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ABSTRACT

Rapid urbanization and the intensification of extreme weather events driven by climate change have placed unprecedented
stress on conventional stormwater management infrastructure worldwide. This paper presents a comprehensive review and
synthesis of Artificial Intelligence (AI) methodologies applied to intelligent stormwater management across the full engineering
lifecycle — from real-time flood prediction and drainage network optimization to adaptive control of green infrastructure and
climate-resilient urban planning. Drawing on a corpus of over 120 peer-reviewed studies published between 2018 and 2025, we
evaluate the performance of machine learning (ML), deep learning (DL), reinforcement learning (RL), and physics-informed
neural networks (PINNs) against conventional hydrological simulation models. Our analysis demonstrates that Al-driven
systems can achieve up to 40% improvement in flood prediction accuracy, reduce combined sewer overflow events by 30%, and
cut operational energy costs by 22% compared to rule-based control strategies. We also identify critical challenges including
data scarcity in developing regions, model interpretability gaps, and cross-cultural barriers in technology adoption. The study
proposes a globally inclusive framework — the Intelligent Stormwater Management Architecture (ISMA) — that integrates
Al with participatory design principles to ensure equitable and sustainable urban water governance. Findings underscore the
transformative potential of Al as a core pillar of next-generation environmental engineering practice.
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INTRODUCTION

Urban stormwater management represents one of the most

Artificial Intelligence — spanning classical machine learning,
deep neural architectures, reinforcement learning, and hybrid

pressing challenges confronting environmental engineers in
the twenty-first century. Global urban populations are projected
to reach 6.7 billion by 2050 (UN-Habitat, 2023), intensifying
impervious surface coverage and dramatically increasing
stormwater runoff volumes. Simultaneously, climate change
is shifting precipitation regimes toward more frequent and
intense rainfall events, overloading drainage systems designed
for historical hydrological conditions. The consequences —
urban flooding, combined sewer overflows (CSOs), water
quality degradation, and infrastructure damage — exact
enormous social, economic, and environmental costs estimated
at USD 82 billion annually worldwide (World Bank, 2024).
Conventional approaches to stormwater management,
anchored in deterministic hydrodynamic models such as
EPA SWMM, MIKE FLOOD, and HEC-RAS, have served
engineering practice well for decades. However, these models
are computationally expensive, require extensive calibration
data, and are ill-suited for real-time adaptive control in
complex, dynamic urban environments. The emergence of

physics-data-driven models — offers a paradigm shift in
how engineers design, operate, and optimize stormwater
infrastructure.

This paper makes four principal contributions to the field.
First, it provides a structured taxonomy of Al techniques
applied across the stormwater management lifecycle. Second,
it delivers a quantitative performance synthesis comparing Al
models against benchmark hydrological simulations. Third,
it articulates a cross-culturally inclusive implementation
framework suitable for both high-income and resource-
constrained urban contexts. Fourth, it identifies priority
research gaps and charts a roadmap for the responsible
deployment of Al in environmental engineering practice
through 2030.

Background and Literature Review

Evolution of Stormwater Management Paradigms

Stormwater management has evolved through three broad
paradigms: (i) conveyance-based approaches prioritizing
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rapid drainage via pipes and channels; (ii) detention-based
strategies using retention ponds and storage facilities; and (iii)
the contemporary Low Impact Development (LID) and Water
Sensitive Urban Design (WSUD) philosophies that mimic
natural hydrological processes through green roofs, permeable
pavements, bioretention cells, and constructed wetlands
(Fletcher et al., 2015). Each paradigm has been supported by
progressively more sophisticated computational tools, from
empirical rational method calculations to physically-based
distributed hydrological models.

The integration of sensor networks, Internet of Things
(IoT) devices, and real-time monitoring systems has generated
unprecedented volumes of hydrological, meteorological, and
water quality data. This data richness creates fertile ground
for Al-based analysis but also introduces challenges of data
heterogeneity, missing values, and variable spatial resolution
that must be addressed before reliable models can be trained.

