBSCAN (Density-Based Spatial Clustering 
of Applications with Noise). It is important to note that unlike regression analysis and decision 
trees, clustering does not require labelled data (i.e. it uses unsupervised algorithms) and it is often 
employed in the context of:  
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FIGURE 5. K-means clustering for the Iris dataset (source: scikit-learn). A) distribution of 3 variables 
within the Iris flowers dataset, B) K-means clusters projected in a 2D Principal Component Analysis (PCA) 
space, C) ground truth. 

Hierarchical Clustering creates a tree-like hierarchy of clusters, which can be represented as a 
dendrogram. It allows for both bottom-up (agglomerative) and top-down (divisive) clustering. 
Hierarchical clustering is versatile and helps visualize the hierarchical structure of data. However, 
it can be computationally expensive for large datasets. 

DBSCAN is a density-based algorithm that groups together data points that are close to each other 
and have a sufficient number of neighbouring data points. It can discover clusters of arbitrary 
shapes and sizes and is robust to noise. As opposed to other methods (such as K-means clustering), 
DBSCAN does not require to pre-specify the number of clusters. 

Embeddings analysis is another strategy that exploits Neural Network (NN) architectures to cluster 
or classify data. A pre-trained NN is used to propagate the data or observations, and intermediate 
activations (embeddings) from one or more layers of the NN are selected and are used as a lower 
dimensional (i.e. compressed) representation of the original data. This compressed representation 
is then used to discriminate between clusters and extract representative features of the data. 
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Decision boundary Joint probability

DISCRIMINATIVE GENERATIVE

Classification is a supervised learning task that involves assigning predefined labels or categories 
to input data based on their features. The goal is to build a model that can accurately classify 
new, unseen instances into the correct categories, either binary or multiple discrete categories. For 
example, classifying emails as spam or not spam, discriminating between natural or artificial water 
bodies from satellite images, or recognizing handwritten digits. Commonly used classification 
algorithms in machine learning include Random Forest (RF), Support Vector Machines (SVM), 
Naïve Bayes classifiers, ANNs amongst others.  

Regression is another supervised learning task that involves predicting continuous or numerical 
values based on input features. In regression, the goal is to build a model that can estimate 
the linear or non-linear relationship between independent variables and the dependent variable. 
Commonly used regression algorithms include linear regression, decision tree regression, support 
vector regression, ANNs, gradient boosting, etc. 

FIGURE 6. Concept of discriminative and generative models. Left: Discriminative models distinguish 
groups/categories based on previous data, drawing a decision boundary distinguishing these categories. 
Right: Generative models consider the joint probability to learn the underlying structure of the data.

Classification and regression

Time-series prediction

The goal of time series prediction is to forecast its value at some future time t + h using available 
observations from a time series up to a given time. ML models designed for this task can be 
classified into two main categories based on their mechanisms: discriminative, which considers the 
conditional probability, and generative, which considers the joint probability (Han et al., 2021). 
Figure 6 illustrates the difference in concept between discriminative and generative models. 
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Discriminative models, or conditional models, are a class of methods that update information 
based on previous observations. This category includes ML approaches ranging from classical ML 
models to shallow and deep NNs. 

Support vector machines (SVM) is a classical supervised machine learning method, notable for its 
application in nonlinear time series prediction (Moura et al., 2011; Sapankevych & Sankar, 2009). 
Variants like Sequential Minimal Optimization (SMO) (Platt, 1999) and Least Square Support Vector 
Machine (LSSVM) (Suykens & Vandewalle, 1999) have been developed, improving computational 
efficiency and performance. These models, often combined with techniques like singular spectrum 
analysis or within neuro-fuzzy frameworks, enhance predictive accuracy in time series analysis. 

Shallow neural networks also have been employed for time series forecasting. Feed-Forward 
Neural Networks (FFNNs) were one of the most commonly deployed approaches, represented by 
Multi-Layer Perceptron (MLP) and error Back Propagation (BP) (Mellit & Pavan, 2010).  

Unlike FFNNs, Recurrent Neural Networks (RNNs) connect neurons’ output to their inputs (see 
Figure 7). Such a closed-loop provides RNNs the ability of memorizing information involving trend 
and tendency, which addresses the concept of recurrence and temporal autocorrelation implicitly 

(a) Recurrent Neural Network (b) Feed-Forward Neural Network

FIGURE 7. The comparison between Recurrent Neural Network (RNN) and Feed-Forward Neural 
Network (FFNN) which demonstrates that in FFNN there is only one direction for the data to move, 
whereas in RNN there is a loop (Adapted from: Eliasy & Przychodzen, 2020). 
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The Long-Short Term Memory (LSTM) recurrent network (Hochreiter & Schmidhuber, 1997) was 
introduced to overcome several limitations of RNN (such as retaining system memory), also allowing 
additional information to be introduced at each timestep. LSTM are widely used in sequential data 
analysis, prediction and classification tasks in univariate and multivariate domains (Filonov et al., 
2016; Fu et al., 2016). 

Generative models consider the joint probability distribution of both observation X and target Y 
(see Figure 6). It can be used to generate random instances regarding a set of observations and 
targets as well. Key generative approaches in time series prediction include statistical models, 
probabilistic models, and DL models. 

Statistical approaches such as Autoregressive (AR) models and its extensions – e.g. ARMA, and 
versions with external covariates/inputs such as ARMAX – have long been used for time series 
prediction in water management applications. Gaussian Processes (GPs) (Rasmussen, 2004) are 
probabilistic models often used to represent data uncertainties through predictive distributions. 
They adapt well to non-stationary time series by designing specific covariance matrices (Brahim-
Belhouari & Bermak, 2004), and can handle multiple-step forecasting under noisy inputs (Girard 
et al., 2002), and missing points in time series through variational inference in the posterior 
distribution (Damianou & Lawrence, 2015). Bayesian Networks (BNs) and Hidden Markov Models 
(HMMs) are also often used in the context of predictive approaches (Das & Ghosh, 2019; Guo et 
al., 2016). Although these approaches are highly interpretable and robust, they often do not deal 
well with highly complex non-linear processes. 

DL approaches are also often used in the context of time series predictions. For instance, the 
Restricted Boltzmann Machine (RBM) is a generative stochastic ANN architecture aimed at learning 
joint probability distributions from data (Ackley et al., 1985), while Deep Belief Networks (DBN) 
(conformed by stacking RBM structures) can be employed for time series predictions (Kuremoto et 
al., 2012; C.-Y. Zhang et al., 2015). These models have been used in various domains, ranging 
from traffic flow, energy and drought index predictions (Chen et al., 2012; Dedinec et al., 2016; 
W. Huang et al., 2014).  

Generative Adversarial Nets (GANs), introduced by Goodfellow et al. (2020), represent a new 
framework for estimating generative models via an adversarial process (a more detailed description 
of GANs architecture can be found in Section 2.3.3). While primarily applied in image processing, 
GANs are increasingly used for time series prediction in various domains, including stock market 
prediction, building energy consumption forecasting, traffic flow analysis, etc. (Lv et al., 2018; C. 
Tian et al., 2019). GANs are also employed for the generation of synthetic training data (Bowles 
et al., 2018) or data imputation in incomplete multivariate time series (Luo et al., 2018). 

While deep learning models are good at capturing highly non-linear patterns and provide a high 
degree of flexibility, they are also subject to strong limitations. For instance, data-driven methods 
typically require large amounts of data to be trained effectively. This is highly relevant in the context 
of water management, since modelled processes (e.g. extremes of floods with return periods on the 
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order of 100-1000 years) relate to low-probability data for which current observations (e.g. 40-70 
years of hydrometeorological observations) may not contain sufficient information. This may be 
partially addressed by hybrid modelling approaches mixing a physically based model and data-
driven representations (see model emulators in Section 2.3.2). Nevertheless, the interpretability of 
hybrid models is limited, thereby often resulting in “black box” approaches. 

2.3.2. Model Emulation
In this section, AI techniques for model emulation and surrogate models are presented. They include 
classical data-driven emulators and advanced NN architectures, which will be elaborated in the 
next sections. 

When simulating physics, we typically propose (our best understanding of) fundamental equations, 
often in the form of partial differential equation (PDEs) systems to a given spatial and temporal 
domain. Other complex simulations may also take the form of simplified conceptual models (e.g. 
distributed hydrological or integrated catchment models), which due to their scale (i.e. catchment, 
regional or continental scale) might also result in computationally demanding formulations. 

Resolving the simulated process requires the iterative solution of these equations for the entire 
domain. Although the computational power at our disposal is continuously growing, many practical 
numerical solutions may require hours or months of compute time. This limits the use of high-fidelity 
simulators and hampers their use in applications such as in real-time control/predictions (where 
speed is a need), probabilistic design, or the quantification of errors and uncertainties (sampling 
intensive applications). 

In general, the term emulator or surrogate model are often used interchangeably. However, 
surrogate modelling refers to the creation of a simplified model, which approximates the solution of 
a more complex or computationally expensive simulator (e.g. model order reduction). On the other 
hand, emulators are a type of surrogate model, in which an alternative mathematical representation 
attempts to represent a particular output from the original model as close as possible. Model 
emulators often take the form of statistical data-driven methods or deep learning applications, 
which are trained to represent the link between inputs/boundary conditions and the solution of a 
complex simulator in the entirety or part of the domain. 

Classical ML emulators employ methods such as Gaussian Processes (GPs) or Polynomial Chaos 
Expansion (PCE) and are regularly used in many engineering and physics disciplines to accelerate 
the estimation of a computationally expensive simulator’s response. 

Classical data-driven emulators
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Advances in Neural Network architectures for 
model emulation

NN structures have been used extensively to emulate numerical models. As highlighted in the 
previous section on classical approaches, this involves creating a mapping between the model’s 
input and output spaces. Brute-force “interpolation” of these spaces recurrently results in the curse 
of dimensionality, preventing generalization across spatial and temporal domains (thus requiring 
constantly retraining the emulator in each model application, for instance when having different 
input time series or within a different location). In recent years, several innovative NN architectures 
have been devised to address different limitations of classical emulators. This is often done by 
proposing ANNs that address the solution of the PDEs independently of the grid or discretization 
of the domain, or that constrain the learning process such that the desired solution is acquired 
with less observations. A few relevant solutions are explained below that illustrate these recent 
advances. 

Polynomial Chaos Expansion (PCE) is a method used to create a mapping between multi-dimensional 
data spaces (Xiu & Karniadakis, 2003) using a series of orthogonal polynomial functions. The 
weights of each polynomial are trained based on couples of known (i.e. sampled) input-output 
combinations from the original model. In such a way, a PCE expression may be directly used to 
relate a link between several input variables and a multidimensional output (which can be a time 
series or a time-varying spatial process).  

Gaussian Processes (GPs) are a class of probabilistic models used extensively in ML for regression 
and classification tasks. GPs are used often in emulator applications in water applications (Carbajal 
et al., 2017) and are also strongly connected to geostatistical (e.g. Kriging) spatiotemporal 
modelling, used widely in data-assimilation and geospatial data analysis in water management.  

Both PCEs and GPs are ML methods often used in probabilistic modelling, uncertainty propagation, 
and emulation schemes in many engineering disciplines. Once trained, the emulator is used to 
“interpolate” the response of the model at a new location/time or under different combinations 
of inputs/parameters. However, the number of encoded input dimensions is usually limited (to 
2-10 global parameters) due to the dimensionality curse (the number of samples required to train 
the emulator grows non-linearly with the number of varying factors). This makes it considerably 
challenging when encoding time series inputs (e.g. rainfall series) in classical emulator schemes 
directly (Moreno-Rodenas et al., 2018).  

Generalizing an emulator to higher dimensional spaces is the essential element to allow for the 
adoption of practical data-driven approaches in many areas of water management. This implies 
that once trained, the emulator can represent changes of dynamic inputs (time-space variability), 
boundary conditions or grid (e.g. different geometries in which the physics are evaluated).  
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Physics Informed Neural Networks (PINNs) (Raissi et al., 2019) and their variants, are an extension 
to a NN which enforce physical constraints on the training process. Within the backpropagation 
scheme in the training of NNs, a set of known inputs to outputs are used to iteratively update the 
internal NNs parameters. The update is performed by using a certain objective metric (also known 
as loss function), which defines how well the current inference of the NN approximates the ground-
truth supplied during training. PINNs include this “observation” loss (also known as data loss), 
along with an additional loss term which relates to how closely the current solution complies with 
a physical property (for instance the conservation of momentum). By using this modified loss, it is 
expected that PINNs result in more physically accurate representations, especially under limited 
data availability, also leading to better extrapolation performance of the model, although this 
depends on the characteristics of the underlying PDE and training scheme (Fesser et al., 2023) 

Neural Operators represent a significant advancement in DL, extending traditional NNs to learn 
mappings between infinite-dimensional function spaces, rather than between finite-dimensional 
Euclidean spaces or sets. The principal idea behind neural operators is learning a continuous, 
discretization-invariant representation of the PDEs functions. 

An extension of this ANN training paradigm is the development of Physics-informed Neural 
Operators (PINOs), which incorporate physical laws directly into the learning process, enhancing 
the model’s ability to generalize from limited data by enforcing physical constraints alongside the 
data-driven learning objectives​. Two techniques developed in this category are Fourier Neural 
Operators (Z. Li et al., 2021) and DeepONets (Lu et al., 2021). This field is rapidly advancing 
with variants and combinations of various techniques and operators. 

Fourier Neural Operators (FNOs) (Z. Li et al., 2021) use Fourier transforms to capture the underlying 
spatial features of the input functions. Traditional NNs directly manipulate the spatial or temporal 
data, while FNOs transform the input functions into the frequency domain using the Fourier transform. 
This frequency-based approach allows FNOs to efficiently deal with the high-dimensional data 
and complex dependencies characteristic of PDEs, bypassing the need for extensive discretization 
required in classical numerical schemes. One of the key advantages of FNOs is that they generalize 
well across different scenarios and conditions, even from limited training data, by capturing the 
essential physical laws governing the system dynamics in a compact, learnable form. 

DeepONet (Lu et al., 2021), short for Deep Operator Network, is another novel approach in AI 
furthering the concept of neural operators. DeepONet addresses the function operator learning 
problem by using a branch and trunk architecture: the branch network learns representations of 
the input function at a discrete set of points, while the trunk network learns the dependence on 
the evaluation point of the output function. The outputs of these networks are then combined to 
approximate the action of the operator on the input function. 
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This architecture (see Figure 8) allows DeepONet to approximate a wide variety of linear and 
nonlinear operators accurately, making it highly versatile for tasks in scientific computing, such as 
solving differential equations, modelling physical systems, and in fields like material science and 
fluid dynamics. The approach has shown promising results, offering a way to leverage the power 
of DL for problems traditionally solved with more computationally intensive numerical methods. 

