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Abstract: Flooding within the urban areas is one of the greatest risks to human life, infrastructure, and economic 
stability particularly in cities that are rapidly populated with ineffective drainage systems and high exposure to extreme 
weather patterns. Conventional flood management systems, which frequently are dependent on a fixed system of 
hydrological models and slow reporting, cannot be able to predicate or act fast enough when it comes to the time of 
mitigation. The work proposes an early warning solution informed by artificial intelligence to combine climate model 
predictions and real measurements captured by IoT-based hydrometeorological monitoring systems to better predict the 
flood, with a higher lead time. The study chose three flood-prone Indian cities; Mumbai, Chennai, and Guwahati, 
with varied climatic, topographical as well as infrastructural settings. A hybrid deep learning model was trained on 
past-present floods over 20152024 using Long Short-Term Memory (LSTM) networks to predict time-series flood 
patterns and Convolutional Neural Networks (CNN) to learn spatial patterns of floods. The sensor measurement of 
rainfall intensities, water levels and soil saturation were dynamically integrated with the climatic model output of 
precipitation and sea-level rise. Average lead time reduction of 3.7 hours as compared to the conventional flood 
forecasting systems was observed with the overall accuracy standing at 91.3 per cent and false alarms cut to 22 per 
cent, when using the integrated system. The output of the AI in the spatial flood risk maps pinpointed areas of high 
vulnerability in a way that the evacuation and localization of resources could be focused on those areas. The findings 
show an AI model can help significantly enhance the accuracy and the timeliness of urban flood early warning systems 
when coupled with real-time environmental sensing and the climate modeling, or assist in building resilient urban 
water management and climate response practices. 
Keywords: AI-powered early warning systems, urban flood management, climate models, real-time sensor data, IoT 
hydrometeorology, flood prediction, disaster resilience 
 
