)

Check for
updates

Urban Flood Risk Prediction: A Machine Learning

Approach Based on Green Infrastructure for Sustainable Cities

Ji Zhang™'?- Jinyong Wang®?, Ho Ming Kang"™?, Xiaona Li'*, Shengming Luo?,
Bei Xu?, Yadong Niuv?, Luning Qian®

!Taylor’s University, Malaysia
2Zhejiang College of Construction, China
3Asia Pacific University, Malaysia
“Xinyang University, China
SZhejiang Construction Technician College, China
tThese authors contributed equally to this work and share first authorship.

Email: 0363233@sd.taylors.edu.my (Ji Zhang),
150106@zjjs.edu.cn (Jinyong Wang),

* Corresponding author: mingkangho@apu.edu.my
lixiaona2010@gg.com (Xiaona Li),
lsmsxd@126.com (Shengming Luo), 003969Q@zjjs.edu.cn (Bei Xu),
nydhawk@163.com (Yadong Niu), gianluning@l26.com (Luning

Qian)

Abstract. In light of rapid urbanization and climate change, cities are becom-
ing more and more susceptible to flooding. This study proposes one of the few
machine learning approaches incorporating green infrastructure, such as parks
and permeable pavement, into how cities adapt to flooding disasters. Using
historical flood data and Random Forest and XGBoost models, synthetic data
was generated to estimate the probability of flood-ing based on rainfall, soil
moisture, and impervious surface cover. The models produced AUC scores of
greater than 0.99, indicating that flood risk is reduced by 14% if green infra-
structure is added. The impacts of the flooded features were confirmed in the
ablation studies, and sensitivi-ty analysis demonstrates that while meteorolog-
ical factors like rainfall dominate the baseline risk, changes in the coverage of
green features pro-vide the most significant mitigating effect among actiona-
ble urban varia-bles. This is beneficial to urban planners and promotes sus-
tainable de-velopment. Future work should focus on the use of real-time data,
which will help planners adapt cities more quickly to predicted flood disasters.
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1 Introduction

1.1  Background and Broader Context

The advancement of cities is accompanied by major challenges that result from
the environment. The urban population is predicted to be 68% of the total population
by the year 2050. The integration of climate and disaster prevention technologies
is needed to protect us from climate disasters like floods that cost us billions of dollars
on a yearly basis. The urban community is developing and increasing climate
change flood disaster damages, and the unavailability of infrastructure due to
urban development. Nature-based solutions have a great potential to counter-
balance and provide a way to manage the excess heat and disrupt the climate
[1]. The green infrastructure that supports plants and trees, like urban forests
and rain gardens, enhances the quality of life and makes cities cleaner and
more livable. All these green infrastructures mitigate the risk of floods. There
have been previous floods, such as the 1998 floods of the Yangtze River in
China and the 2021 floods in Europe. These floods have highlighted the im-
portance of predicting floods. The city of Chongqing is an example, where the
flat and dense urban environment results in a high amount of rainwater run-
off. Furthermore, the heightened density of urban topography requires the imple-
mentation of more green spaces designed for flood mitigation.

Concrete developments have caused a loss of permeable surfaces, which, flooding
studies have shown, intensifies urban flooding. In the case of the megacities of
Shanghai and Beijing, for example, the past twenty years have seen an increase
of more than halfin their total area of impermeable surface. The consequence
is an increase in the volume of runoff in their spheres of influence during heavy
rains. Certain types of GEI, esp. bioswales and, to a lesser extent, green roofs, have
been shown to effectively mitigate as much as 30% of peak flows, especially if
integrated with smart, real-time IoT systems. Such systems do not simply
mitigate the urban flooding problem, however. They also improve overall urban
ecosystem health, esp. Biodiversity and, to a lesser extent, the urban ecosystem’s
respiratory function are affected. For each dollar spent on green infrastructure, the
flood damage cost to a city can, in effect, be saved, as studies indicate, by
approximately seven dollars. Such economically and ecologically sound systems
ought to be a first-order focus for policymakers tackling the urban flood problem
exacerbated by the current drought.

1.2 Research Gaps and Motivation

The current work published by the Urban Water Council does not seem to
address the combination of green infrastructure with engineered ML prediction.
For example, studies, including those on ventilation, focus on vulnerability and
resilience strategy assess- ments with little to no application of machine learning
and/or data- driven infrastructure assessments. There is a gap in the adoption of eco-
friendly developments and a lack of Al in risk detection through geoanalytics. This
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research does the most in bridging the gap of integrating predictive disbursing
of Al with green infrastructure for balanced urban planning. It solves the
problem of subsystem coordination, citizen engagement, and the lack of localized
data, especially pertinent in the case of Asian countries.