Graph-Neural Networks (GNNs) extend the DL paradigm to graph-structured data, addressing 
a wide array of problems where data are represented as graphs. These networks capture the 
dependencies among nodes within a graph, considering explicitly nodes and edges relations. They 
operate by aggregating information from a node’s neighbors, iteratively updating representations 
through layers to capture both local structures and global graph topology, enabling prediction 
of node and graph-level properties. An example on the use of GNNs for hydrometeorology is 
Google’s GraphCast, an AI GNN model designed to perform data-driven predictions of weather 
variables (Lam et al., 2023). GNN can be used to learn the connection between discretized cells 
within a computational domain. This allows learning the transition of states between neighboring 
cells (such as the ones performed when resolving discretized PDEs). GNNs show a promising way 
to generalize across grids, for instance in the context of a flooding model, or to create an emulator 
scheme that can be generalized across digital elevation models or changes in boundary conditions 
(Bentivoglio et al., 2023). GNNs have also been used to optimize water leak detection in urban 
water networks (e.g. Zanfei et al., 2022), as illustrated in Figure 9. 

FIGURE 8. Conceptual scheme of the unstacked DeepOnet network.
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FIGURE 9. The use of Graph-Neural Networks (GNNs) for leak detection in urban water networks 

In this section, AI techniques for computer vision are presented. They include Convolutional Neural 
Networks, Generative Adversarial Networks and Zero-Shot Learning models. 

Computer Vision is a field of sensing that focuses on enabling computers to interpret and 
understand the visual world. Processing data from images or videos captured by drones, satellite, 
CCTV cameras, computer vision aims at extracting patterns that define certain processes under 
observation. Classical computer vision routines required the definition of hand-tailored filters and 
rules (e.g. brightness or colour filters), which are sometimes sufficient to extract visual patterns 
under environmentally controlled conditions (e.g. a laboratory). However, even small changes in 
those conditions can significantly lower the performance of those approaches.  

Deep learning vision models have proven to generalize across many vision tasks and are robust 
to changes in lighting or environmental conditions, such as those seen in field applications. These 
models are currently routinely used in robotics, automated vehicles, drones etc. Additionally, in the 
field of water management they represent a very relevant tool allowing for deployment of optical 
monitoring solutions for water processes, such as rainfall intensity, flood extent, among others 
(Moreno-Rodenas et al., 2021; Moy de Vitry et al., 2019). 

2.3.3. Computer vision models
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Convolutional neural networks

•	 Image classification: Discrimination between types (binary or categorical) of images. 

•	 Object detection: Labelling and identifying the location of an object within an image, 
typically involving the inference of bounding boxes geometries. 

•	 Semantic segmentation: Labelling extensively regions of an image (classification at the 
pixel level within an image) 

•	 Instance segmentation: Labelling extensively regions of an image, yet simultaneously 
identifying individual instances of such region. 

Convolutional Neural Networks (CNNs) have become the backbone of modern computer vision 
systems. These models automatically learn hierarchical feature representations from images, 
making them effective for tasks such as image classification, object detection, facial recognition, 
and image segmentation. CNNs rely on convolutional layers, where filters (also known as kernels) 
are applied to the input images to extract features such as edges, textures, or patterns. These 
filters are convolved (i.e. tiled over the image) to produce a feature map. This feature map is a 
representation of the input image where certain features are highlighted. By selecting different 
architectures, CNNs can be configured for different tasks, such as: 

A visual summary of image processing schemes can be found in Figure 10. 

Image
Classification

seal seal, seal, seal seal, background seal, seal, seal

Object
Detection

Semantic
Segmentation

Instance
Segmentation

FIGURE 10. Typical output schemes of image processing architectures. 
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FIGURE 11. Encoder-decoder architecture for image-segmentation in a pollutant mapping application 
(From: Moreno-Rodenas et al., 2021). 

Within the context of image processing, CNNs are often configured as an encoder-decoder 
architecture (see Figure 11), in which in an iterative approach, several convolutional layers 
evaluated in chain, progressively lower the dimensionality of the original image (encoder). From 
this compressed version of the image, a decoder is trained to decompress the image to a desired 
output format (e.g. a semantic-segmentation scheme).  

Many CNN architectures are described in the literature, addressing different desired properties. 
For instance, the U-Net architecture is a popular CNN scheme originally designed for biomedical 
image segmentation (Ronneberger et al., 2015) and often transferred to many applications from 
satellite imagery processing to CCTV cameras. 

Generative Adversarial Networks

Generative Adversarial Networks (GANs) are a class of AI algorithms not restricted but often 
used within the field of computer vision. This unsupervised ML technique was first introduced by 
Goodfellow et al. (2020) and consists of two NNs coupled, a Generator NN and a Discriminator 
NN, which are trained simultaneously through a competitive process. 
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FIGURE 12. Schematization of a Generative Adversarial Network (GAN) for image-based 
generation. 

•	 The Generator aims to produce data (such as images, videos, or text) that is indistinguishable 
from real data. It learns to generate plausible data samples by starting from a random 
noise input and attempting to mimic the distribution of the real data. 

•	 The Discriminator is a classifier that tries to distinguish between real data (drawn from the 
training dataset) and fake data (created by the generator). It evaluates the samples it receives 
and learns to identify the differences between genuine and artificially generated instances.

Although the Generator and Discriminator can be any type of NN, typically for image-based 
applications CNNs are utilized to both generate the sample data and to categorize the image as 
real or fake. However, for other applications a suitable network is chosen, for instance, LSTMs are 
utilized when the application is based on time series data.

The training process of GANs involves a competition where the generator tries to fool the 
discriminator by producing increasingly convincing fake data, while the discriminator gets better at 
telling the difference between real and fake. The competition drives both networks to improve their 
performance until the generator produces highly realistic data. GANs have several applications, 
including but not limited to:

•	 Image Generation: Creating realistic images from scratch.

•	 Style Transfer: Modifying images or videos to adopt a different style, such as converting 
nighttime imagery to daytime, removing visual clutter, or correcting environmental conditions 
(such as fog, droplets or other debris in a lens).

•	 Data Augmentation: Generating new data samples for training machine learning models, 
especially useful when real data is scarce.
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The innovation of GANs has significantly advanced the field of generative models, offering powerful 
tools for data generation, artistic creation, and advancing scientific research by generating realistic 
datasets for training other ML models.

The supervised learning strategies common in computer vision (and natural language processing 
as well (see Section 2.3.4) often require very large datasets, containing vast amounts of labelled 
data for each class, which are generally costly to obtain and curate. Creating these datasets 
can be a very time-consuming effort, motivating the search for alternative learning strategies to 
handle these data limitations better. An alternative training scheme for visual imagery is the n-shot 
learning, where a model is configured to learn generalized concepts from imagery, often encoded 
as an embedding. These embeddings are used to make links between previously seen and new 
object classes. 

Zero-Shot Learning (ZSL) enables a model to make predictions for classes that were not seen during 
training, i.e. unseen classes. A classic illustration of this technique, is the ability to recognize a 
zebra, based on a picture of a horse combined with the explanation that a zebra looks like a 
horse with black and white stripes. In this way ZSL uses semantic information to bridge the gap 
between unseen and seen classes. Figure 13 illustrates a ZSL structure. It involves relating vector 
embeddings from the seen classes with the unseen class, to perform zero-shot prediction on an 
image from a novel class.

Zero-shot Learning models

•	 Super-resolution: Enhancing the resolution of images. For instance, downscaling satellite data 
from coarse to high resolution. 

•	 Image-to-Image Translation: Converting images from one domain to another, such as turning 
sketches into photorealistic images.
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FIGURE 13. Concept of the Zero-Shot Learning process.

Implementation of ZSL models spreads across various applications and involves a diverse range 
of methods: 

Attribute-based ZSL resembles conventional supervised learning but in this case a classification 
model is trained on labelled features of data classes rather than on labelled examples in each 
data class. Characteristics like colour, shape, size are possible labelled features. In this way, the 
zero-shot classifier can make predictions on unseen classes if features from seen classes relate to 
features in the unseen classes. 

Embedding-based methods utilize semantic embeddings (low-dimensional vector-like representations 
of complex text, audio or image data) to represent both classes and samples. An example of two 
image embeddings is shown in Figure 14, where both the image of the bird and the dog are 
represented by an attribute vector with various features as having a tail, fur or feathers. Besides 
attribute vectors, there can be other types of embeddings as well. 
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FIGURE 14. Two semantic embeddings using attribute vectors.

When embeddings of known and unknown classes are projected onto the embedding space, 
the calculated distance between the embedding of a data sample and of a class predicts the 
probability of similarity. In Figure 15 the distance between related semantic embeddings (e.g. the 
embeddings of a picture of a cow and of the text “cow in a field”) is small, implying they are similar 
in meaning or representation. Figure 15 also shows the possibility of embeddings of different 
data modalities represented in the same vector space, enabling comparison between them (see 
below for an elaboration on multimodality). The process of creating embeddings for images, 
text or other data modalities often benefits from the repurpose of pre-trained models, a method 
called transfer learning (see Section 2.2.1). This significantly reduces training time and enhances 
the overall performance of the model. Transformer-based text encoders like BERT (‘Bidirectional 
Encoder Representations from Transformers’) for text embeddings or the encoder networks of pre-
trained CNNs for images are commonly used. 
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“A group of colorful chairs”

“A cow standing in a field”

FIGURE 15. Images and text are embedded as vectors in the same semantic space where the 
distance between the embeddings discloses the probability of similarity (this scheme depicts this in an 
hypothetical 2D embedding space, however actual embeddings can have dimensionality on the order 
of 100s-1000s). 

Generative-based methods learn a model to generate images or visual features for the unseen 
classes based on the samples of seen classes and semantic representations of both classes 
(Pourpanah et al., 2022). To generate the synthetic data samples GANs (described below) can be 
used, or Variational Autoencoder (VAEs) for the generation of visual features. In this way the ZSL 
problem is transformed to a conventional supervised learning problem. 

Common ZSL applications in the field of computer vision are image classification, object detection 
and segmentation, shown in Figure 10 and explained below. Some popular models operational 
for these applications are: 

•	 The Contrastive Language-Image Pre-training (CLIP) model is a zero-shot classifier launched in 
2021 by OpenAI. It is multi-modal and combines two different data modalities: images and 
text. A given image is classified by CLIP resulting in a textual output by the model of what 
the image displays. Besides image classification, the model can be used for localization and 
object detection. 

•	 ALIGN, similar to CLIP, is a multi-modal zero-shot classifier model from Google, trained on a 
noisy dataset with more than one billion alt-text pairs. The dataset is considered noisy since it 
is obtained without expensive filtering or post-processing steps (C. Jia et al., 2021). 
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Natural Language Processing (NLP) is a subfield of linguistics, computer science, and AI concerned 
with the interactions between computers and human (natural) languages. It involves enabling 
computers to understand, interpret, and generate human language in a valuable way. Through 
NLP, machines can process and analyze large amounts of natural language data to perform tasks 
such as translation, sentiment analysis, speech recognition, and chatbot functionality.

Large Language Models

2.3.4. Natural Language Processing

•	 Text Generation: LLMs can generate coherent and contextually relevant text based on a 
given prompt. This capability is useful for applications like content creation, chatbots, and 
language translation.

•	 Understanding Context: These models are adept at understanding the context of a 
conversation or text, allowing them to provide responses that are relevant to the ongoing 
discussion.

•	 Learning from Examples: LLMs can learn the nuances of language, including grammar, 
style, and even cultural references, from the data they are trained on, without explicit rule-
based programming.

•	 Transfer Learning: Once trained, LLMs can be fine-tuned with smaller datasets for specific 
tasks (a process known as transfer learning, see Section 2.2.1), making them adaptable 
to a wide range of applications beyond their initial training.

Large Language Models (LLMs) are a specific type of ML model within the field of Natural Language 
Processing that have been trained on vast amounts of text data. These models are designed to 
understand, generate, and interact with human language in a way that can mimic human-like 
understanding to a significant extent. Key characteristics and capabilities of Large Language 
Models include:

•	 The Segment Anything Model (SAM) from Meta was launched in April 2023. It is a zero-shot 
image segmentation model, where you can either prompt the image with points and boxes 
or segment all instances automatically. The model involves three interconnected components: 
a “promptable” segmentation task, a segmentation model (SAM) and a data engine for 
collecting a large dataset of over 1 billion masks (Kirillov et al., 2023).
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•	 Retrieval Augmented Generation (RAG): A common strategy used to refine the output 
of LLMs by supplying contextual information within the input phase. This allows better 
conditioning of LLMs outputs with extra information without the need for an explicit 
retraining of the network’s parameters.

The development and deployment of LLMs have significantly advanced the field of NLP, leading to 
improvements in various applications that require natural language understanding and generation. 
However, their deployment also raises ethical and technical challenges, including biases in the 
training data, and the potential for misuse in generating misleading information. 

One of the most famous examples of LLMs is ChatGPT, developed by OpenAI within the Generative 
Pre-trained Transformer (GPT) series. ChatGPT handles a wide variety of topics, including 
specialized scientific and technical concepts (its training dataset includes a vast array of text 
from the internet, such as books, websites, articles, and other forms of written communication). 
ChatGPT’s architecture is built upon the advancements in ML and NLP, notably the transformer 
model architecture introduced by the “Attention Is All You Need” paper (Vaswani et al., 2017). 

The transformer model architecture allows the NN to focus on different parts of the input text to 
generate coherent and contextually relevant responses. Figure 16 shows the transformer architecture 
with its encoder and decoder components. Both components contain several layers, but the encoder 
processes the input text and the decoder generates the output text or target language. Before the 
input is received by the encoder the input text is tokenized and then encoded via an embedding 
layer. In this layer, each word or token is assigned a unique vector, with the vectors capturing 
semantic relationships between words. The encoder extracts the relevant information from this 
embedded input text and outputs a continuous representation for the decoder to process. The self-
attention layers in both the encoder and the decoder allows the model to identify dependencies 
between words, important to process or generate contextual information. 
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FIGURE 16. The transformer model architecture with its encoder and decoder components.