I. INTRODUCTION 
Flooding in cities is turning out to be the most critical environmental and socio-economic puzzle in the 
21 st century posing a potential threat to the lives of many people and inflicting devastating infrastructure 
damages on cities in various parts of the world. With a mix of fast-growing urban centers, poor drainage 
system infrastructures and growing random weather patterns brought on by climate change, the 
occurrence of floods is becoming more frequent, intense and unpredictable. Urban flooding in most of 
the developing countries such as India has turned into a seasonal crisis rather than an episodic disaster 
that affects transportation systems, damages properties, and presents major health hazards due to 
waterborne diseases and contamination of vital resources. The economic costs are also devastating, as 
yearly losses caused by floods in South Asian cities surpass billions of dollars, significantly part of which 
might be reduced by appropriate timely actions and knowledgeable urban development. Conventional 
floods monitoring and forecasts systems are based mostly on deterministic models of hydrology and 
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hydraulics that model the run-off and river flows and the drainage network performance, depending on 
past rainfall and topography. Although these models have been useful, they frequently do not capture the 
non-linear, multi-dimensional behaviour of floods in urban settings (especially in highly populated regions 
where local drainage patterns, land use development and micro climates can all create substantial 
departures relative to the historic record). Moreover, such systems usually rely on sparse or lagged field 
measurements, which lead to low predictive accuracy and inadequate evacuation or related actions on 
adaptive infrastructure management lead time. In these regards, Artificial Intelligence has a 
transformational value to improve the ability to issue an early warning. Machine learning and deep 
learning models, especially AI algorithms, are good at discovering the existence of complex spatiotemporal 
relations in very large and heterogeneous data- a capability that plays a pivotal role in predicting floods in 
high dynamic urban settings. AI-based early warning systems can never be done-learning with real-time 
sensor input in Internet of Things networks and high-resolution climate models, they are able to 
increasingly scale their predictive abilities as environmental conditions change. Such integration allows 
the transition of reactive flood response to proactive flood risks management. Climate models are useful 
in increasing knowledge about future precipitation extremes, sea-level rise, and other hydroclimatic 
variables at both temporal and spatial scales. These projections however can also be coarse grained and 
need to be down scaled and calibrated to urban catchments in order to be operational. As we are 
combining the climate models with real time observations on the ground, such as rainfall rates, level of 
rivers and soil moisture abundance, AI systems close this gap between climate projections in the long run 
and flood risk on a short time horizon. Long Short-Term Memory networks have been demonstrated to 
outperform traditional time-series forecasting systems when used to forecast short-term floods, especially 
when trained on a mixture of climate model outputs and hydrological measurements, using sensors. Also, 
the spread of affordable, high-resolution environmental sensor devices makes such integrated systems 
even more viable. Hydrometeorological monitoring networks using the IoT may measure essential 
parameters such as water level, rain fall intensity, soil saturation and flow velocity in near real-time, 
sending data to centralised AI engines that could analyse the data in a short amount of time. Such 
informational streams, however, coupled with remote sensing inputs acquired by satellites permit multi-
source flood intelligence that is temporally sensitive and geographically expansive. Nevertheless, there are 
still certain obstacles regarding the operationalization of AI-aided early warning systems of the urban 
floods management. The heterogeneity in the data, in terms of formats, resolutions and temporal 
frequencies, may make data integration and calibration of models difficult. Labelled flood event data are 
rare in most areas, constraining training of supervised models, and making semi-supervised learning or 
transfer learning necessary. The trustworthiness of prediction procedures is also dependent on the 
soundness of sensor networks that are prone to impairments amid severe weather conditions. These 
challenges need not only technological solutions but also coordination of institutions involving 
meteorological services, city governments and disaster response units. The current research aims to fill 
these gaps by developing and evaluating an AI-enhanced urban flood early warning system that can 
combine climate models forecasts with real-time data in sensors to increase the accuracy of prediction, 
their lead time and spatial resolution of their flood risk estimation. The three chosen cities of the research-
-Mumbai, Chennai, and Guwahati--located in India were chosen because they represent a different 
climatic regime, different hydrological context, and infrastructural vulnerability. Many years of historical 
flood information along with climate model forecasts and real-time sensor data were adopted to create 
and verify a hybrid deep learning network consisting of Long Short-Term Memory unit-based time series 
prediction and convolutional neural network-based spatial flood pattern recognition. Taking a multi-
source data fusion approach this data framework will hope to capture the macro-scale climatic forces as 
well as the micro-scale hydrological drivers of the actual urban flooding. The long-term objective is to help 
urban planners, emergency services, and policymakers transition to a predictive, focused and resource-
efficient approach towards disaster management, based on the preparedness, control, and mitigation of 
floods. The integrative relationship of its AI modeling with climate science and real-time environmental 
sensing provides a route to climate-resilient urban water management and adaptive disaster risk reduction 
growing during the era of lengthening frequent weather events. 
 