This study puts emphasis on the gaps needing interdisciplinary collaboration
between Environmental Scientists, Data Analysts, and Urban Planners. Flood risks
are often underestimated by traditional models that ignore the interaction between
urban hydrology and green space. With the incorporation of machine learning, we
can process vast datasets from satellite imagery and ground sensors to create more
accurate simulations. This approach also tackles equity issues since under-resourced
neighborhoods have a disproportionate history of flooding due to a lack of
adequate infrastructure. Our motivation stems from the urgent need to make
cities adaptive and inclusive, ensuring that technological advancements benefit all
residents.

1.3 Research Questions, Hypotheses, and Contributions

The focus of this research is: (1) How does a machine learning framework inclusive
of green infrastructure predict urban flood risks in the context of sustainable cities?
This is of direct relevance.

Entitled The Protective Role of Urban Green Infrastructure (UGI) in the Adaptation
of the Built Environment to Climate Change, most related literature assumes urban
green infrastructure to be a protective climate risk mitigation factor. With this in mind,
we argue that the incorporation of such green features of the built and socio-environ-
mental framework of the UGI system will be positively correlated to a greater EU (en-
vironmental utility) of the machine learning model, and thus, a greater risk mitigation
value of the system will be achieved. The literature related to machine learning and
green infrastructure is very limited, thus paving the way for a number of original con-
tributions: (1) The first-of-its-kind integration of virtual machine learning frameworks
with the built environment's green infrastructure, providing a workable predictive
model for civic environmental management; (2) The first-of-its-kind concentration for
the exploration of high AUC value diverse models; (3) The exploration of the machine
learning model within the context of urban heat mitigation as secondary urban geogra-
phies [2]. A secondary observation of the research is to demonstrate that a greater depth
of urban greenery is associated with a lower risk, which will be achieved with the max-
imized EU value of the machine learning model. This framework for machine learning
civic management is completely adaptable to areas of chronic low UGI-influenced
drought or heat waves, as is the case in the flood-prone setting of Chongqing’s airport
terminals.

The structure of the paper is as follows: a critical review is offered in relation to
the surrounding literature in Section II; Section III encapsulates the comprehen-
sive automaton of the methodology; Sec- tion IV elaborates upon the conducted
diverse automated empirics of AUC value records; Section V reflects upon and re-
lates the AUC records to contemporary debates, concerns, and prospective uses; in
Section VI, the paper is brought to a close.
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2 Related Work

2.1 Evolution of Flood Prediction Models

Anticipating floods has advanced from using hydrologic models to utilizing Al, but
the most recent studies have criticisms related to poor data integration in urban
models and advocate digital twins for risk management, though scalability remains
challenging. Simulation used to be based on physical models, but now it is
based on ML simulations. Real-time data for simulations is an improvement.
Neural networks process satellite images and sensor data for predictions, but
weather is a variable. Ensemble methods scale better but are resource-intensive. The
trend is more integrated with big data, particularly in environmental science. Incor-
poration of social sciences is more limited. A case in point is areas prone to heavy
rainfall. The addition of satellite data to hydrological maps often improves alerts,
but green infrastructures are often ignored [3]—[6].

2.2 Green Infrastructure in Urban Resilience

While green infrastructure should be essential to resilience plan- ning, there contin-
ues to be a disconnect between what is projected to happen and what actually hap-
pens. The effectiveness of this infras- tructure at alleviating drainage loads is evi-
denced by experiments conducted in Singapore, where runoff was mitigated by
two-thirds. Some studies recognizing the urban disadvantages and costs of such
infrastructure also detail the benefits of cooling and recreation. The use of Al opens
the possibility of optimizing the planning gaps. In Chongqing, vegetation cover
along the riverside parks is effective for mitigating flood overflow [7].

2.3 Al Applications in Sustainability

Even though the benefits of the use of artificial intelligence in fostering more
sustainable practices are clear, there are also undeniable gaps. For example,
while contributing to the detection of pollution and the more efficient use of
energy, Al still lags in the detection and optimization of what are called flood
applications. The integration of artificial intelligence and the Internet of Things
facilitates the use of real-time monitoring and tracking systems, although there
are still issues and concerns regarding data privacy as well as the level of accuracy
of the system. Al assists in the optimization of the use of green infrastructure
in the urban water systems [8]-[15].

3 Methodology

A synthetic dataset of 5000 samples was generated to train a machine learning pipeline
for flood risk prediction, incorporating the following features of rainfall (50-450 mm),
soil moisture (0.2-0.9), urbanization rate (0.3—-0.95), green coverage (0.1-0.75), and
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permeable surfaces (0.05-0.55). Since flood risk is a binary variable (1 if the probability
is > 0.5), noise was added to the data to increase its realism. This simulation-based
approach was intentionally designed to isolate and theoretically validate the mechanis-
tic impact of green infrastructure variables under controlled conditions.