LLMs can automate the parsing and contextual extraction of information opening the possibility 
to collate and explore large amounts of information in a systematic manner. In addition to the 
generalized conversational agents, the use of transfer learning can enhance the specificity of 
the trained architecture to specialized topics. Its plausible to think of an LLM system trained over 
all digitally stored water resources literature, or a system specifically trained to automate the 
conceptualization and deployment of a numerical model related to water management in a new 
area. 
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Knowledge management in the context of LLMs refers to the process of organizing, storing, and 
retrieving the vast amounts of information LLMs are trained on. It involves efficiently accessing the 
learned patterns, facts, and insights from their training data to provide accurate and contextually 
relevant answers to queries. This is achieved through advanced ML techniques, enabling LLMs to 
synthesize and apply knowledge from diverse sources, enhancing their ability to support decision-
making, problem-solving, and learning in various applications. This type of system still faces 
multiple challenges:

Multi-modality: LLMs, which can process and understand more than one type of input data, such 
as text, images, audio and video, have also been developed. In the context of multi-modality, LLMs 
can, for instance, analyze an image and generate descriptive text, understand spoken language 
through audio input, or even generate text responses based on a combination of text and image 
inputs. This capability is particularly useful in applications such as:

The development of multi-modal LLMs involves complex ML techniques that can handle the distinct 
features of different data types, learn cross-modal relationships, and perform tasks that require 
an understanding of multiple forms of input. This advancement opens new possibilities for AI 
applications, making interactions with technology more natural and intuitive for humans.

•	 Dynamic Knowledge Updates: LLMs do not (yet) have the ability to dynamically update 
their knowledge base with new information after their training phase is complete. Their 
knowledge is static and reflects the state of the world up to the point they were last trained.

•	 Accuracy and Reliability: While LLMs can store and recall vast amounts of information, the 
accuracy of their outputs can vary. The model’s responses are based on patterns in the data 
it was trained on, which may not always reflect current or accurate information.

•	 Content Creation: Generating content that combines visual elements with descriptive text.

•	 Assistive Technologies: Helping visually impaired users understand content through descriptive 
text of images or videos.

•	 Educational Tools: Creating interactive learning experiences that combine textual information 
with visual aids.

•	 Agents and expert knowledge: Automation of workflows such as model construction and 
conceptualization, data pre- and post-processing etc.
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3.1. WATER RESOURCES MANAGEMENT

3.1.1. Surface water supply

Recent advancements in AI technologies have resulted in a growing number of applications 
dedicated to integrated water resources management (Ghobadi & Kang, 2023; MM Jibril et 
al., 2022; Sit et al., 2020). This section explores AI’s role in operations related to water supply, 
hydropower generation, applications relevant to the cryosphere, sediment transport and 
management, agriculture and irrigation, as well as its contribution to the water, energy, and food 
nexus. 

ML has been instrumental in surface water management since the 1990s, initially applied to 
reservoir operations (Fedra, 1993; Ibrahim et al., 2022) and subsequently extending to a wide 
range of areas. These include tools assisting on the design of water infrastructure like dams and 
distribution networks (Garzón et al., 2022; Hariri-Ardebili et al., 2023), prediction of streamflow 
(Meshram et al., 2022), water allocation (Allawi et al., 2018; Dashti Latif et al., 2021), pipe 
leak detection (Babovic et al., 2002; Fan et al., 2021; Olsson, 2021), energy-efficient operations 
(Studziński & Ziółkowski, 2020), demand forecasting and water conservation (Omar et al., 2023; 
Zanfei et al., 2023). 

A common application of AI is the training of surrogate models or emulators to replace traditional 
water balance and reservoir simulation models (Chang F.-J. et al., 2016; Dashti Latif et al., 2021). 
Yang et al., (2021) compared a wide array of AI techniques such as linear regression, SVM, kNN, 
decision trees and ANN in reservoir operations over the Colorado Basin. Similarly, Zarei et al., 
(2021) compared various techniques for forecasting streamflow for reservoir operations in Iran, in 
particular for forecasting monthly reservoirs inflows with 1- and 2-month time lag.

APPLICATIONS 
OF AI FOR WATER 
MANAGEMENT

3
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Also, there are several examples in which hydraulic urban water models (SOBEK, EPA-SWIMM 
or WaterCAD) are emulated (Razavi et al., 2012). Machac et al. (2016) proposed an emulator 
for the single-channel routing component of EPA’s Storm Water Management Model (SWMM) and 
compared the efficiency of alternative approximation techniques based on linear, partial, stochastic 
differential equations. These emulators provide faster running models at the cost of accuracy; their 
performance within the training-testing data domain can be assessed before its use, but they often 
perform poorly when extrapolating. Currently, individual case studies with a limited selection of 
parameters have been emulated. These schemes do not yet generalize across studies, or changes 
in the time-dependent input series, requiring the retraining of the emulator at each instance.

Applications of AI are also promising for operations in water distribution systems, for instance, 
Romano et al. 2014 presented an Event Detection System based on a NNs architecture analyzing 
data on 7,000 pressure and flow sensors to identify leakages and other pipe defects. In this 
context, Dawood et al. (2020) presents a review of AI techniques applied to modelling the pipe 
network deterioration processes. These models can generally identify leakage presence, however 
providing location and quantification is usually limited by the number of monitoring locations.

3.1.2. Groundwater Modelling
Traditionally, the modelling of the subsurface for groundwater at the macro-scale has involved the use 
of large numerical models, implemented using techniques such as finite difference, as exemplified 
by the industry standard USGS software MODFLOW. Typically, these models are constructed at 
the local scale, however this requires careful boundary considerations from the larger global scale, 
which influences local models. This is partly due to the required computational intensity of large 
global models, and partly due to our limited knowledge of the underlying subsurface. Over the 
past decade AI techniques have tried to overcome these problems in multiple ways. 

Well Data Modelling – There have been many studies, where ML techniques try to predict 
groundwater measurements based on well and borehole data (Tao et al., 2022). This typically 
involves the development of models where the time series of a well location is predicted using 
techniques such as RNNs and LSTMs, and spatial distribution is limited to well positions.

Surrogate Modelling / Emulation – With advances in ML techniques for PDE solving such as 
DeepONet and Fourier Neural Operators, there have been several attempts to use these techniques 
to create surrogate models of physically based simulators. These techniques are trained by ingesting 
data from these numerical models and can then provide system responses with execution times at 
several order of magnitude faster. 
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Several applications are found that explore deep learning applications in the context of groundwater 
flow emulators; CNNs (Taccari et al., 2022), DeepONets and FNOs (Taccari et al., 2024a), and 
GNNs (Taccari et al., 2024b). Furthermore, this work has been further developed by a Dutch 
Knowledge program from the Ministry of Economic Affairs (Figure 17) to operationalize these 
applications.

FIGURE 17. Results from a FNO for a groundwater flow calculation.

3.1.3. Hydropower generation
AI applications in the hydropower sector can be broadly grouped under energy demand forecasting 
and the optimization of water releases through turbines. For the former case of energy forecasting, 
AI techniques replace complex models involving a large array of economic, demographic, climatic 
variables such as linear, fuzzy or multiple regression, ARIMA or error-correction models. In most 
cases, these traditional methods (built on linear assumptions) cannot capture the nonlinear patterns 
hidden in the original data and this is where AI techniques become advantageous (Wang et al., 
2011). AI techniques have been shown to outperform traditional optimization methods that are 
commonly based on linear or dynamic programming for hydropower scheduling (Kumar & Saini, 
2021; Villeneuve et al., 2022). 
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Beyond research, several initiatives are exploiting AI applications in the hydro-energy sector. The 
EU-funded XFLEX HYDRO project is introducing AI-driven hydropower technologies to enhance the 
grid stabilization capabilities of hydroelectric plants (Kadam et al., 2022). This includes applications 
such as Zhao et al., (2022), who presented an ANN to predict the onset of instabilities in Francis 
turbines.  

In the commercial domain, the Chinese hydropower giant SPIC developed a proprietary system 
that utilizes drones along with image and sound recognition and infrared thermography to conduct 
real-time assessments at the Wuqiangxi hydropower plant (IHA, 2020). Applications of robotics 
(aerial, submarine, and terrestrial) supported by AI control systems are expected to support in the 
medium-term a significant number of tasks in monitoring applications for hydropower.

3.1.4. Assessment of the cryosphere 
The cryosphere, encompassing all frozen components of the Earth system, holds the largest amount 
of freshwater in the world (Barry and Gan, 2011). Changes in glacier and ice sheet mass, sea 
ice, permafrost, and snow cover directly impact many aspects of the Earth system, from global 
ocean circulations to the local flora and fauna in fragile ecosystems. These changes also impact 
humans locally and globally due to: 1) More frequent and intense cryosphere hazards (glacial lake 
outburst floods, glacier detachments, rock-ice avalanches, permafrost mass movements, icebergs, 
hail and freezing rain events) (Ding et al., 2021); 2) Vulnerability of the world’s “water towers”, 
i.e. decreasing freshwater resources from glaciated and snow-covered mountains that humans 
depend on (Immerzeel et al., 2020); 3) Rising sea-levels caused by melting icesheets (Edwards et 
al., 2021). Thus, changes in the Earth’s cryosphere pose significant threats to lives and livelihoods, 
water and food security, infrastructure, logistics, and the global economy (IPCC, 2022).

ML has emerged as a tool to advance observational analysis, modelling, and prediction of 
cryospheric variables and processes. ML enables scientists to more effectively analyze observations, 
and in particular detect, track, and map cryospheric features. The remote sensing community uses 
techniques from computer vision to automate the extraction and labelling of relevant cryospheric 
features, such as lake ice (Tom et al., 2020), rock glaciers (Robson et al., 2020), icebergs (Barbat 
et al., 2021), supraglacial lakes (Dirscherl et al., 2021), and calving fronts of glaciers and ice-
shelves (Zhang et al., 2021; Mohajerani et al., 2021; Heidler et al., 2022). Similarly, ML has 
been used to analyze signals of other measurement devices, such as lidar, radar, GPS, seismic 
sensors, and more (Umlauft et al., 2023; Cui et al., 2023; Dong et al., 2022). Beyond analyzing 
observations, ML also supports “how” to observe the cryosphere, by suggesting where to place 
sensors to improve the expensive and sometimes dangerous data collection in remote regions 
(Andersson et al., 2023). With the quantity and diversity of satellite data on the rise and several 
in-situ measurement campaigns planned for the coming decade, ML will continue to be crucial to 
efficiently assess the growing volume of cryospheric observations. 



55

ML has furthermore assisted in modelling processes of the cryosphere, by emulating, downscaling, 
and parameterizing classical numerical models. Most notable are works on modelling full glacier 
dynamics and ice flow (Bolibar et al., 2023; Jouvet et al. 2022), and IceNet, a ML sea-ice model 
that outperforms traditional numerical models (Figure 18) (Andersson et al., 2021). 

FIGURE 18. Illustration of the deep learning U-Net model IceNet, and (a-c) prediction of sea ice 
probability (SIP) and (d-f) ice edge region produced with the IceNet model (Adapted from: Andersson et 
al., 2021). 
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Forecasting cryospheric variables of interest is another space in which ML has proven useful. 
For instance, Lai et al. (2020) used CNNs to assess the risk of Antarctic ice shelf disintegration, 
Chance et al. (2024) predict soil temperatures to assess permafrost stability, while (Yousefi 
et al., 2020) forecast multi-hazard risk in mountainous areas, including avalanches, flooding, 
and landslides. Recent advances in ML such as foundation models and hybrid models for Earth 
systems (Eyring et al., 2024; Irrgang et al., 2021; Beucler et al., 2023) will further advance the 
frontiers of forecasting and modelling the cryosphere in the coming years.

Hazards: Particularly relevant for local communities is the progress in monitoring and predicting 
cryospheric hazards with ML to protect infrastructure, and livelihoods. Studies have been 
conducted to monitor and predict GLOFs (see section 2.5.2), glacier movements (Umlauft et al., 
2023), permafrost thaw slumps (Nitze et al., 2021), and avalanches with ML (Pérez-Guillén et 
al., 2022; Choubin et al., 2019). For a successful integration into operational hazard warning 
systems, explainable, causal, and probabilistic ML is needed.

Freshwater: At the intersection of hydrology and the cryosphere, ML offers potential to more 
accurately estimate snow water equivalent (SWE). ML has been used to retrieve SWE from 
remote sensing data (Dunmire et al., 2024; Tedesco et al., 2004), create SWE maps from 
field-data (Broxton et al., 2019), assimilate SWE maps (Cui et al., 2023), and model SWE 
(Liljestrand et al., 2024; Duan et al., 2024; Shao et al., 2022). For a comprehensive review of 
ML for SWE monitoring refer to Hsu et al. (2024). Data from upcoming European Space Agency 
(ESA) missions such as CIMR and ROSE-L, as well as the Canadian Terrestrial Snow Mass 
Mission (currently in development) could boost the ML-assisted development of more accurate 
SWE products, which are needed for hydrology models and water resource management.

3.1.5. Sediment transport and management
Sediment transport in a river system determines the long-term river fluvial processes on a 
macro scale and drives changes in erosion or deposition of local river channels on a micro 
scale. Influenced by variability in river flow, sediment characteristics, riverbed morphology, 
and turbulence and shear stress, sediment movement exhibits high complexity and uncertainty 
in physical processes, which has been further exacerbated under the interactions with the 
surrounding environment, biological processes, human activities, and the nonlinear and chaotic 
behaviour of river systems. The data-driven AI and ML methods therefore have great potential in 
understanding and managing the processes of sediment movement. 

Currently, AI and ML approaches are primarily applied in: (1) Enhancing hydrological 
forecasting and disaster warning capabilities, such as flood and debris flow disaster predictions; 
(2) Improving the calibration efficiency of river dynamic numerical simulation model parameters 
by data preprocessing and cleaning and cross validation; (3) Optimization of sediment 
management strategies from simulating different scenarios, evaluating their impact and selecting 
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the most effective and sustainable solutions, such as dredging, dam construction, and river 
restoration projects; (4) Improved understanding of river dynamics through modelling the complex 
interactions between river flow, sediment transport, and bed morphology.

Based on data-driven methods, AI/ML also face challenges in data availability and quality, model 
complexity and interpretability, and computational resources. By leveraging these technologies, 
the trend of AI/ML approaches focus on: (1) Advancements in data collection and processing; 
(2) Development of more accurate and interpretable models, especially using deep learning 
and ensemble methods to improve the accuracy and interpretability of models; (3) Increased 
collaboration and data sharing, with cross-disciplinary collaboration, standardized data formats, 
and protocols driving the accelerated development of ML models for river dynamics research; 
(4) AI/ML integration with traditional hydrological models to provide a more comprehensive 
understanding of river dynamics and lead to more accurate predictions and better decision-
making of river sediment management.