II. RELEATED WORKS 
Urban flood management studies have transformed greatly in the last 20 years, whereby the development 
of climate zoning, hydrological models, and disaster preparedness schemes have led to the present-day 
advancement of early warning systems. The integration of Artificial Intelligence in flood forecasting has 
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been highlighted in the recent studies to facilitate higher accuracy, flexibility and lead time in flow in the 
environment of the urban centers as floods have stronger impacts in the urban environment due to the 
high density of population and infrastructural limitations. Traditional flood forecasting methods are 
based mainly on physically derived hydrological models, which find the similarities between rainfall-
runoff processes using parameters that are characterized as being non-adaptive to changing flood 
conditions (catchment properties and prior data of recorded rainfall) [1]. Although these models have 
been very helpful in long-term planning, their predictive capacity usually fails in case of extreme weather 
occasioned by climate variability. Machine learning and deep learning models with AI-based techniques 
have demonstrated better ability in capturing nonlinear and complex relationships between 
environmental variables with the ability to outperform conventional models in short term flood 
prediction [2]. It has been identified that integrating climate model outputs with sensor real time data 
can be an excellent system of urban flood prediction. Analysis of Coupled Model Intercomparison Project 
(CMIP6) datasets have shown that downscaled and bias-corrected forecasts of precipitation and 
temperature enhanced lead times of forecasts when incorporated into AI-based early warning systems [3]. 
As an example, multisource datasets have been combined using ensemble learning methods, Gradient 
Boosting and Random Forest leading to more plausible flood probability figures [4]. Internet of Things 
(IoT) technologies in flood management have attracted a lot of attention. Hydrometeorological 
monitoring networks based on IoT can provide high frequency observations on the intensity of rainfall, 
water levels and soil saturation that would be needed to provide real time assessment of floods [5]. 
However, as most recent deployments in Southeast Asia have demonstrated, using IoT sensor networks 
with AI algorithms reduces false alarms by more than 20 percentage compared to regular systems [6]. 
Moreover, sensor systems with low cost have also increased the applicability of city-wide applications 
within resource-limited cities [7]. Remote sensing has also been of huge significance in enhancing ground-
based information in flood prediction. The surface water extent and vegetation health could be identified, 
which are the indirect predictors of flood risk through high-resolution satellite imagery in platforms, like 
Sentinel-1 and Sentinel-2 [8]. Processed as convolutional neural networks (CNNs), these datasets have 
been used to create spatial flood probability maps very accurately [9]. Some articles have discussed hybrid 
schemes joining Long Short-Term Memory (LSTM) nets to deal with sequential predictions in time and 
CNNs to make a spatial examination, which have led to the effective spatiotemporal predictions of floods 
[10]. These architectures are especially beneficial in the situation of urban setting where the time at which 
the flood started and the position at which the flood starts is vital in controlling the situation. 
Furthermore it has also been demonstrated that real-time integration of weather radar data also increases 
the level of accuracy in predicting [11]. The issue of the climate adaptation planning in flood-prone urban 
centers has been highlighted in the global policy reports [12] suggesting that predictive analytics is a key 
tool of city resilience. Pilot projects in Chennai, Mumbai and Guwahati in India have proven that early 
warning systems based on AI can boost the efficiency of evacuations and the distribution of resources in 
case of a flood emergency [13]. Operational bottlenecks notwithstanding these advances to scale flood 
forecasting with AI power, there are remaining issues in that regard. The main technical issues entail 
incompatibility of data between AI-based systems, sensor systems, and climate models [14]. Also, the 
nonavailability of long-term databases of historical flood event records at high spatial-temporal resolution 
constrains the efficacy of the supervised learning algorithms in some parts. Every technical aspect 
including fair access to early warning and data confidentiality in sensor networks should be considered 
to promote that technological approaches are converted into embracive disaster risk reduction measures 
[15]. Collectively, the above provide a self-sufficient basis to develop early warning systems powered by AI 
which incorporate the forecasts of climate models and real-time sensing of the environment. Our current 
study is an extension of these studies in designing and testing a customised hybrid AI framework to enable 
urban floods prediction in three Indian cities with a view of improving the quality of forecasting, diminish 
false alarms and bolster decision-making in disaster alleviation measures. 
 
III. METHODOLOGY 
3.1 Research Design 
This study adopts a mixed-method, spatiotemporal research design integrating AI modeling, climate 
simulation data, and real-time IoT-based hydrometeorological observations. The framework aims to 
characterize and predict urban flooding patterns by combining historical climate records, projected 
climate model outputs, and sensor-based environmental measurements. The integration of field-verified 
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sensor readings with AI-driven predictive analytics creates a multi-dimensional understanding of flood 
hazards, enabling early warning generation with improved accuracy and lead time [16]. 
3.2 Study Area Approach 
Three Indian cities—Mumbai (Maharashtra), Chennai (Tamil Nadu), and Guwahati (Assam)—were 
selected as representative urban flood-prone environments. These sites were chosen based on their 
historical flood recurrence, urban drainage characteristics, and exposure to multiple hydroclimatic drivers 
such as monsoonal rainfall, storm surges, and riverine flooding. Each city differs in climatic regime, 
hydrological setting, and infrastructure capacity, providing diverse conditions for model training and 
validation [17]. 
Table 1: Study Area Characteristics 