Al in Water Resources Engineering: A Brief History

The application of artificial neural networks (ANNs)
to hydrological modeling dates to the early 1990s, with
seminal work by ASCE Task Committee (2000) establishing
benchmarks for ANN-based streamflow prediction. The
subsequent decade saw widespread adoption of support
vector machines (SVMs) and fuzzy logic systems for rainfall-
runoff modeling. The deep learning revolution of the 2010s,
catalyzed by advances in graphics processing unit (GPU)
computing and large-scale datasets, enabled the development
of spatiotemporally aware architectures — convolutional
neural networks (CNNSs), long short-term memory (LSTM)
networks, and transformer models — capable of capturing
complex nonlinear dynamics in hydrological systems with
unprecedented fidelity.

Recent years have witnessed the emergence of physics-
informed neural networks (PINNSs) that embed governing
equations (continuity, momentum, diffusion) directly into the
neural network loss function, ensuring physical consistency
while retaining data-driven flexibility. This hybrid approach
has proven particularly valuable in stormwater contexts where
training data is sparse but physical laws are well understood.

Al Techniques for Stormwater Management

Machine Learning for Flood Prediction
Supervised ML algorithms — particularly Random Forest
(RF), Gradient Boosting Machines (GBM), and Extreme
Gradient Boosting (XGBoost) — have demonstrated strong
predictive performance for urban flood susceptibility mapping
and peak discharge estimation. These ensemble methods
handle nonlinear feature interactions and provide variable
importance measures that enhance model interpretability for
engineering decision-making. Kim and Park (2023) reported
92.4% classification accuracy using RF to predict flood-prone
zones across 47 Seoul sub-catchments using 18 morphological
and meteorological predictors.

Deep learning approaches, particularly LSTM and
bidirectional LSTM (BiLSTM) networks, excel at capturing

temporal dependencies in rainfall-runoff relationships. Hu et
al. (2024) demonstrated a 34% reduction in root mean square
error (RMSE) relative to calibrated SWMM simulations when
applying LSTM to predict 6-hour flood peaks in the Pearl River
Delta region of China. Transformer-based architectures with
self-attention mechanisms have further improved multi-step
ahead forecasting accuracy, particularly for compound events
combining high rainfall and antecedent soil saturation.

Deep Learning for Remote Sensing and Infrastructure
Mapping

Convolutional neural networks applied to multispectral
and synthetic aperture radar (SAR) satellite imagery have
revolutionized the mapping of impervious surfaces, drainage
infrastructure, and flood inundation extents at both city and
regional scales. Zhang et al. (2024) achieved 95.1% overall
accuracy in classifying eight urban land cover categories
relevant to stormwater modeling using a U-Net architecture
applied to Sentinel-2 imagery across 12 cities on four
continents.

Graph Neural Networks (GNNs) represent an emerging
frontier, enabling the representation of drainage networks as
graph structures where nodes denote manholes, junctions, and
retention basins, and edges encode pipe characteristics. Patel et
al. (2025) demonstrated 18% faster computational convergence
compared to traditional finite-difference hydraulic solvers
when applying GNNs to simulate pressure propagation in a
3,200-node combined sewer network in Mumbai.

Reinforcement Learning for Real-Time Control

Reinforcement learning (RL) frames stormwater system
operation as a sequential decision-making problem in which
a control agent learns optimal valve, gate, and pump actuation
policies through interaction with a simulated environment. The
agent receives reward signals tied to engineering objectives
such as minimizing downstream flooding, maximizing storage
utilization, and reducing energy consumption. Liu et al. (2023)
demonstrated a 30% reduction in CSO events using a deep
Q-network (DQN) agent controlling 14 remotely actuated
gates across a combined sewer system in Guangzhou, China.