The complexity of sediment transport in turbulent flows, characterized by nonlinearity and 
influenced by diverse factors such as flow dynamics, bedform changes, and human interventions, 
poses challenges for traditional modelling techniques based on simplifying assumptions. 
In contrast, AI or ML have shown remarkable capabilities in tackling nonlinear problems by 
effectively capturing the underlying relationships in data without being constrained by a priori 
assumptions. By training on extensive measured data, ML models can objectively represent the 
system’s intrinsic structure, offering unique insights compared to deterministic models. 

River dams also have a profound effect on the hydrological balance and sediment conveyance 
capacity of downstream stretches, altering the river’s natural state, as highlighted by the Three 
Gorges Dam (TGD) in the Yangtze River. The ML approaches have been applied to precisely 
quantify the TGD’s effect on runoff and sediment dynamics in the lower reaches. The applications 
objectives encompass: (1) Analyzing actual water and sediment observations from key Yangtze 
stations; (2) Outlining sediment transport theory, underscoring the need for ANNs due to the 
problem’s inherent complexity; (3) Detailing the ANN methodology, including design, training 
protocols, and validation measures; (4) Implementing these models to explore the interplay 
between water-sediment discharge in the middle-lower Yangtze, and precisely quantify TGD-
induced variations’ downstream reach impacts; and (5) Discussing the implications, limitations, 
and future avenues of study, alongside contrasting sediment transport predictions from different 
scenarios of TGP, highlighting the value of ML approaches over traditional models in capturing 
the nuances of post-dam sediment dynamics. 
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3.1.6. Agriculture and irrigation 

3.1.7. Water-Energy-Food Nexus 

In the area of irrigation, the integration of AI with smart irrigation systems, alongside satellite and 
drone-based remote sensing, as well as soil moisture sensors, enables more accurate estimations 
of crop water requirements. For example, Pasha et al. (2020) demonstrate an application for 
detecting areas of over-irrigation or water stress. SVM and other data-driven regression techniques 
are shown to have good potential to estimate water content availability within soil layers (Alvim et 
al., 2022).

With the rapid improvements in computer and mobile communications, new innovations are 
becoming available to farmers. AIDSII, an innovative digital system, merges Internet-of-Things (IoT) 
technologies with AI to facilitate real-time monitoring of irrigation parameters. Utilizing CNN-LSTM 
models, this system classifies, processes, and predicts based on data from IoT sensors (Raouhi et 
al., 2023). The COALA project (Copernicus for Sustainable Agriculture in Australia), funded by 
the EU, has implemented an AI-assisted intelligent monitoring and control system in the Murray-
Darling Basin, Australia. This innovative system provides farms with real-time data on water usage 
and weather patterns. It has demonstrated a remarkable 20% improvement in irrigation efficiency, 
leading to significant cost savings and reduced environmental impacts (Urso et al., 2021).

The Water-Energy-Food (WEF) nexus represents a framework that addresses the mutual 
dependencies among water resources, energy consumption, and food production. Recognizing 
the need for integrated approaches in planning and management, AI emerges as a relevant tool in 
describing complex, interdisciplinary data and facilitating dialogue among multiple stakeholders 
(D’Amore et al., 2022; Z. Feng et al., 2023). NEXOGENESIS2, an EU-funded project involving 20 
partners from Europe and Africa, leverages AI to describe the interplay between water, energy, 
food, and ecosystems. Its objective is to develop a unified strategy for crafting sectoral policies by 
using reinforced learning techniques to propose and optimize their impact on the WEF nexus. This 
is achieved through the development of a Self-learning nexus engine (SLNE), which operationalizes 
the data storage, modelling and optimization of policies in water nexus problems (Echevarria et 
al., 2022).

2 https://nexogenesis.eu/

https://nexogenesis.eu/
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3.2.1. Short and medium range weather 
forecasting

Weather forecasting plays a vital role in flood risk management, with a specific focus on short-to-
medium-term predictions to facilitate early warnings and informed decision-making. This section 
highlights the application of AI, especially DL techniques, in improving the accuracy of weather 
forecasts across different time scales: nowcasting (0-6 hours), short-term (0-3 days), and medium-
range (3-10 days) forecasting.

In the field of rainfall nowcasting, significant advances have been made with the development of 
convolutional, RNNs like ConvLSTM and Trajectory Gated Recurrent Unit (TrajGRU) (Shi et al., 
2015, 2017), which outperformed the traditional extrapolation-based model ROVER (Real-time 
Optical flow by Variational methods for Echoes of Radar) used in operation in the Hong Kong 
area. Since then, subsequent studies have explored various DL approaches, including the U-Net 
CNN (Agrawal et al., 2019) and fully convolutional networks (Ayzel et al., 2020), which, despite 
achieving lower forecast errors, often struggle with overly smooth predictions and underestimation 
of high rainfall values. Generative approaches (Ravuri et al., 2021) aim to address the smoothing 
effect present in most DL models (for rainfall estimations) by sampling the most appropriate prediction 
from the distribution of possible futures instead of returning a single best result. A practical example 
of these advancements is RainGuru3, an operational platform developed by TU Delft and HKV, 
employing TrajGRU (specifically trained on downpours) to provide precipitation nowcasting every 
5 minutes for the next 1.5 hours in the Netherlands.

For short-term weather forecasting, DL methods have been utilized to create surrogate models 
(Aderyani et al., 2022; Hewage et al., 2020, 2021) with techniques like LSTM, CNN and 
temporal convolutional networks, as well as to improve the accuracy of short-term predictions from 
the global numerical weather prediction models (Frnda et al., 2022).

3.2. WATER RISK MANAGEMENT

Recent advancements in AI have significantly expanded its applications within risk management 
involving anomalous hydrological events. This section offers an overview of cutting-edge 
developments and applications of AI techniques across various domains related to water risk 
management, including weather forecasting, flood and drought forecasting, flood extents, real-time 
control systems, infrastructure condition assessment, and flood exposure and impact assessment.

3 https://rainguru.nl/ 

https://rainguru.nl/
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The medium-range weather forecasting has seen rapid advancements between 2022 and 2023, 
with significant contributions from tech giants such as NVIDIA’s FourCastNet (Kurth et al., 2022; 
Pathak et al., 2022), Huawei’s Pangu-Weather (Bi et al., 2023), and Google DeepMind’s 
GraphCast (Lam et al., 2023). These ML-based models have successfully outperformed the 
benchmark set by the traditional Integrated Forecasting System (IFS) models, offering faster, less 
resource-intensive forecasting solutions. The European Centre for Medium-Range Weather Forecasts 
(ECMWF) launched its own ML model AIFS4 (Artificial Intelligence/Integrated Forecasting System) 
alpha version in October 2023, and revised version5 in January 2024. The revised AIFS version 
uses attention-based GNNs for the encoder and decoder and has a resolution of 28 km (0.25°). 
These applications have showed a good pathway to exploit historical weather data patterns 
and instantaneous observations to produce accurate short to medium term predictions, currently 
outperforming traditional weather forecasting models.

3.2.2. Water risk forecasting and management

Floods

Flood forecasting tools are key for mitigating flood damages, managing reservoirs, and evacuating 
potentially affected populations. The use of calibrated hydrological and hydrodynamic flow routing 
models is of much benefit in this regard. 

In hydrological modelling of streamflow, or rainfall-runoff modelling, recent studies have found ML, 
and particularly DL techniques, to be a promising approach, providing improvements in prediction 
accuracy, scalability, and regional generalization compared to conventional conceptual models. 
Several types of DL approaches are distinguished as encouraging, i.e., LSTM hydrological model 
(Deng et al., 2024; Frame et al., 2022; Hunt et al., 2022; Kratzert et al., 2018, 2019; Nearing 
et al., 2023; Wilbrand et al., 2023), differentiable process-based hydrologic models (D. Feng et 
al., 2022, 2023), as well as GNN-based hydrological models (Nelemans, 2024). 

In data-driven streamflow forecasting, initially conventional or statistical and time series analysis 
models were used (Sharma & Machiwal, 2021), such as multiple linear regression, autoregressive 
moving average (ARMA), and various modified versions of ARMA models. With the development 
of DL techniques within hydrology, more advanced methods have emerged (Hunt et al., 2022; 
Kao et al., 2020; Nearing et al., 2023; Nevo et al., 2022). These advanced approaches take 

4 https://www.ecmwf.int/en/about/media-centre/aifs-blog/2023/ECMWF-unveils-alpha-version-of-new-
ML-model 
5 https://www.ecmwf.int/en/about/media-centre/aifs-blog/2024/first-update-aifs 

https://www.ecmwf.int/en/about/media-centre/aifs-blog/2023/ECMWF-unveils-alpha-version-of-new-ML-model
https://www.ecmwf.int/en/about/media-centre/aifs-blog/2023/ECMWF-unveils-alpha-version-of-new-ML-model
https://www.ecmwf.int/en/about/media-centre/aifs-blog/2024/first-update-aifs
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advantage of a wider array of input variables, such as meteorological forcings, and also explore 
leveraging forecasted meteorological data for operational purposes. A practical example of these 
advancements is Google’s operational flood forecasting system6 which provides flood forecasting 
up to 7 days ahead at over 1,800 sites globally.

In river flood routing, a recent review by Li and Jun (2024) categorizes the ML methods into single 
and hybrid applications. Single applications employ a variety of ML models, such as ANNs, 
SVM, Genetic Programming (GP), Gradient-Boosted Machine (GBM), RNN. Notably, a recent 
advancement of differentiable modelling, a genre of physics-informed machine learning (Baker 
et al., 2019), has seen its application in improving river routing (Bindas et al., 2024). On the 
other hand, ML methods are directly combined with physically based flood routing models for 
optimization and improved accuracy, such as HEC-RAS & ANN (Ghalkhani et al., 2013; Tawfik, 
2023) or LISFLOOD-FP & CNN (Kabir et al., 2020), which is a configuration often referred to as 
hybrid-modelling.

Similar as the case for floods, AI can be used to develop predictive models for early detection 
of drought conditions using data such as weather patterns, soil moisture, and evapotranspiration 
(Richardson et al., 2020). These models can improve long-term drought forecasts, enabling better 
planning. Various ML techniques have been applied for drought forecasting due to their relative 
ease of operation and reduction of computational costs. The most common approaches identified 
are ANN, SVM, Deep Neural Networks (DNN), Adaptive neuro fuzzy inference system (ANFIS), 
RF, among others, and can be used to predict a range of different drought indices (Gyaneshwar et 
al, 2023). Deng et al., (2024) showed the use of an LSTM model to perform low-flow forecasts of 
the Rhine River at Lobith with lead times up to 46 days ahead.

AI techniques like DL can also be used to analyze satellite imagery to monitor vegetation health, 
surface water levels, and soil moisture in near real-time, potentially improving the accuracy of 
drought detection (Prodhan et al., 2022).

Droughts

6 https://sites.research.google/floods/l/0/0/3 

https://sites.research.google/floods/l/0/0/3
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Box 1 Case study AWARE Platform by the International Water 
Management Institute 

Floods and drought are among the most devasting natural hazards, with profound impacts on human 
lives, livelihoods and ecosystems. Early warning systems (EWS) play a crucial role in mitigating 
these impacts by providing timely and accurate information to enable preparedness and response. 
Integrating satellite-based climate information with machine learning models offers a transformative 
approach to flood and drought prediction and early warning. 

The International Water Management Institute (IWMI) has recently developed an early warning to 
early action Platform AWARE7, which integrates near real-time precipitation patterns, soil moisture 
levels, drought severity and river-flood dynamics, providing location-specific insights for understanding 
climate risks (Amarnath et al. 2023; Sambou et al. 2023). By leveraging ML algorithms, AWARE 
enhances predictive accuracy for forecasting flood and drought events, as well as disease outbreaks, 
while supporting the development of tailored early warning systems across institutions to enable 
timely action (Ileperuma et al. 2023). 

In regions like West Africa or Sri Lanka where flood and drought risks are exacerbated by climate 
change, predictive systems driven by ML and satellite data have significantly improved disaster 
preparedness, in terms of developing user-specific platform that disseminate flood and drought 
forecasts to communities, policymakers and disaster response teams. A key innovation under AWARE 
is the WetIn app, designed to engage local stakeholders and ensure inclusivity and accessibility. 
The app provides actionable thresholds for rainfall intensity, river stage levels, and other critical 
indicators, empowering stakeholders to take timely action.

While ML-driven systems hold great promise, challenges persist, particularly due to incomplete 
or inconsistent ground observations and a lack of capacity among partners to integrate modern 
technologies and tools effectively. To address these challenges, countries must embrace cutting-edge 
technologies, invest in capacity-building, and foster strong collaboration among stakeholders. By 
doing so, these systems can mitigate the devastating impacts of floods and droughts on food security 
and strengthen community resilience to climate extremes.

7 https://awaredemo.iwmi.org/home

https://awaredemo.iwmi.org/home
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Recent research studies have demonstrated the effectiveness of ML and DL in landslide research 
(He et al., 2024). These techniques are becoming popular to model complex landslide problems 
and are starting to demonstrate promising advances and predictive performance compared to 
conventional methods. In scientific literature on landslides, ML and DL methods have been applied 
to three broad categories of studies: (1) landslide detection and mapping, (2) landslide spatial 
forecasting, in terms of susceptibility mapping, (3) landslide temporal forecasting (Tehrani et al., 
2022).

Landslide detection or mapping refers to the delineation of landslide-affected areas, which include 
the source and the deposition zones of the moving soil or rock mass. In the last decades, thanks 
to high volumes of medium to high resolution satellite and airborne-based imagery, ML techniques 
have become attractive choices for landslide detection. The main goal in the application of ML 
algorithms for landslide detection is to enable the machine to detect landslide features, such as 
scarp and run-out track, in a similar way to humans finding these features in a set of images 
(Tehrani et al., 2022). Landslide detection and mapping procedures are a special application of 
the characterization of land cover, and its change, and semantic segmentation, for which there 
has been increasing scientific and practical interest in the remote sensing community. Given the 
spatial extent of landslides, remote sensing technologies are widely used and result in various data 
sources such as LiDAR DEM, radar Synthetic Aperture Radar (SAR), High resolution (HR) optical 
and multispectral data (Prakash et al., 2020; Catani, 2021). Landslide detection is typically done 
on such EO (Earth Observation) remotely sensed data, by either using change detection between 
pre- and post-landslide images or solely using feature detection in post-landslide images. In both 
cases, ML algorithms in the form of pixel-based or object-based mapping have been applied 
as supervised learning methods (e.g. Hölbling et al., 2012; Festa et al., 2022), unsupervised 
learning methods (e.g. Keyport et al., 2018) or combined supervised and unsupervised learning 
(e.g. Fang et al., 2021). 