City Dominant 
Flood Driver 

Topography Drainage Type Sensor Network 
Density 
(units/km²) 

Historical 
Major Flood 
Years 

Mumbai Monsoon + 
Storm Surge 

Coastal, Low-
lying 

Pumped & 
Open Drainage 

3.2 2005, 2017, 
2021, 2023 

Chennai Cyclonic 
Rainfall + 
Urban Runoff 

Coastal Plain Stormwater 
Channels 

2.8 2015, 2018, 
2021, 2022 

Guwahati River Overflow 
+ Flash Floods 

Valley Basin Natural + 
Artificial 
Drains 

2.1 2014, 2017, 
2020, 2023 

3.3 Data Sources and Collection 
Data collection combined three main sources: 
1. Climate Model Outputs – Precipitation, temperature, and sea-level pressure data from CMIP6 
downscaled projections. 
2. Historical Flood Records – 2015–2024 flood event datasets from municipal and state disaster 
management agencies. 
3. IoT Sensor Data – Real-time measurements of rainfall intensity, water level, flow velocity, and soil 
moisture from fixed and mobile monitoring stations [18]. 
3.4 AI Model Development and Training 
The predictive framework employed a hybrid deep learning architecture: 
• Long Short-Term Memory (LSTM) networks for time-series rainfall and water-level prediction. 
• Convolutional Neural Networks (CNN) for spatial flood pattern recognition using gridded datasets 
derived from climate projections and sensor readings. 
The models were trained on a 70–15–15 split (training–validation–testing) of the multi-source dataset. 
Hyperparameter tuning was conducted using Bayesian optimization to minimize overfitting and maximize 
generalization capability [19]. 
3.5 Climate Model Integration 
Bias-corrected CMIP6 model outputs were integrated into the AI pipeline through statistical downscaling. 
This process ensured that long-term rainfall anomaly projections informed the short-term prediction 
windows. Ensemble climate projections were used to account for uncertainty in model variability [20]. 
3.6 Real-Time Monitoring Architecture 
A cloud-based architecture was implemented to ingest, process, and analyze real-time sensor feeds. Data 
ingestion occurred via MQTT protocols, with automated preprocessing routines handling missing values, 
sensor drift correction, and temporal synchronization. The architecture also supported API-based 
integration with municipal control centers for alert dissemination [21]. 
Table 2: Sensor Specifications and Measured Parameters 

Sensor Type Parameter Measured Measurement 
Range 

Accuracy Data Transmission 
Interval 

Tipping Bucket Rain 
Gauge 

Rainfall Intensity 
(mm/hr) 

0–300 mm/hr ±1% 1 minute 

Ultrasonic Water 
Level Sensor 

River/Drain Water 
Height (m) 

0–10 m ±2 mm 1 minute 

Soil Moisture Sensor Volumetric Water 
Content (%) 

0–60% ±3% 5 minutes 
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Doppler Flow 
Sensor 

Flow Velocity (m/s) 0–5 m/s ±0.02 
m/s 

1 minute 

3.7 Data Validation and Quality Assurance 
To ensure data reliability: 
• Sensor readings were cross-validated with manual measurements during peak rainfall events. 
• Climate model bias correction was validated against 10-year meteorological station data. 
• Model predictions were evaluated using metrics such as RMSE, MAE, Precision, Recall, and F1-score 
[22]. 
3.8 Ethical and Environmental Considerations 
All sensor deployments were conducted with municipal clearance to avoid obstruction to public pathways. 
Data privacy protocols were implemented to ensure compliance with local regulations. No 
environmentally hazardous materials were used during system installation [23]. 
3.9 Limitations and Assumptions 
• Prediction accuracy may be affected by sensor network downtime during extreme events. 
• Climate model uncertainties persist despite bias correction. 
• Limited high-resolution historical flood imagery constrained CNN training in certain areas. 
This methodological framework ensures that both predictive accuracy and operational practicality are 
addressed, offering a robust foundation for deploying AI-powered early warning systems in urban flood-
prone environments. 
 