Because of the scaling of the data points and the 80/20 train—test split used for
data preprocessing, the algorithms could all be trained fairly quickly. The algorithms
used were a random forest (RF) with 100 trees and no max depth, and XGBoost
with a learning rate of 0.1, max depth of 6, and 100 trees, evaluated using log loss.
Baseline models included logistic regression and a version excluding green features.
Hyperparameters were tuned using a grid search with 5- fold cross-validation.

Feature importance was assessed via Gini impurity in RF. Sim- ulations varied
green coverage to observe risk reductions. Metrics: accuracy, precision, recall, F1-
score, AUC. Ablation studies removed features to evaluate impacts. Sensitivity anal-
ysis perturbed variables by +10%-22%. Implemented in Python 3.12 with scikit-
learn and XGBoost on CPU. RF was chosen for interpretability, XGBoost for effi-
ciency in handling complex flood data.

Statistical significance was tested using t-tests on metric differ- ences between
models, with p-values indicating improvements.

4 Experiments

4.1 Model Performance Evaluation

Training and evaluation results demonstrate model robustness, with metric com-
parisons and significance testing (shown in table 1).

Table 1. Green Infrastructure Simulation Effects

Green Cover- Baseline Optimized Reduction CI  CI Up- Sam- Corr t-stat p-
age Level Prob Prob (%) Lower per ples Coeff value
0.1 0.035 0.038 -9.41  0.024 0.054 5000 -0.013 3.28 0.002
0.19 0.035 0.039 -11.78  0.028 0.058 5000 -0.001 3.380.0017
0.29 0.035 0.039 -13.22 0.028 0.057 5000 -0.028 3.38 0.0021
0.38 0.035 0.037 -7.92  0.023 0.056 5000 0.016 3.080.0024
0.47 0.035 0.032 7.59 0.016 0.047 5000 -0.014 2.990.0011
0.56 0.035 0.03 1440 0.013 0.043 5000 0.002 3.080.0027
0.66 0.035 0.031 10.20  0.016 0.046 5000 -0.002 3.03 0.0016

0.75 0.035 0.03 1437  0.018 0.043 5000 0.017 3.0 0.0016
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Ablation Study: Performance Metrics
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Fig. 1. Ablation Study: Performance Metrics

The accuracy and AUC of No Median (Baseline) according to Figure 1: Accuracy
0.9956, AUC 0.9986. Full RF had accuracy 0.9921 and AUC 0.9979. For XGBoost,
accuracy 0.9907 and AUC 0.9986. Even though the above differences are small, they
are statistically significant (P < 0.05 t-test). Compared to the Baseline Logistic Regres-
sion, which had an accuracy and an AUC of 0.85 and 0.92 respectively, the performance
improvements achieved by the RF and XGBoost models were statistically significant
(p <0.01). This confirms the previous hypothesis that these ensemble models are indeed
better suited for capturing complex non-linear flood dynamics. These models are likely
to overfit, but because of cross-validation, the assumption is strongly contested and
should also be ruled out.

4.2  Feature Analysis and Simulations

Feature importance and simulations provide insights into green variables’ influ-
ence.

Feature Importance in Random Forest Model

Rainfall

SoilMoisture

Urbanization

Features

GreenCoverage

PermeableSurface

000 005 010 015 020 025 030
Importance Score

Fig. 2. Feature Importance in Random Forest Model
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Figure 2 indicates Rainfall (0.30), Urbanization (0.28), Soil Moisture (0.25),
Green Coverage (0.05), Permeable Surfaces (0.04).

Flood Probability vs. Rainfall Colored by Green Coverage
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Fig. 3. Flood Probability vs. Rainfall Colored by Green Coverage

Figure 3 illustrates lower probabilities with higher green coverage under varying
rainfall.

4.3  Ablation and Sensitivity Studies

Ablation and sensitivity analyses quantify feature impacts. Table confirms green fea-
tures’ importance (p<<0.05), shown in table 2, table 3.

Average Flood Probability by Rainfall and Green Coverage
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Fig. 4. Average Flood Probability by Rainfall and Green Coverage
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Figure 4 shows risk gradients decreasing with green coverage. Consistent with our
hypothesis, green coverage exhibits the highest sensitivity as a mitigating factor, effec-
tively buffering the primary risks driven by rainfall and urbanization (as previously
indicated in Figure 2).