Data-driven methods including ML algorithms are frequently used to compute landslide susceptibility, 
i.e. spatial forecasting of landslides (to estimate where future landslides are likely to occur in a 
target region, without considering when or how frequently they will occur). ML algorithms are 
able to learn the association between landslide occurrences (dependent variables) and landslide 
conditioning factors (independent variables) by performing a process of iterative and gradual 
refinement. Many ML and AI methodologies have been developed with this aim and are referenced 
in scientific literature (i.e. Merghadi et al., 2020, Huang et al., 2020).

In the context of modelling landslide occurrence and susceptibility, the geoscience community is 
recently going towards the adoption of more interpretable algorithms such as eXplainable Artificial 
Intelligence (XAI) (Collini et al., 2022; Youssef et al., 2023). An example of exploring capabilities 
of new generation of interpretable ML models, namely Explainable Boosting Machine (EBM), to 
analyze relationships between landslide occurrence and extreme rainfall events are explored in 
Caleca et al., (2024). In this work on the Misa River basin in Central Italy, where an extreme 

Landslides
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rainfall event occurred on 15th September 2022, the rainfall anomaly was used in the ML to 
express the magnitude of the reference rainfall event in landslide susceptibility modelling and to 
allow further assessment of landslide response to different rainfall scenarios.

Temporal predictions of landslides, and more generally forecasts of the time evolution of key factors 
affecting the slope, can be performed at global/regional scale or at slope scale (Tehrani et al., 
2022). The choice of the scale is usually linked to the choice of the monitored parameters, which 
is in turn related to the type of landslides. Typically, regional scale predictions are accomplished 
by using hydro-meteorological approaches (e.g. rainfall monitoring), while slope-scale predictions 
take advantage of a geotechnical engineering method relating displacement or other monitoring 
data to the time of failure (Intrieri et al., 2019). Landslide displacement forecasting is considered an 
essential component for developing modern early warning systems; it can be used to set warning 
thresholds and to recognize when a landslide undergoes a sudden acceleration, which may lead 
to failure. There are two main approaches for forecasting landslide displacement: physically based 
and data-driven techniques. Data-driven models are more widely used due to their straightforward 
methodology, precise predictions, lower costs, and scalability. Recent advancements in landslide 
displacement forecasting have shown that AI, and in particular deep learning techniques are at 
the forefront. Example applications of conventional ML and DL methods in landslide displacement 
forecasting are reported in Nava et al. (2023), Wang et al. (2022), Li et al. (2020), Krkač et al. 
(2017). 

Recently, the interest for dynamic susceptibility mapping or spatio-temporal landslide probability 
assessment increased (e.g., Lombardo et al., 2020). Several examples have been developed to 
explore approaches for spatio-temporal landslide forecasting using conventional ML methods, such 
as SVM (Rachel and Lakshmi 2016), ANN (Pradhan et al., 2019), or the Decision Tree approach 
(Kirschbaum et al., 2015).

Glacial Lake Outburst Floods

Increased melting of glaciers has led to the expansion of existing glacial lakes and the formation 
of new ones in glaciated regions worldwide. This increase in glacial lake area has contributed to 
increased risks of Glacial Lake Outburst Floods (GLOFs) in mountainous regions, posing serious 
threat to the lives and livelihoods of downstream communities. Monitoring of glacial retreat and 
lake formation using traditional remote sensing techniques can be challenging given the large 
temporal and spatial scales and the wide array of parameters that must be considered. ML and DL 
methods have been identified as emerging tools for glacial area delineation (Vemuri et al., 2024) 
and have also been successfully applied in glacial lake extraction (Sharma & Prakash, 2024 ; 
Sharma et al., 2024).
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Vemuri et al. (2024) compared three commonly used DL models - FFNN, RNN and LSTM – for 
glacial delineation and found the RNN model as the best-fit for their study. The model has the 
potential to be scaled for predicting the glacial extent of different glaciers over various temporal 
ranges in glacial delineation studies. Sharma & Prakash (2024) used an FCN-based U-Net 
model, which gradually integrates superficial visual characteristics and semantic information 
extracted from satellite images to accurately segment small objects, such as glacial lakes and their 
boundaries. With its capacity to automate the process of glacial lake extraction and mapping, 
this type of DL method holds significant potential for enhancing the ongoing monitoring of GLOF 
risks within vast and remote glaciated regions. Sharma et al. (2024) used and compared both 
U-Net and DeepLab V3 to extract glacial lakes through deep learning-based models from satellite 
imagery and observed that both models offered advanced computational features for extracting 
glacial lakes minimum post-processing, even on low-contrast images. Both U-Net and DeepLab V3 
obtained excellent accuracy, but U-Net has achieved more reliable results. 

A study by Kaushik et al. (2022) leverages the capabilities of a fully connected feed-forward 
DCNN (GLNet) for the segmantic segmentation of lake and non-lake features from multisource 
remote sensing data in the Himalaya region. This region is home to more than five thousand glacial 
lakes within complex topographic and climatic settings (Figure 19).  

The GLNet demonstrated high reliability in the automated mapping of both large (> 1 km2) and 
small glacial lakes (< 0.5 km2) with varying topography, size, shape and appearance. The model 
outperformed conventional glacial lake mapping, with zero human intervention required. 

A key advantages of this approach is its reliance on open access datasets rather than commercial 
remote sensing data, enhancing the transferability of the method to other regions worldwide. 
However, to prove the applicability to other alpine regions or at a global scale, large-scale training 
data from all these regions is required to incorporate in the model.
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FIGURE 19. Glacial lake mapping over in Eastern Himalaya using the proposed GLNet. The GLNet 
derived lake boundaries are compared with reference data to estimate error of commission (false positive) 
and omission (false negative).
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3.2.3. Flood area extent estimation
Flood extents are geographically referenced maps indicating the location of flood waters. They 
often include information on water levels and/or depths and may also contain temporal information. 
The application of ML techniques in deriving flood extents can be divided into three primary 
approaches.

One approach involves the use of ML methods to serve as emulators or surrogates for numerical 
physics-based models which are designed to generate flood extent maps (Bentivoglio et al., 2023; 
Besseling, 2022; Chu et al., 2020). The most advanced and often-used ML models include MLP, 
CNN, RNN, and GNN. The main advantage of ML here is computational performance, as it can 
reach speed ups of several orders of magnitude compared to the existing models.

Bentivoglio et al., (2024) presented a multi-scale graph neural network encoding flow propagation 
schemes in dike-breach type problems. This allows the generalization of the full solution against 
variations of topography, parameters and boundary conditions with speeds up of the order of 
1000s times. A show-case of the applicability of this approach was provided using a 31,000 ha 
catchment and realistic dike-breach scenarios showing errors (MAE) on the order of 0.1-0.3 m 
when compared with Delft3D physically-based simulations.

Another approach utilizes ML to translate (sparse) input from various sources (e.g. streamflow, 
discharge, water level measurements) to estimate flood extent maps. Notable applications include 
Google’s operational flood forecasting system which employs two ML methods—a thresholding 
model and a manifold model—to compute flood inundation map and depth (Nevo et al., 2022), 
and the Forecasting Inundation Extents using REOF analysis (FIER) which has been applied in 
Southeast Asia (Chang et al., 2023) as well as the US (Chang et al., 2022). Recently, Nearing 
et al. (2024) proposed a method based on an encoder decoder and LSTM architecture to predict 
extreme floods (1-10 years return period) in ungauged basins in a 7-day forecast horizon. They 
reported improvements of performance (in approximately 70% of the ungauged basins tested) 
compared with GloFAS (Global Food Awareness System), the European Centre for Medium-
Range Weather Forecasts (ECMWF) distributed hydrological model-based global flood prediction 
products. However, the models still exhibit mean precision scores <0.5 for return periods of 5-10 
years when compared with field observations.
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FIGURE 20. F1-Score difference between the LSTM based flood predictive model and GloFAS, in 
ungauged basins (From: Nearing et al., 2024). 

Furthermore, ML techniques are employed to identify flood extents directly from satellite earth 
observations or other types of remote sensing images. This is generally achieved through either 
“water detection” methods or “change detection” methods. “Water detection” methods identify 
areas that are wet within an individual remote sensing image (typically using either an optical 
satellite image or a synthetic aperture radar image), based on the unique reflectance or backscatter 
signatures of water bodies. This can be done manually through visual inspection or AI computer 
vision methods such as U-Net (Mayer et al., 2021), MA-Net, DeepLab V3. “Change detection” 
methods identify flooded areas based on changes between two or more remote sensing images 
that are collected at different moments in time. Differences between the two images attributed to 
flooding are used to identify the extent of flooded areas. ML architecture like Boundary-Aware 
Salient Network (BASNet) can be used for this purpose.

An operational example was developed for a UNESCO-led transboundary flood risk management 
project in the Busi, Pungwe and Save basins, located in Zimbabwe and Mozambique. The system 
uses ML Classification and Regression Trees (CART) and RF models trained using the Google 
Earth Engine (GEE) platform to derive 1-day (24-hour), 3-day (72-hour), and 10-day (240-hour) 
leading forecasts of inundation patterns within the catchments (Figure 19b). The decision-tree 
type ML approaches are analytically and mathematically rigorous, and capable of establishing 
relationships between target variables and predictors through a recursive partitioning procedure 
(Du et al, 2021). In Figure 19 an example is provided showing the potential of this ML-based 
approach to forecast flood extent in the Mozambican City of Beira 24 hours in advance for a flood 
event that happened on 19 March 2019 as a result of the impact of Cyclone Idai.
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FIGURE 21. Inundation maps for the Cyclone Idai -induced flooding on March 19, 2019 in Beira, 
Mozambique, produced using (a) the ML-based forecast and (b) Sentinel-1 SAR observations (From: Du 
et al., 2021). 

The development of DL applications based on computer vision has consolidated a large number 
of monitoring data sets for urban water flows applications. For instance, the derivation of street 
flooding from street CCTV cameras (Jiang et al., 2019; Moy de Vitry et al., 2019), which exploits 
CNN models to derive wet and dry areas within RGB video and images. Water levels in urban 
floods have also been estimated by analyzing the submergence of common objects viewed from 
static cameras or social media imagery (Chaudhary et al., 2020). Similar applications have 
exploited image-based CNN models to monitor water levels (and derive flow fields) in urban 
structures, such as in drainage pumping stations (Moreno-Rodenas et al., 2021) or sewer pipes 
(Meier et al., 2022).
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FIGURE 22. (a) DL based segmentation of water – floating fat-oil-grease layers and superstructure 
in municipal wastewater pumping stations, and (b) Derivation of a CNN-based optical depth gauge in 
pump sumps under storm conditions (Adapted from: Moreno-Rodenas et al., 2021). 

3.2.4. Real-time flood control 
Real-time system control plays an important role in managing flood risks, with ML techniques 
increasingly being applied for enhancing the efficiency of urban drainage systems and the 
operations of dams and reservoirs. 

The review study by Fu et al. (2022) highlighted the application of ML in urban water system 
management, such as predicting system states (e.g. flow, pressure and water levels) using LSTM 
(Palmitessa et al., 2021). Additionally, Deep Reinforcement Learning (DRL), emerged as a new 
technology for real-time control and operation. DRL has been utilized for optimizing system control 
and operations for flood control (Bowes et al., 2020; Mullapudi et al., 2020; W. Tian et al., 2022). 
Despite these scientific advancements, the practical application of ML for real-time control in real-
world scenarios remains limited. This could be due to methods still not being sufficiently mature for 
deployment, and due to legislative and organizational limitations, such as limited auditability of 
ML-based control models.

In the context of dams and reservoirs, ML techniques have also been explored for real-time 
operations. For instance, ANFIS has been applied for real-time reservoir management to prevent 
flooding (Chang et al., 2010). DRL also has been used in hydropower reservoir operation (Wu et 
al., 2022).
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3.2.5. Infrastructure damage monitoring
ML can be used for structural health monitoring of infrastructures, both in the preparation phase 
(Jonkman et al., 2018; Pyayt et al., 2014) as in the long-term reliability analysis required in the 
mitigation phase (Klerk et al., 2019; Prendergast et al., 2018). ML algorithms excel in identifying 
damage patterns from sensor data, proving useful in the monitoring of flood defense structures 
such as dikes (Pyayt et al., 2011). Similar methods have also been applied to bridges (Neves et 
al., 2017). However, the use of both ML methods and traditional techniques for damage detection 
during floods is still very scarce.

Dam inventories are still incomplete in many regions of the world, largely due to privately owned 
developments without the oversight of authorities and rapid development of water infrastructure. 
Knowing the location and state of infrastructure is essential for safety, and to appropriately monitor 
the operations and water resources associated. Initiatives from the International Commission on 
Large Dams (ICOLD), the World Bank or the Global Dam Watch have aimed to improve the 
inventories of dam structures across the globe. Physically inspecting all structures is challenging 
(difficult to access areas, and large extents), while remote sensing offers a direct opportunity to 
identify such structures. Different ML applications have been used to detect artificial water bodies, 
for instance DL classifiers using medium-resolution optical satellite imagery in Angola (Moreno-
Rodenas et al., 2022), or in different regions of the Volta basin and India (van Soesbergen et al., 
2022). Additionally, identifying dam bodies and their characteristics is relevant for risk assessments. 
Donchyts et al. (2021), presented a DL routine to automatically segment (and vectorize) dam 
bodies using a multi-layered input formed by optical imagery (RGB), infrared (NIR), water presence 
(NDWI), SAR and elevation data (e.g. ALOS Global Digital Surface Model). 

FIGURE 23. Segmentation of dam bodies with a U-net based encoder-decoder architecture, based 
on publicly available Earth Observation (EO) products. 
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3.2.6. Flood exposure, impact assessment and 
forecasting

The review by Wagenaar et al. (2020) offers an in-depth examination of leveraging ML for flood 
risk and impact assessments from two perspectives: descriptive (post-event) and predictive. Here, 
we highlight key applications in their review.