IV. RESULT AND ANALYSIS 
4.1 Model Performance Overview 
The hybrid AI-powered early warning system demonstrated significant improvements in predictive 
accuracy compared to conventional hydrological models. Across all three study cities, the system achieved 
an overall average accuracy of 91.3%, with lead times extended by an average of 3.7 hours over existing 
municipal flood alerts. Precision and recall values indicated a substantial reduction in false positives, 
while maintaining high detection rates for true flood events. 
Table 3: AI Model Performance Metrics Across Study Areas 

City Accuracy (%) Precision (%) Recall (%) F1-Score Avg. Lead Time (hrs) 
Mumbai 92.6 90.8 93.4 92.1 4.1 
Chennai 90.7 88.9 91.8 90.3 3.5 
Guwahati 90.5 87.6 90.1 88.8 3.4 

4.2 Spatial Flood Risk Mapping 
Flood probability maps generated by the CNN module revealed high-risk clusters consistent with 
historical flood-prone zones. In Mumbai, the northern suburbs exhibited concentrated vulnerability, 
primarily due to low-lying coastal terrain and storm surge influence. Chennai’s central districts, with aging 
drainage infrastructure, showed repeated high-probability zones, while Guwahati’s risk hotspots 
corresponded to areas adjacent to the Brahmaputra River and its tributaries. 

 
Figure 1: Early Warning System [25] 
Table 4: Identified Hotspot Areas and Contributing Factors 

City Hotspot Zone (ha) Primary Risk Factor Drainage Condition 
Mumbai 128.4 Monsoon surge + tidal backup Pump stations overloaded 
Chennai 102.6 Cyclonic rain + poor outlets Blocked storm drains 
Guwahati 86.3 River overflow + flash floods Natural drains silted 

4.3 Correlation Between Sensor Variables and Flood Onset 
Statistical correlation analysis revealed that water level and rainfall intensity had the highest predictive 
association with flood onset. Soil moisture, while not a primary trigger, acted as a significant secondary 
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indicator in areas with permeable soils. Flow velocity spikes in drainage channels were also found to 
precede localized flooding by an average of 22 minutes. 
Table 5: Correlation Matrix Between Key Sensor Variables and Flood Events 

Variable Rainfall Intensity Water Level Soil Moisture Flow Velocity 
Rainfall Intensity 1.00 0.82 0.69 0.76 
Water Level 0.82 1.00 0.74 0.71 
Soil Moisture 0.69 0.74 1.00 0.64 
Flow Velocity 0.76 0.71 0.64 1.00 

4.4 Reduction in False Alarms and Missed Events 
The AI-powered system reduced false alarms by 22% compared to the existing municipal warning systems, 
primarily due to the integrated analysis of multiple parameters rather than reliance on single-threshold 
triggers. Missed events were also reduced by 17%, ensuring more comprehensive coverage of flood 
occurrences. 

 
Figure 2: Real Time Monitoring for Early Warning System [24] 
4.5 Hotspot Detection Through Spatial Interpolation 
Kriging-based spatial interpolation in ArcGIS confirmed that the AI model’s identified hotspots closely 
overlapped with areas historically impacted by flooding. This validation, supported by sensor data and 
post-event mapping, demonstrated the model’s reliability in spatial prediction. In Mumbai and Chennai, 
these hotspot areas matched over 90% with recorded high-impact flood zones, while Guwahati’s overlap 
was approximately 87% due to dynamic river morphology. 
4.6 Implications for Urban Flood Management 
The findings show that AI integration with climate models and IoT sensor networks can significantly 
improve early warning lead times, enhance spatial targeting of at-risk zones, and reduce operational 
inefficiencies caused by false alarms. Such a system can support targeted evacuations, optimized 
deployment of pumps and barriers, and informed urban drainage upgrades. The observed correlations 
also indicate potential for further model refinement by integrating additional environmental variables 
such as wind speed, tidal variations, and land surface temperature. 
 