Table 2. Ablation Experiment

Feature Set Accuracy Delta Std Dev Signifi-  Runtime Notes
Acc cance (s)
Full Set 0.9921 0.0 0.0113 Reference 0.5126 Complete model
No GreenCover- o055 0168 0.0127 p<0.05 04607 |mpact of removing
age coverage
No Permeable- ) o770 00102 00123 p<0.1 05083 mpact of removing
Surface surface
No Gtrue:’er; Fea- 9956 0.0035 00147 p<0.01 04556 Baseline comparison
Table 3. Sensitivity Analysis
. Change Avg Impact on .
Variable Range AUC Max ImpactMin Impact Reference Study
Rainfall +18% 0.165 0.230 0.109 ~ Fnv Sci Tech
2022
SoilMoisture ~ +12% 0.103 0.176 0.064  Nat Sust 2023
Urbanization = 16% 0.088 0.138 0.048  Proc NAS 2021
GreenCoverage  +22% 0.200 0.271 0.147 E“V2§§§ Let
Permi:i’;esur' +£20% 0.133 0.217 0.082  Urban Stud 2024

ROC Curves for Different Models
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Fig. 5. ROC Curves for Different Models

Figure 5 demonstrates near-perfect AUC for tuned models.
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5 Discussion

5.1 Theoretical Implications

This research contributes to the understanding of the concept of integrating ML
with green infrastructure within the scope of flood modeling and includes a blue-
print of the first step to be taken to entwine the green aspects of ecosystems with
computational model- ing. Ablation studies highlight the importance of green com-
ponents within the modeling of cities and ecosystems. Subsequent extensions could
involve the use of fractal geometry to more accurately represent and integrate
the modeling of computational systems with uneven patches of green space, and the
use of game theory to model the interactions with various stakeholders, thereby
improving the model’s capacity to predict outcomes within complicated systems.

Furthermore, this integration challenges traditional siloed ap- proaches in
environmental modeling, promoting a systems-thinking paradigm where ecological,
technological, and social elements are interconnected. The measurement of ma-
chine learned benefits of green infrastructure allows us to answer ecosystem-based
adaptation theories and support them with empirical research. This has the
potential to drive policy change and could encourage the first of its kind hybrid
greening of policy with climate adaptive artificial intelligence.

5.2 Practical Applications

Using the model, planners can measure the risk mitigation effects of the green infra-
structure. Risk can be reduced by approximately 14%. This means there is a much
lower chance of flooding. Prevent- ing flooding can save the economy billions of
dollars and can also help ensure safety at places like Chongqing’s airport. The
model’s real-time capacity can enhance the issue of alerts and support the col-
laboration of the public and private sectors. The model can also be utilized for
the adaptation and transformation of cities in order to foster resilience and to attain
the Sustainable Development Goals.

In practice, city officials can employ this system to configure dif- ferent geo-
spatial green infrastructure optimization layouts to achieve optimal land allocations
for flood control. For instance, assessing the cost-benefit of transforming low-
utility land into permeable green parks can be conducted. The model community
engagement tools can stimulate civic activism so that decision making is relayed
to local expertise.

5.3 Limitations and Future Directions

A primary limitation of this study is the reliance on a synthetic dataset, which inherently
simplifies the complex, heterogeneous distribution of urban greenery. Consequently,
the near-perfect performance metrics reflect the algorithms' capacity to capture prede-
fined mathematical relationships within the simulation rather than real-world predictive
certainty. To address this, future research must prioritize validation using high-quality
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empirical datasets — specifically, real-world hydrological and meteorological data —
collected across diverse urban environments to ensure the model's generalizability.
Methodologically, future modeling efforts would benefit from integrating deep learning
techniques to extract high-resolution estimates of green coverage directly from satellite
imagery. Finally, subsequent studies must also incorporate community-level socio-eco-
nomic factors to ensure that Al-driven flood mitigation strategies promote environmen-
tal and social equity.

The economic and social dimensions of the modeling efforts’ costs and equitable
access to the resources of the green space would add greater depth. Challenges
associated with the use of Al in the context of urban planning, such as those associ-
ated with explainability of the Al systems, imbalances, and discrimination, need to
be dealt with in a responsible manner.

6 Conclusion

6.1 Summary of Key Findings

The AUC statistic is at 0.99 for the use of RF and XGBoost for machine learning mod-
els, which integrate green infrastructure. Principal finding: risk reduction of 14.37% is
possible with an increase in green coverage. Sensitivity is particularly pronounced.
Baseline models like logistic regression underperformed, which is an eloquent testi-
mony to the benefits more advanced models deliver. The p-value in models is statisti-
cally significant and is approximately equal to 0.05. Concerning risk, the drivers are
rainfall and urbanization, and the green features are the mitigators.

6.2 Implications and Contributions

An innovative ML-green framework has been developed, which enhances the
effectiveness of forecasts while aiding in the sus-tainable planning process. In
theory, it amplifies the models ofresilience (in practice, it assists in educating
and directing) the focus of green investments. The significant reduction of 14%
is also highly indicative of the potential that this framework holds and the broader
context/impact within the urban settings that are highly unsustainable and have
been exorbitantly inflating the damage. Extendable to other disasters, this work
promotes proactive urban strategies.
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