Descriptive exposure assessments involve detecting and characterizing (spatial) features such as 
buildings, agriculture fields and other infrastructure. Traditionally, this process required manual 
digitization and labelling of aerial and satellite imagery to delineate building footprints and 
map roads. ML techniques promise a shift towards automating these tasks. Examples include 
using ML for the automatic labelling of remote sensing data (Giacinto & Roli, 2001; Heermann 
& Khazenie, 1992), the labelling of build-up areas based on night-time lights (Goldblatt et al., 
2018) or other satellite images (Goldblatt et al., 2016), and auto-labelling buildings (Alshehhi et 
al., 2017; GFDRR, 2018; Sermanet et al., 2014) and mapping roads (Gao et al., 2019) using 
aerial/satellite imagery. Several products have scaled these methods at planetary scale, such as 
Google’s building footprint detection (Sirko et al., 2021), Microsoft’s planetary computer building 
footprint (Microsoft, 2023), or mapping roads (Microsoft, 2022) where high resolution imagery is 
processed with the use of CNNs to map built infrastructure. In this context, Gevaert et al., (2024) 
performed an audit of biases embedded in global building datasets for disaster risk management, 
showcasing the inequal cover and performance of these datasets across urban/rural areas, thus 
highlighting the need to account for these biases in risk quantification studies.

FIGURE 24. Building footprint detection using (a) Maxar high-res satellite image, (b) semantic-
segmentation confidence and (c) instance segmentation of building footprints (Adapted from: Sirko et 
al., 2021). 
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Predictive exposure mapping consists of estimates of future exposure, often through modelling to 
predict urban growth and land use changes. This has been approached with simpler ML models 
(e.g. logistic regression) (Samardžić-Petrović et al., 2017), ANN integrated with traditional cellular 
automata (CA) model (Aarthi & Gnanappazham, 2019; Naghibi et al., 2016), and complex ML 
models without the CA model structure (Pal & Ghosh, 2017). Another example of hazard exposure 
mapping is presented in Moreno-Rodenas et al. (2025). This study assessed the probability of 
failure for the world’s large dams by analyzing historical patterns and applying a probabilistic 
model. Additionally, a K-means unsupervised clustering algorithm was used to categorize the dams 
with the highest failure probabilities into four distinct groups which require special attention.

Descriptive impact assessments estimate flood impacts after or during an event. Remote sensing 
offers quick initial damage assessments, aiding disaster response, a technique already employed 
for earthquake and wind damage assessment (e.g. Menderes et al., 2015). For flooding, however, 
this is often more difficult because damage inside buildings is difficult to obtain either from aerial 
or space-based sensors. Only when buildings completely collapse or are removed by strong flows 
remote sensing becomes feasible, as in the case of flash floods, tsunamis, or some storm surges.

Predictive flood impact assessments include models that translate hazard and exposure information 
into socio-economic impacts of the flood. ML could be used for multivariable flood damage 
modelling (Merz et al., 2013; Spekkers et al., 2014; Wagenaar et al., 2017), and prediction of 
disease outbreak after floods by combining remote sensing, meteorological and socio-economic 
data (Mayfield et al., 2018; Yomwan et al., 2015).

3.3. CLIMATE CHANGE ADAPTATION 
AND RESILIENCE BUILDING 

Most global institutions responsible for ensuring the resilience of water resources system infrastructure 
to climate change have adopted an approach that integrates bottom-up local climate insight with 
top-down global climate science. Some examples include the World Bank’s “Confronting Climate 
Uncertainty in Water Systems Planning and Project Design: the Decision Tree Framework” (Ray & 
Brown, 2015), UNESCO’s “Climate Risk Informed Decision Analysis (CRIDA)” (Mendoza et al., 
2018), the International Hydropower Association’s “Climate Resilience Guide for the Hydropower 
Sector” (IHA, 2019), the California Department of Water Resources’ “Climate Change Risks Faced 
by the California Central Valley Water Resource System” (Schwarz et al., 2018), the Millennium 
Challenge Corporation’s “Achieving Robust Project Design through Iterative Climate-informed 
Performance Assessment” (Brown et al., 2024), and the Asian Development Bank’s “Climate Risk 
Management in ADB Projects” (ADB, 2014).
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This section outlines the application of AI and ML techniques to conducting a climate stress test and 
developing climate change adaptation plans, which form the backbone of the climate resilience 
assessments described in the aforementioned documents. These assessments demonstrate, as 
quantitatively as the available data permit, the capability of available water system infrastructure 
(including groundwater stores) to adapt to hydro-climatological variability. The approach requires 
the development of local/regional models of climate, hydrology, water infrastructure, and “impacts” 
(e.g. agricultural crops, urban flooding, water contaminant transport, ecological indicators). 
These computer simulation models can be either physically based, ML based (i.e. empirical), or a 
combination of the two (i.e. a deep-learning structure).

In the bottom-up approach to hydrological vulnerability, local climate models (i.e. weather 
generators), are developed and used to perform an extensive evaluation of recent local historical 
trends and shifts in climate extremes. Great care is taken to establish a confident understanding 
of local precipitation patterns and trends. Data mining and ML are applied to correlate those 
climatic changes to local hydrological (i.e. drought, flood) impacts, and translate those impacts 
into “vulnerabilities” by way of hydrological models, infrastructure models, spatial mapping and 
hazard identification. This requires a sophisticated understanding of local/regional climate drivers, 
including weather regimes, trade-winds, and teleconnections to ENSO (or the Indian Dipole, for 
example). ML/AI techniques offer analytical assistance in many of these tasks, such as pattern 
identification and trend detection. Is the present different from the past? Are we confident enough 
to motivate / justify investment of a large amount of money? How confident are we about future 
climate behaviour? Enough to spend large amounts of funding, potentially pulling resources from 
other initiatives and other sectors? Quantifying the uncertainties is needed to inform decision 
makers accordingly.

Additionally, to empower stakeholder-driven adaptation actions, we must ensure that everything 
we do is open source, understandable and accessible. Techniques such as those mentioned in 
the introductory paragraph above emphasize transparency of analytical techniques, along with 
training and capacity building. Black-box analytical techniques are not useful when the purpose is 
to enable proactive adaptation for communities most vulnerable to the effects of climate change. 
Any AI/ML tools applied for this purpose must be thoroughly explained, and fully interpretable to 
those who require the insights they provide.

3.3.1. Climate change modelling
Recent advancements in EO technologies, coupled with the availability of extensive datasets 
from programs such as Copernicus (ESA), IMERG (NASA) or Landsat (NASA), have significantly 
improved AI research for climate modelling and projections. AI is now instrumental in assimilating 
data into Earth System Models (Irrgang et al., 2021), reconstructing long-term historical climate 
records (Bochow et al., 2023; Kadow et al., 2020), improving the predictability of extreme rainfall 
(Irrgang et al., 2021) and large-scale phenomena such as ENSO (Ham et al., 2019), and boosting 
the accuracy, interpretability and reliability of climate projections (Schneider et al., 2024).
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Furthermore, a variety of tools and applications leveraging AI have emerged to refine climate 
information. For instance, DeepSD (DL for Spatiotemporal Data) uses AI to analyze climate model 
data, forecasting changes in temperature and precipitation patterns at a regional level (Vandal et al., 
2017). The Climate Informatics Toolbox offers a suite of AI methodologies for clustering, classification, 
and regression analysis to detect patterns and trends within climate data (Jain et al., 2023). 

ML is revolutionizing the field of climate science, transforming traditional modelling methods and 
enabling researchers to derive insights faster and more efficiently. Conventional models, which 
rely heavily on manual adjustments and powerful supercomputers, often consume vast amounts of 
energy and struggle with small-scale processes that significantly influence larger climate outcomes. 
To combat this, researchers are employing ML in three primary techniques:

Emulators: Emulators or ‘Copycats’ are ML models that replicate the results of traditional climate 
models without requiring extensive mathematical computations. For instance, the QuickClim 
model, developed by Kitsios et al. (2023), demonstrates the ability to efficiently predict surface 
air temperature changes across various carbon emission scenarios, achieving speeds up to one 
million times faster than conventional methods. This approach can be compared to an athlete who 
learns patterns from previous plays and can predict outcomes before the next play. In their study, 
researchers trained QuickClim using projections of surface air temperature up to 2100 for low and 
high carbon concentration pathways. After just 30 minutes of training on a laptop, QuickClim was 
able to accurately forecast temperatures under a medium carbon emission scenario, producing 
results that closely matched those of traditional physics-based models.

Foundation Models: Foundation models identify hidden patterns in climate data to generate 
predictions for various tasks. The ClimaX model, developed by Microsoft, demonstrates this 
by improving temperature and rainfall forecasts through training on diverse historical datasets 
(Microsoft Research, 2023). Unlike traditional physics-informed numerical models that are often 
computationally intensive, ClimaX employs a flexible, data-driven approach using deep neural 
networks, which allows for training on heterogeneous datasets and enhances its generalizability. 
By building on the Transformer architecture with novel encoding and aggregation blocks, ClimaX 
optimizes computational efficiency and demonstrates energy-efficient performance on forecasting 
benchmarks. Pre-trained on climate data, it can be fine-tuned for various climate and weather tasks, 
achieving effective results even with limited computational resources.

Hybrid Models: Hybrid Earth System Models (ESMs), which incorporate ML into traditional physics-
based climate models, are enhancing the accuracy of small-scale climate processes like cloud 
formation, aerosols, and snow cover, areas where classical models often exhibit biases (Grundner 
et al., 2022; Gentine et al., 2018). By refining sub-grid-scale parameterizations and introducing 
ML-driven corrections, these hybrid models tackle longstanding structural errors, improving stability 
and generalization across diverse climates (Bretherton et al., 2022; Rasp et al., 2018). These 
advancements position hybrid ESMs as valuable assets in initiatives like the Coupled Model 
Intercomparison Project (CMIP), contributing to more accurate, multi-year climate projections 
across scales.
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3.3.2. Climate Change Risk Assessment, 
Adaptation and Resilience Building

Linear regression, ML at its most basic, serves as a fundamental tool for exploring relationships 
between one or more explanatory variables. While widely used physical process-based models 
typically include fundamental linear approximations, they are often inadequate at addressing the 
increasing number of complex factors that influence water and climate systems. Nonlinear or 
multivariate models, attempted improvements on linear relationships, often demonstrate poor skill, 
or suffer from over-parameterization. With the recent advancements in ML and computational 
efficiencies however, we now have the ability to explore and understand these interactions more 
comprehensively. Modern ML algorithms are adept at identifying intricate, simultaneous patterns 
among multiple variables, making them useful in modelling behaviours that were previously difficult 
or impossible to statistically reproduce. In climate risk modelling specifically, emerging technologies 
leverage historical climate model outputs, detect relationships among diverse climate variables, 
and enable future scenario predictions without relying solely on resource-intensive simulations. 

Examples of pattern-finding applications include CoastalAI, which integrates satellite imagery 
with ML algorithms to generate precise and detailed maps of coastal areas, identifying regions 
susceptible to flooding and erosion due to sea level rise (Kulp & Strauss, 2018). Applications of ML 
classification algorithms are also routinely used to automate the mapping of risk- and adaptation-
relevant variables, such as shoreline erosion mapping (Vos et al., 2023) or coastal type distribution 
classification and dynamics (Hulskamp et al., 2023). 

In adaptation and resilience efforts, AI is increasingly integrated into frameworks for national 
adaptation plans (NAPs) and nationally determined contributions (NDCs). Large language models 
(LLMs) now support various adaptation initiatives, including chatbots trained on IPCC reports that 
assist users by summarizing relevant climate and water management information (Vaghefi et al., 
2023). These LLMs make it easier for stakeholders to access and interpret vast climate datasets, 
thus facilitating informed decision-making in adaptation and resilience planning. By streamlining 
access to vast climate data and projections, AI is supporting both the technical and strategic 
aspects of climate adaptation at national and regional scales.

AI-driven advancements in climate adaptation, such as ML-enhanced weather generators, have 
significantly expanded our ability to analyze and respond to climate threats. Tools developed 
by Steinschneider et al. (2019) and Rahat et al. (2022) provide synthetic weather data by 
analyzing specific weather regimes and identifying patterns associated with localized extreme 
events. These process-informed tools generate high-resolution climate data to guide climate impact 
assessments, inform vulnerability analyzes, and support resilient infrastructure planning. Such 
capability has transformed local climate data generation, offering crucial insights for communities 
and policymakers working to address unique climate risks under multiple scenarios.
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Early warning systems are another critical area where AI is advancing climate adaptation. 
With ML models trained on vast datasets—spanning high-resolution spatial and temporal data, 
meteorological sensor inputs, satellite imagery, and local observations—AI-based systems can 
identify anomalies and alert stakeholders in real-time. Unlike traditional systems, these models offer 
dynamic, data-rich monitoring that enhances adaptation efforts by delivering automated, location-
specific alerts to high-risk zones (Huntingford et al., 2019). 

Beyond disaster response, AI’s capacity for data processing and modelling is also suited to 
address sustainability challenges (Stein, 2020). Multi-sensor platforms and blockchain technology 
are enabling more effective resource management and circular economy strategies, reducing 
waste and lowering the carbon footprint (Kouhizadeh and Sarkis, 2018; Wang and Qu, 2019). 
Visualizing such climate risks increases public awareness and promotes coordinated responses, 
which are vital for proactive disaster response (Alemany et al., 2019; Walsh et al., 2020). For 
instance, the AIDR (Artificial Intelligence for Digital Response) system assists relief organizations 
by analyzing social media data to identify areas affected by floods, while other AI systems use 
satellite imagery to locate refugee camps and allocate relief supplies based on need (Imran et al., 
2014; Omdena and WFP, 2020). AI’s capabilities also extend to climate-adaptive agriculture. 
Crane-Droesch (2018) developed an ML model that anticipates corn yields under changing climate 
conditions, while Jakariya et al. (2020) introduced an ML-based app to help assess farmers’ 
climate vulnerability in coastal Bangladesh, highlighting how AI can directly support adaptation in 
vulnerable regions.