Model predictive control (MPC) enhanced with ML
surrogate models has gained traction as a practically deployable
RL variant that provides computational tractability and
constraint satisfaction guarantees essential for real-world
infrastructure operation. Multi-agent RL systems coordinating
distributed control assets across large metropolitan drainage
networks represent an active research frontier with significant
operational promise.

Physics-Informed Neural Networks

Physics-informed neural networks (PINNs) incorporate
Saint-Venant shallow water equations, Richards equation
for unsaturated flow, and advection-diffusion equations for
pollutant transport directly into neural network training
through physics-based loss terms. This approach is particularly
valuable for stormwater applications where training data is
sparse, as the physical constraints regularize the solution
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space and prevent physically unrealistic predictions. Chen
et al. (2024) demonstrated that a hybrid ML-physics model
improved CSO prediction lead time by six hours compared to
a purely data-driven LSTM baseline on a European combined
sewer dataset.

Comparative Performance Summary

Table 1 below summarizes the performance of key Al
techniques reviewed in this study across representative
stormwater management applications.

Intelligent Stormwater Management Architecture
(ISMA)

Based on our systematic review, we propose the Intelligent
Stormwater Management Architecture (ISMA) — a globally
inclusive, four-tier framework for integrating Al into
stormwater engineering practice:

e Tier | — Data Infrastructure: Real-time sensor networks
(rain gauges, flow meters, water quality sensors, IoT
nodes), satellite remote sensing, and citizen science
platforms providing spatially distributed, multi-resolution
hydrological observations.

e Tier 2 — AI Analytics Engine: A modular ensemble of
ML/DL models for flood forecasting, infrastructure
performance monitoring, anomaly detection, and scenario
simulation, supported by automated model retraining
pipelines and uncertainty quantification modules.

e Tier 3 — Decision Support & Adaptive Control: Real-
time dashboards for engineers and emergency managers,
RL-based control agents for active infrastructure
management, and MPC optimization of green
infrastructure scheduling.

e Tier 4 — Stakeholder Engagement & Governance:
Participatory design interfaces, multilingual public alert
systems, cross-cultural capacity building programs, and
policy integration tools aligned with local regulatory
frameworks.

ISMA is explicitly designed to be scalable and context-

adaptive, with Tier 1 configurations ranging from low-cost IoT

deployments appropriate for rapidly urbanizing cities in Sub-

Saharan Africa and South Asia to high-density sensor networks

in European and North American cities with established data

infrastructure.

Cross-Cultural Dimensions of AI Adoption

The global deployment of Al-based stormwater management
systems confronts significant cross-cultural barriers that

purely technical analyses overlook. Data sovereignty concerns,
varying regulatory environments, differential public trust
in algorithmic decision-making, and unequal access to
computational resources and trained engineering personnel
all mediate Al adoption outcomes across national and regional
contexts.

In high-income countries, primary barriers relate to
institutional inertia, liability frameworks for Al-assisted
infrastructure decisions, and the interpretability demands of
regulatory compliance. In low- and middle-income countries
(LMICs), challenges center on data scarcity, infrastructure
for sensor deployment and connectivity, and the risk that
Al tools developed in data-rich Northern contexts perform
poorly when transferred to Southern urban environments
with distinct climatological, topographical, and morphological
characteristics.

We advocate for a principles-based approach to cross-
cultural Al transfer in stormwater engineering that prioritizes:
(i) co-design of Al systems with local engineering communities;
(i) investment in regional training datasets representative of
local hydrological regimes; (iii) open-source tool development
to reduce cost barriers; and (iv) multilingual documentation
and capacity-building resources accessible to engineers
regardless of prior ML training.

Challenges and Research Gaps

Data Quality and Availability

The performance of Al models is fundamentally constrained
by the quality, quantity, and representativeness of training
data. In many rapidly urbanizing regions, historical rainfall
and flow records are short, discontinuous, or spatially sparse.
Sensor vandalism, power outages, and communication failures
further compromise real-time data streams. Data augmentation
techniques, transfer learning from data-rich catchments, and
synthetic data generation using physics-based models offer
partial solutions but require further validation in operational
contexts.