V. CONCLUSION 
This paper described and tested an AI-based early warning system to deal with urban floods with the 
combination of climate model forecasts with sensor data in real time showing hydrometeorological 
networks based on the Internet of Things. With Long Short-Term Memory networks to predicate in the 
temporal domain and Convolutional Neural Networks to predict in the spatial understory about flood 
patterns, the system had a high predictive accuracy and long lead times, as well as reduced false alarms 
and missed events across three urban settings varied: Mumbai, Chennai, and Guwahati. These findings 
reveal that integrating climate 79obustnes and real time observation can be used to improve the flexibility 
of flood forecasting systems, especially where the flood forecasting situations rapidly change due to 
changing conditions in the urban settings where local hydrology and physical infrastructure constraints 
are crucial. This method was seen to be able to allow the creation of spatially explicit maps of flood risks 
such that it becomes possible to intervene in most vulnerable areas. The reduced lead times (best at 4.1 
hours in some instances) offers a vital operational space within which the emergency services can 
implement evacuations, position fortification or allocation of resources pro-actively. The significance of 
using multi-parameters in integrating the results of the analysis to yield to fewer false alarms was also 
brought out since the use of single thresholds (e.g., water level) would in most cases overestimate or 
underestimate flood risk. The high correlations among water level, the intensity of rainfall and moisture 
in the soil bring out the fact that complete environmental monitoring should be conducted in developing 
predictive models. This further confirms the79obustnesss of the method since the Kriging technique, 
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supporting spatial interpolation procedures, confirmed the consistency of the hotspots that were 
identified using AI with the historically flooded site. The findings provide an important contribution to 
policymakers and urban planners because it can show that AI-based systems are valuable in combination 
with older hydrological models due to its increased accuracy and responsiveness. Such systems need not 
only AI infrastructure investment, but also more sensors in the network, their maintenance, and 
connection to municipal control centers to become operational. Moreover, ethical usage of the 
environmental data must have its protocols, and they should promote transparency, privacy, and fairness 
in the registration of early warnings by all communities. Future research objectives entail incorporation 
of more environmental and socio-economic factors in the model, addition of aerial imagery collected 
using UAVs to complete immediate post event evaluations and use of adaptive learning processes such 
that the model self-adjusts to perform more efficiently using performance critiques in real-time. There is 
also the option of establishing multi-hazard early warning systems by scaling this framework to other 
climate-related to hazards like heatwave, drought, storm surge, etc. Collectively, the involvement of AI, 
climate science, and IoT-based environmental sensing provides a game changer dimension to the 
prospects of sustainable urban floods management. Cities are able to enhance protection of lives, 
infrastructure and economic stability under the growing climate extremes, by transitioning away reactive 
and instead to a predictive approach to disaster response. The information of flood alerts needs to reach 
the masses in time and that leads to the necessity of public awareness and concern into the risk mitigation 
capability. Even sophisticated predictive models would fail unless people in the community had 
commendable strategies that would help accomplish safe and immediate evacuation orders and safety 
regulations. This is through use of mobile applications, SMS messages and integration with social media 
platforms to reach various groups of the population on real time basis. Moreover, a capacity building in 
municipal agencies is necessary as they allow technical personnel to read AI output; hence they can 
manage multi-agency responses. The modular structure of the proposed framework provides the 
possibility to further scale the system so that it can consume the data related to such sources as UAV 
pictures, crowd-sourced flood reports, and high-frequency radar observations. Incorporating flexibility 
into the technical and institutional dimensions of flood management in cities, we can move beyond the 
reactive, piecemeal measures to consistent and proactive systems that could save lives, protect 
infrastructure, and increase urban resilience to the increasing risks associated with extreme events that 
climate change will generate. 
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