3.3.3. Addressing Challenges and Future 
Prospects

Despite the rapid advancement of AI in climate resilience, several challenges persist. Effective 
AI models require high-quality, comprehensive input data, often a limiting factor due to sparse 
coverage and the high computational demands of climate simulations (Mehryar et al., 2024). 
Moreover, existing models sometimes fail to simulate long-term, complex changes accurately or 
account for evolving socio-economic factors and policy decisions that shape climate vulnerability 
and resilience (Cowls et al., 2023). Interpretability, transparency, training and capacity transfer 
are critical for the usefulness of model results to adaptation policy. Black box modelling is not an 
adequate end-goal for empowering stakeholder-driven resilience enhancement. Addressing these 
limitations requires expanding data collection efforts, improving computational infrastructure, and 
integrating dynamic modelling approaches that can adapt to ongoing changes in climate and 
society (Cheong et al., 2022). Overcoming these challenges will be essential for AI to fully support 
adaptive, resilient climate strategies that can withstand future uncertainties.
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3.4. WATER QUALITY MANAGEMENT

Wai et al., (2022) presents a comprehensive literature review on DL techniques applied to water 
quality management between 2011-2022, which included the use of data-driven prediction 
models for river and lake water quality dynamics. These models were still mostly restricted to 
short-term predictions and forecasting of water quality variables such as dissolved oxygen (DO), 
Chemical Oxygen Demand (COD), Biochemical Oxygen Demand (BOD) and chlorophyll. The 
forecasting of other variables such as nutrients or heavy metals remained more limited. Some 
relevant examples are the use of LSTM networks for DO predictions (Huan et al., 2020), water 
quality indices estimation using ANNs (Gazzaz et al., 2012), or the prediction of cyanobacterial 
outbreaks with the use of CNN-LSTM networks (Cao et al., 2022).

The transition from emission driven water quality policies to a focus on actual water quality status 
(e.g. EU’s Water Framework Directive) has required the formulation of catchment wide numerical 
representations of the water cycle. This involves the creation of integrated catchment models 
(ICMs), numerical models that link regional scale urban hydrodynamics, wastewater treatment 
works (WWTP biochemical models), and river water quantity and quality dynamics. This often 
leads to computationally expensive large-scale models. Moreno-Rodenas et al., (2020) proposed 
the use of data-driven (PCEs) emulator structures to simultaneously represent water quantity and 
quality dynamics in integrated catchment models (flow and dissolved oxygen). Similarly, Y. Li et 
al., (2024) proposed an LSTM based emulator for flow, ammonia and phosphorous in an urban-
WWTP-river ICM system. These large time-space scale emulator approaches allow for the use of 
heavy sampling schemes (such as Bayesian inference and variance decomposition) to estimate the 
contribution of uncertainties (Moreno-Rodenas et al., 2019) or to optimize system parameters (Y. Li 
et al., 2024) in operational ICM systems in practice.

Similarly to other monitoring fields in water management, the observation of water quality 
processes has greatly benefited the consolidation of DL models. For instance, object detection 
models have allowed to monitor plastic pollutants in rivers using bridge-mounted camera systems 
(Figure 25) (van Lieshout et al., 2020). Jia et al., (2023) recently presented a comprehensive 
review of DL applications for monitoring macro-plastics in water bodies. This review identified that 
most applications involve local camera imagery, and that models still have a poor generalization 
(limited transference of trained models across different views, water body characteristics and 
lighting conditions), which prevents the operationalization of these vision models, requiring local 
training data. Also, their performance under storm conditions and the fact that camera RGB 
imagery only captures the upper layer floating elements may render estimates rather uncertain. 
Nevertheless, knowledge on hydraulic properties and transport physics, together with surface 
camera observations could be merged for updated monitoring strategies of near-buoyant elements 
in riverine flows (Valero et al., 2022).

3.4.1. Water quality modelling and monitoring
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Another application (employing a CNN based segmentation image system) was used to monitor 
the dynamics of floating layers (e.g. fat-oil-grease) in drainage pumping systems using locally 
deployed cameras (Moreno-Rodenas et al., 2021) in different municipalities of the Netherlands 
(Arnhem, Rotterdam and Maastricht) and France (Marseille) (Moreno-Rodenas et al., 2022) 
with the aim of optimizing cleaning operations. The use of DL models and satellite imagery also 
allows monitoring of other water quality processes. For instance, Liu et al. (2022) presented a 
workflow to identify aquatic vegetation connected with parasitic Schistosomiasis in Senegal using 
a U-net segmentation model. A similar application is shown by the operational system “Vegetation 
Monitor”, used by the Ministry of Infrastructure and Water management of the Netherlands, which 
applies a RF classifier to map riparian vegetation types and assist on the management of the rivers 
Maas and Waal (Penning & van de Vries, 2020).

FIGURE 25. Example of a segmentation routine for macro-plastic tracking using Segment-Anything-
Model 2 with few-shot inference (Hydraulic Laboratory of Deltares, Netherlands).

Urban drainage management involves the conveyance of stormwater and wastewater such 
that impacts to ecosystems and assets (flooding and discharges) are minimized. Urban water 
management has heavily relied on numerical modelling to design, control or evaluate drainage 
systems. Consequently, emulator applications to accelerate the simulation of urban quantity and 
quality dynamics have been of intense focus in the scientific community. For instance, the use of 
GPs (Carbajal et al., 2017) or physics-informed ML models (Palmitessa et al., 2022) have been 
used to simulate urban hydrodynamics. 

3.4.2. Storm- and wastewater drainage 



80

These models are generally capable of reducing the simulation time of urban hydraulics by several 
orders of magnitude compared with classical implementations of the 1D open channel flow 
equations. However, current AI and ML applications do not yet generalize across systems, typically 
requiring the evaluation of the numerical model and retraining of the surrogate or emulator at each 
instance (e.g. a new sewer system or network configuration). Yet, these emulator schemes can be 
effectively used to perform parametric-optimization, real-time control or data-assimilation for urban 
hydraulics. Also, ANN architectures such as RNN and LSTM have been proposed to perform 
short-term predictions in system variables, such as Combined Sewer Overflow water levels (Zhang 
et al., 2018). Another example is provided in Chen & Pang (2019) who provided a comparison 
of techniques to predict short-term fluctuations in urban water levels due to rainfall dynamics. Fu et 
al., (2022) provides a comprehensive review of applications of DL in urban water management. 
There, several techniques are discussed, covering anomaly detection, system predictions, asset 
management, operations and planning. The authors concluded that most applications are in a very 
early stage of development, with most of them still working on synthetic, laboratory or pilot data, 
with yet a very limited practical adoption. Possibly the forefront of real implementations can be 
found in leakage detection routines and CCTV defect inspection assistance.

In urban water infrastructure monitoring, the assessment of sewer internal surface condition has 
traditionally relied on manual examination of CCTV footage by professional inspectors. This 
process is labour-intensive and time-consuming. In recent years, CNNs have been widely used for 
automated sewer defect detection (Myrans et al., 2018), more specifically for the following tasks: 1) 
image classification: classifying CCTV images according to contained defects; 2) object detection: 
identifying the types of defects and their locations; 3) semantic segmentation: labelling the pixels 
belonged to a defect. Fu et al. (2022) reviews present studies relevant for these applications. Of 
special relevance for this topic is the consolidation of open-access structured databases of CCTV 
defect classifications, which is essential to benchmark and compare model development (Haurum 
& Moeslund, 2021) for pipe inspection applications.

Optimization of the control process in a Wastewater Treatment Plant (WWTP) can significantly 
cut operational costs and improve the energy efficiency while keeping the high effluent water 
quality required by regulations, but it all hinges on accurate monitoring and possible consecutive 
prediction or determination of target parameters. Applications targeting the short-term prediction 
in water quantity and quality influent of WWTPs are growing. For instance, Wang et al. (2019) 
presents a CNN-LSTM model to predict COD influent variability. Fu et al. (2022) describes a review 
of several uses of DL in the context of operations and control of WWTPs. Syafiie et al., (2011) 
used a reinforcement-learning based control system targeting processes of advanced oxidation 
processes (AOP) for phenol compounds. Pang et al., (2019) also presents a RL algorithm for the 
optimization of the hydraulic retention time of anaerobic and aerobic reactors. 

3.4.3. Wastewater treatment



81

Parsa et al., (2024) summarized studies on monitoring with soft sensors (where desired variables 
are correlated and derived from measured variables) and the process model-based control of 
biological wastewater treatment processes. Implementation of ANNs and various regression 
models improves the soft sensing of COD, BOD and Total Suspended Solids (TSS), based on 
cheaper sensors measuring pH and DO (Shyu et al., 2023). 

An overview by Wai et al., (2022) shows the implementation of DL to predict effluent water 
quality, where COD was the most frequently studied parameter. Parameters like BOD, TSS, 
nutrients and WWTP operational parameters (i.e. inflow, power consumption) followed. Physical 
parameters such as water temperature, inflow and power consumption were easier to predict 
than the chemical parameters since biochemical reactions produce more complex dynamics in 
these variables. CNNs, LSTMs (and hybrids of both) and Deep Belief Networks (DBNs) were 
used to improve the prediction of COD. On this note, Su et al. (2024) proposed a soft-sensing 
approach to predict effluent BOD, which seems widely studied but hardly implemented still. 
Another attempt to improve water quality is the prediction of degradation of micropollutants or 
chemical compounds in wastewater by Satoh et al. (2023). Prediction of degradation half-lives 
of wastewater is traditionally very time-consuming, but ML methods speed up the calculations or 
allow for the desired accuracy. 

WWTPs are significant energy consumers, mainly due to the energy intensive aeration and 
water pumping involved. More efficiency in the treatment process reduces the reliance on 
external energy sources, as well as improving resource recovery by energy production in the 
process of treatment. A policy-based DRL was developed for energy consumption reduction 
through controlling pumps between primary and secondary treatment, and it used probabilistic 
inflow forecasts to minimize energy consumption and reduce the number of alarms for tank level 
exceeding the limits (Filipe et al., 2019, Fu et al., 2022). Removal of nitrogen from wastewater 
is achieved through nitrification/denitrification processes in active sludge processes and is often 
an energy intensive stage in treatment. Hernandez-del-Olmo et al. (2016) showed that using a 
RL algorithm to control the oxygen levels based on system state variables like ammonium and 
oxygen levels, works provided more optimal operation than traditional Proportional Integral 
(PI) controllers. Alali et al., (2023) compared different ML based energy prediction models for 
wastewater treatment operations.

In line with Section 3.2.5 predictive maintenance of critical components in infrastructure (e.g. 
pumps, blowers, pipes) is crucial in reducing downtime and repair costs, ensuring continuous 
and reliable operation. Additive to the applications described in those sections, DL is applied to 
predict membrane fouling and optimize membrane parameters, however implementation on an 
industrial scale is still not a reality (Kazim et al., 2023). 
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ETHICS AND 
RESPONSIBLE AI FOR 
WATER MANAGEMENT

4.1. INTRODUCTION

4.2. ETHICAL VALUES AND PRINCIPLES

Amidst the global challenges of water security and climate change, water management plays 
a key role in ensuring access to clean water, mitigating floods and droughts, and safeguarding 
vital ecosystems. While the integration of AI technologies into water management presents 
opportunities for enhancing efficiency in water resources management practices and decision-
making, it simultaneously raises questions about the ethical dimension of AI. This chapter explores 
the intersection of AI technology, water resources management, and ethical values, emphasizing 
sustainable practices, equity, and responsible decision-making. It builds on the UNESCO 
Recommendation on the ethics of AI, which was adopted in 2021 by the 193 UNESCO Member 
States (UNESCO, 2022).

Water is a fundamental human right, essential for life, health, and dignity. Despite this, millions 
worldwide face significant challenges in accessing clean water due to socio-economic disparities, 
climate change, and rapid urbanization. The integration of AI in water management offers 
promising opportunities to enhance the efficiency and effectiveness of water distribution systems. 
However, it also raises critical ethical considerations, particularly concerning equitable access to 
water and the upholding of human rights.

Value 1 - Respect, Protection, and Promotion of Human Rights and 
Fundamental Freedoms and Human Dignity

4
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Ethical water management prioritizes vulnerable populations and marginalized communities. 
However, AI-driven water management might inadvertently prioritize other areas, potentially 
exacerbating water security disparities. According to the United Nations General Assembly’s 
resolution on The human right to water and sanitation (United Nations General Assembly), access 
to clean water and sanitation is explicitly recognized as a human right, integral to other human 
rights such as health, adequate living standards, and development. This recognition shapes ethical 
considerations for using AI within water management practices.

AI technologies, through predictive analytics, smart metering, and real-time monitoring, can 
optimize water resources management, improving access and distribution. The World Health 
Organization (WHO) highlights that over two billion people lack access to safely managed 
drinking water services (WHO and UNICEF, 2019). AI-driven systems could address this gap 
by predicting water shortages, identifying leaks, and enhancing distribution networks. However, 
ethical considerations must guide the implementation of these technologies to prevent reinforcing 
inequities. Marginalized communities often face digital divides that could hinder their ability to 
benefit from AI advancements, perpetuating cycles of deprivation.

Furthermore, AI’s reliance on data raises concerns about privacy and data security. The collection 
and utilization of vast amounts of data to optimize water management must adhere to principles 
of transparency, consent, and protection against misuse. As highlighted by the European Union’s 
General Data Protection Regulation (European Parliament and Council of the European Union, 
2018), data handling practices must prioritize the rights and freedoms of individuals, ensuring 
that data-driven water management respects user privacy and consent. Moreover, the EU AI 
Act has established a common framework for the use and supply of AI systems according to a 
classification system based on a ‘risk-based approach’. Depending on the risks related to people’s 
safety and fundamental rights, AI systems may be prohibited or subject to a set of requirements 
and obligations to gain access to the EU markets. Even AI systems with limited risks but lack of 
transparency will be subject to information and transparency requirements (European Commission, 
2024). AI applications involving decision-making in areas of critical infrastructure or access to 
essential services may be categorized as high-risk systems. These may therefore be subject to 
auditing requirements, involving risk management, data governance and quality, registration and 
third-party conformity assessments.

The ethical dimension of utilizing AI for water management extends beyond mere efficiency gains. 
The application of AI must be guided by principles of inclusivity, transparency, and accountability 
to ensure that the rights of all individuals to access water are upheld. This involves considering the 
needs and perspectives of diverse communities, mitigating potential biases inherent in AI algorithms, 
and fostering meaningful stakeholder engagement throughout the decision-making process.
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Environmental stewardship is a critical component of sustainable water management. The integration 
of AI into this domain offers unprecedented opportunities for enhancing environmental protection 
and resource efficiency. AI-driven solutions can significantly contribute to optimizing water use, 
reducing waste, and preserving aquatic ecosystems. However, deploying AI in water management 
also demands careful consideration of ethical principles to ensure technological advancements 
support, rather than undermine, environmental sustainability.

AI technologies can enhance environmental stewardship in water management through various 
means. Predictive analytics can forecast water demand and supply, enabling more efficient resource 
allocation and reducing strain on water bodies. AI can improve the accuracy of hydrological models, 
leading to better predictions of water availability and quality (Park et al., 2022). This supports the 
sustainable management of water resources, ensuring that ecosystems receive adequate water 
flows to maintain their health and biodiversity.