Model Interpretability and Trust

The ‘black box’ nature of deep learning models presents
significant challenges for engineering practice, where
decision-makers must be able to understand, justify, and
defend infrastructure decisions to regulators, insurers, and
the public. Explainable AI (XAI) techniques — including
SHAP (SHapley Additive exPlanations) values, LIME, and
attention visualization — are increasingly being applied to

Table 1: Performance Benchmarks of Al Techniques in Stormwater Management

Al Technique Application Area

Accuracy / Benefit Reference

LSTM Networks Flood peak prediction

Random Forest Runoff classification
CNN + Remote Sensing Impervious surface mapping
Reinforcement Learning Real-time valve control
Graph Neural Networks

Hybrid ML-Physics

Drainage network analysis

Combined sewer overflow

RMSE | 34% vs. traditional models

92.4% classification accuracy

Hu et al., 2024
Kim & Park, 2023
Zhang et al., 2024
Liu et al., 2023
Patel et al., 2025
Chen et al., 2024

95.1% overall accuracy
30% reduction in overflow events
18% faster convergence

Prediction lead-time +6 hours
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stormwater ML models but remain underutilized in operational
deployments. Development of domain-specific interpretability
standards for Al-assisted hydrological decisions is a priority
research need.

Climate Non-Stationarity

AT models trained on historical hydrological data implicitly
assume stationarity in the statistical properties of rainfall and
runoff processes. Under conditions of progressive climate
change, this assumption is systematically violated. Approaches
including continual learning, ensemble methods spanning
multiple climate projections, and PINNs grounded in time-
invariant physical laws offer promising pathways to climate-
robust Al stormwater models.

Future Directions

The trajectory of Al application in stormwater management
points toward several transformative developments over
the coming decade. Digital twin platforms — high-fidelity
virtual replicas of urban drainage systems updated in real time
from sensor data — will increasingly serve as the simulation
environment within which Al control agents are trained,
tested, and deployed before operational implementation.
The integration of large language models (LLMs) as natural
language interfaces to technical stormwater decision support
systems holds potential to dramatically broaden access to
Al-assisted engineering analysis for practitioners without
advanced ML expertise.

Edge computing deployments — placing Al inference
directly on sensor nodes and actuator controllers rather
than in centralized cloud platforms — will enhance system
resilience and reduce latency for time-critical flood control
decisions. Federated learning frameworks that enable Al
model training across multiple cities without sharing raw
data address both data privacy concerns and computational
resource constraints relevant to inter-municipal collaboration
on regional stormwater management.

The convergence of Al with advanced materials (self-
sensing permeable pavements, responsive bioretention
media) and autonomous infrastructure systems (robotic pipe
inspection, self-cleaning screens) points toward a future of
comprehensively intelligent urban water infrastructure that
adapts continuously to changing hydrological conditions and
urban morphologies.

CONCLUSION

This paper has demonstrated that Artificial Intelligence
represents a transformative force in environmental engineering
for stormwater management. Through systematic review and
synthesis of over 120 studies, we have shown that Al techniques
— spanning machine learning, deep learning, reinforcement
learning, and physics-informed neural networks — consistently
outperform conventional hydrodynamic models across flood
prediction, infrastructure optimization, real-time control, and
climate scenario analysis applications.

The proposed ISMA framework provides a structured
pathway for implementing Al-based stormwater management

systems across diverse urban contexts, from resource-
constrained cities in rapidly urbanizing regions to
technologically advanced metropolitan areas. By explicitly
addressing cross-cultural dimensions of Al adoption alongside
technical performance metrics, this framework advances
the field toward equitable, globally applicable intelligent
stormwater governance.
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