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Towards Low-Cost Urban Flood Monitoring: A Generative Image-Based A
pproach to Water Level Recognition
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Abstract

The intensifying impacts of extreme climate events and rapid urbanization have significantly
increased the risk of flooding in metropolitan areas. Traditional water level monitoring approache
s, such as sensor-based systems and manual inspections, are hindered by high implementation and

maintenance costs, as well as limited spatial coverage, making them inadequate for timely disast
er response. This study presents a novel water level recognition framework that integrates Convol
utional Neural Networks (CNNs) with generative image modeling using Stable Diffusion. By sim
ulating diverse flood scenarios through Al-generated imagery, the proposed system enables rapid

model training without the need for historical flood data, effectively addressing the limitations of
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existing monitoring infrastructures.

The system is designed under two model architectures: a fixed-view model that employs syn
thesized CCTV background scenes for categorical classification, and a variable-view model that in
corporates dynamic visual content from social media and news footage to construct a five-level
water classification scheme capable of handling visual variance. The classification system referenc
es international standards while adapting to Taiwan’s urban hydrological environment. Preliminary
results indicate that the proposed models can accurately classify flood levels from heterogeneous
visual sources, demonstrating strong potential for deployment across different locations and disaste
r contexts.However, model performance may decline under extreme lighting conditions, significant
camera angle distortions, or in the absence of clear reference objects. Future research will focus
on enhancing training data diversity and improving model generalizability to strengthen the overal
| applicability and robustness of the system in real-world flood monitoring scenarios.

Keywords: Water Level Recognition, Image Generation, Convolutional Neural Networks, Urban Fl

ood Monitoring, Stable Diffusion
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