Moreover, AI can facilitate the detection and mitigation of environmental threats to water systems. 
For example, ML algorithms can analyze data from sensors deployed in water bodies to identify 
pollutants and monitor changes in water quality in real-time. Such capabilities enable timely 
interventions to prevent environmental degradation, protecting both human health and ecological 
integrity. AI can also support conservation practices by optimizing irrigation schedules and reducing 
water usage in agriculture, one of the largest consumers of freshwater globally.

However, ethical AI deployment in water management requires addressing potential environmental 
risks associated with technology use. One significant concern is the carbon footprint of AI systems, 
which can be substantial due to the high energy consumption of data centres and computational 
processes. The environmental impact of training large AI models can be considerable, necessitating 
the development of more energy-efficient algorithms and practices (Ligozat et al., 2022). To align 
AI deployment with environmental stewardship goals, stakeholders must prioritize reducing AI’s 
environmental footprint through sustainable practices and renewable energy sources.

Another ethical consideration is the unintended consequences of AI applications on ecosystems. 
While AI can enhance environmental monitoring, it is crucial to ensure that deploying technological 
solutions does not disrupt natural habitats or lead to ecological imbalances. For instance, the 
introduction of automated water management systems in agriculture must be carefully managed 
to avoid over-extraction of water resources, which can harm surrounding ecosystems. As per 
the findings of the Intergovernmental Panel on Climate Change Sustainable water management 
strategies must be integrated with ecosystem-based approaches to ensure long-term environmental 
resilience, as also indicated in the IPCC Sixth Assessment Report (IPCC, 2022).

Value 2 - Environment and Ecosystem Flourishing
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AI in water management must be inclusive, ensuring that all communities benefit from advancements 
and that no group is left behind. This involves promoting the active participation of diverse groups 
in the development and implementation of AI systems. Additionally, AI should be accessible to all, 
including marginalized and vulnerable populations.

AI systems should be designed with input from a wide range of stakeholders, including those from 
underrepresented communities. This ensures that the needs and perspectives of different groups 
are considered, leading to more equitable water management solutions. For example, AI can 
help provide localized water management solutions that are culturally and contextually relevant, 
ensuring that indigenous and rural communities have fair access to clean water and sanitation.

Value 3 - Ensuring Diversity and Inclusiveness

AI has the potential to foster more peaceful, just, and interconnected societies by promoting 
equitable access to resources and improving community resilience. In water management, this 
means using AI to ensure fair distribution of water, prevent conflicts over water resources, and 
promote cooperation among different stakeholders.

AI systems should be used to enhance transparency and accountability in water management, 
ensuring that decisions are fair and just. By providing accurate and timely information, AI can 
help communities make informed decisions about water usage and management. Furthermore, AI 
can facilitate collaboration between different regions and countries, promoting peace and stability 
through shared water resources management.

Integrating the UNESCO principles and values into AI applications in water management ensures 
that these technologies are used ethically and effectively. Respecting human rights, promoting 
environmental sustainability, ensuring inclusiveness, and fostering peaceful and interconnected 
societies are critical for leveraging AI to address global water challenges. By aligning AI systems 
with these values, we can create more equitable, sustainable, and just water management practices 
that benefit all of humanity.

Box 1 provides an overview of the 10 guiding principles outlined in the UNESCO Recommendation 
on the Ethics of AI, with a particular focus on their application to AI for water resources management.

Value 4 - Living in Peaceful, Just, and Interconnected Societies

Conclusion
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Box 2 UNESCO Principles on the Ethics of AI and their relevance 
for water management

AI systems in water management must prioritize minimizing harm while maximizing benefits for all 
individuals. This involves assessing the potential impacts of AI technologies to ensure they do not 
disproportionately affect vulnerable or marginalized communities. Ethical deployment of AI should 
strive to improve the quality of life without causing physical, economic, social, or cultural harm.

The implementation of AI in water management must guarantee the safety and security of individuals 
and communities. This includes protecting water systems against cyber threats and ensuring that AI-
driven decisions do not compromise public health or safety. Continuous monitoring and evaluation of 
AI systems are essential to maintaining secure and reliable water management practices.

AI technologies must be developed and deployed in ways that promote fairness and non-discrimination. 
This involves identifying and mitigating biases in AI algorithms and datasets to ensure equitable 
access to water resources. AI systems should not perpetuate existing disparities but rather work to 
rectify them, ensuring that all individuals, regardless of their background, have fair access to clean 
water.

Additionally, AI systems should be inclusive and accessible to all individuals and communities. This 
involves considering the diverse needs and perspectives of different communities and ensuring that AI 
technologies do not reinforce existing biases or inequalities. Efforts should be made to bridge digital 
divides, particularly in low- and middle-income countries, to ensure that marginalized communities 
can benefit from AI advancements in water management.

AI systems in water management must support environmental sustainability and ecosystem flourishing. 
This involves reducing the environmental impact of AI technologies, such as reducing their carbon 
footprint, and ensuring that AI applications do not disrupt natural habitats or lead to ecological 
imbalances. Sustainable practices and renewable energy sources should be prioritized to align AI 
deployment with environmental stewardship goals.

1. Proportionality and Do No Harm

2. Safety and Security

3. Fairness and Non-Discrimination

4. Sustainability



88

The collection and utilization of data in AI-driven water management must respect principles of 
privacy and data governance. This includes ensuring that data handling practices prioritize the rights 
and freedoms of individuals, maintaining transparency, obtaining consent, and protecting against 
misuse. Compliance with regulations such as the EU GDPR is essential to respect user privacy and 
consent, and ensure responsible data management.

AI-driven water management systems must preserve human oversight and autonomy. This involves 
ensuring that AI systems support, rather than undermine, human decision-making and autonomy. 
Stakeholders must be able to understand and influence AI decisions, maintaining control over critical 
aspects of water management to ensure human values and priorities remain central.

Transparency and explainability are crucial for building trust in AI systems. Stakeholders, including 
policymakers, water utilities, and the public, must have clear insight into how AI decisions are made 
and the data used in these processes. AI systems often operate as “black boxes”, where decision-
making processes are difficult for non-experts to understand. This lack of clarity can lead to mistrust 
and resistance, especially if the outcomes of AI-driven decisions are perceived as unfair or harmful. 
Enhancing the transparency of AI algorithms involves making the data, methodologies, and rationales 
behind AI decisions accessible and understandable to stakeholders (Balasubramaniam et al., 2023). 
This openness helps to demystify AI processes and fosters a collaborative environment where 
stakeholders can engage with and contribute to the development and refinement of AI solutions. 
Adherence to regulations such as the EU AI Act is essential to ensure compliance with transparency 
and information disclosure requirements.

Moreover, transparency is essential for identifying and mitigating biases in AI systems. AI models 
can inadvertently perpetuate existing inequalities if they are trained on biased data. For example, 
if historical water usage data reflects disparities in access between affluent and marginalized 
communities, AI systems might reinforce these disparities in their predictions and recommendations. 
Ensuring transparency in AI involves scrutinizing the datasets and algorithms to detect and address 
such biases, thereby promoting fairness and equity in water management (Al-Saadi, 2024).

5. Right to Privacy and Data Protection

6. Human Oversight and Determination

7. Transparency and Explainability
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Accountability frameworks must be established to ensure that AI systems in water management 
are used responsibly. Accountability frameworks should delineate the roles and responsibilities of 
different actors, from AI developers to end-users, ensuring that each party is held accountable for 
their contributions to the system’s outcomes (Novelli et al., 2023). This includes clearly defining 
responsibilities and feedback mechanisms where stakeholders can report issues and contribute to 
continuous improvement. 

Accountability involves the creation of governance structures that oversee AI deployment and ensure 
compliance with ethical and legal standards, ensuring that all actors involved are held accountable 
for their contributions to the system’s outcomes. The European Commission’s Ethics Guidelines for 
Trustworthy AI (European Commission, 2019) advocate for the establishment of oversight bodies that 
monitor AI systems and enforce accountability measures. Such bodies can help ensure that AI systems 
in water management are used responsibly and that their benefits are equitably distributed.

To raise awareness on both the potential and challenges, the public needs to have access to open and 
accessible education on AI’s role in water management. This will enable people to make informed 
decisions about their use of AI systems and protect them from undue influence. Targeted training 
programs for water management professionals can enhance the effective use and development of AI 
tools, ensuring they are applied efficiently and responsibly.

AI systems for water management should align with the UNESCO Recommendation on Open 
Science7, enabling stakeholder participation throughout the AI system life cycle to ensure inclusive 
approaches to AI governance. This approach helps ensure that the benefits of AI are equitably 
shared and contribute to sustainable development. AI systems should foster collaboration among 
governments, communities, and the private sectors, creating more comprehensive water management 
strategies. 

8. Responsibility and Accountability

9. Awareness and Literacy

10. Multi-stakeholder, Open Science and collaboration

7https://www.unesco.org/en/open-science 

http://www.unesco.org/en/open-science
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OUTLOOK AND 
CONCLUSIONS

The integration of artificial intelligence (AI) in many engineering fields and daily life is advancing 
rapidly. This is driven by significant developments in machine learning, curated databases and 
computing capabilities. Classical machine learning has been implemented in scientific studies 
related to water management since the 1990s. Still, we see a growing number of data-driven 
techniques routinely applied in literature for data pre-processing, model emulation, detection/
filling of data gaps and short-medium term predictions of multiple hydro-environmental variables. 

More recently, AI using artificial neural networks (ANNs) and convolutional neural networks 
(CNNs) have become routinely described in scientific studies involving water management. Despite 
this progress, the use of AI systems for operational water management with a high technology 
readiness level (TRL) remains limited. Some of the high TRL systems identified involve computer vision 
applications to monitor processes (water quality and flows), infrastructure (e.g. CCTV inspection of 
pipelines) and data-driven techniques such as anomaly detection in data-rich environments (like in 
water distribution networks). Furthermore, relevant AI-derived datasets for hydraulic and hydrologic 
studies are already publicly available, for instance from data-driven short-term weather prediction 
series or satellite-based mapping (e.g. dams, buildings/roads footprints, canopy heights etc.)

Current trends suggest that multimodal large language models (LLMs) will likely progressively close 
the gap between automated systems and expert knowledge. LLM applications already achieve 
close-to-expert general knowledge in several metrics (>90 score in MMLU (Multi-task Language 
Understanding) benchmark by 2024). Achieving expert-level performance with tailored trained 
LLMs for specialized tasks (such as hydrological studies, or model conceptualization) is likely to 
become a reality in the short-medium term. 

In the context of remote sensing, we expect an increase in the availability of foundational models that 
encode relevant applications for water management, such as trained models for multispectral and 
high-resolution remotely sensed data. Also, zero-shot learning models that generalize multimodal 
data (imagery and text) is expected to improve and facilitate greatly the transference of models to 

5
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new tasks, such as reducing the cost of dataset generation when deploying vision models for water 
management tasks. 

Advances in data-driven physics solvers, such as graph neural networks (GNNs) or DeepOnets 
with potential uses for computational fluid dynamics, groundwater, hydrology and overland flow 
simulations are also expected to become relevant given the state of the art in adjacent engineering 
fields. In this regard, the generalization of data-driven emulators to arbitrary meshes and time-
dependent inputs is a key aspect to accelerate current physically-based model implementations 
in sampling-intensive applications such as uncertainty analysis, optimization or in early-warning 
schemes.

However, these advances are still subjected to several limitations. Data-driven methods still suffer 
from biases arising from lack of training data during extreme events, and there is a risk of overfitting 
to limited observations. This is of special relevance in the context of water management applications, 
where observations are often scarce, processes are often non-stationary and risk is dominated 
by low-probability events. Hybridization (i.e. combination of physically-based simulations and 
data-driven AI-predictive models) might help mitigating this aspect. Furthermore, neural network 
schemes also face challenges related to limited interpretability, vulnerability to adversarial attacks 
and training-data biases. Before deploying unsupervised AI-systems in applications related to 
critical infrastructure, a substantial effort in the creation of standardized tests benchmark and 
auditing tools is still needed.

Chapter 4 also underscores the critical role that ethical considerations play in integrating AI into 
water management systems. While AI presents transformative opportunities to enhance water 
resource efficiency and address global challenges like water scarcity and climate change, it must 
be applied with caution to avoid exacerbating existing inequalities or causing harm to vulnerable 
communities and ecosystems. The UNESCO Recommendation on the Ethics of AI serves as a 
vital framework, guiding the responsible development and deployment of AI. Prioritizing values 
such as human rights, environmental sustainability, and inclusiveness ensures that AI-driven water 
management systems align with global principles of justice, fairness, and sustainability. These ethical 
guidelines not only foster trust in AI technologies but also help safeguard fundamental human and 
ecological rights, highlighting that AI should serve as a tool for equitable and sustainable progress 
rather than a source of further disparity or environmental degradation. By adhering to these ethical 
principles, AI can be harnessed to create more resilient, fair, and transparent water management 
systems that benefit all.
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Artificial intelligence (AI) and Machine Learning (ML) are revolutionizing water 
management by enabling more efficient and sustainable use of this critical resource. 

The emergence of AI as a water management tool is therefore reflected in the 
Strategy of UNESCO’s Intergovernmental Hydrological Programme (UNESCO-
IHP) in its ninth phase (IHP-IX) ‘Science for a Water Secure World in a Changing 
Environment’ that runs from 2022 until 2029. Particularly, as part of the ongoing 
efforts related to Output 1.9 on the ‘Development and sharing of new technologies 
using Artificial Intelligence’.

The recent advancements in AI technologies have resulted in a growing number 
of applications in support of integrated water resources management. The 
numerous applications range from surface water supply, groundwater modelling, 
hydropower generation, agriculture and irrigation, climate change risk and flood 
risk management, water-energy-food nexus, among others.

This publication reviews the current state-of-the-art of AI and Machine Learning 
applications within water management, introducing some of the main concepts 
and providing the reader with a general understanding of different technologies 
and concepts. Further, it features examples of the most influential applications of AI 
within water management and highlights the ethical challenges when streamlining 
AI for water resources management.

This publication has been developed under the framework of the Hydro-Resilience 
Project ‘Addressing Hydro-climatic Vulnerability through Citizen and Open 
Science’, made possible with the support of the Flanders Fund-in-Trust (FUST) for 
the support of UNESCO’s activities in the field of science.
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for water management
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