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Abstract— Floods are becoming more unpredictable day by day with rapid changes in climatic 
changes, unpredictable rain patterns, city development, and poor drainage facilities. The 
previously used methods of detecting flood occurrence lacked sufficient competence in 
providing accurate information on warnings concerning floods. This results in greater damage 
to lives and property.  
The latest technological developments regarding machine learning (ML), remote sensing 
methods, satellite imaging, and IoT devices revamped the entire basic assumption on flood 
prediction systems and emergency response systems across the globe. The main aim of writing 
this specific review article is to provide readers with an overview of different types of ML 
models used for predicting flood occurrence. In addition to this, this article will discuss other 
aspects of utilizing specific types of data like hydrological data for prediction. The emergency 
response system will likewise be discussed. The gaps identified will provide readers with an 
innovative methodology for applying ML models for resource management for better response 
to emergency circumstances. 
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I. INTRODUCTION 

Floods rank among the most damaging and regularly occurring natural disasters globally, as they lead to 
extensive destruction of human lives, infrastructure, farmland, and the economy of affected areas. According to 
global climate change reports, flood occurrences have increased dramatically in the past two decades due to 
intense rainfall, rapid urbanization, deforestation, and climate change. India, Bangladesh, Indonesia, China, and 
the United States of America are among the countries that experience seasonal floods annually, which leave 
millions of people at the mercy of the disaster management authorities. 
Conventional flood prediction systems rely almost exclusively on rainfall data, river gauges, statistical analysis, 
and hydrological simulation performed manually. Though these approaches have been the primary instruments 
of early flood warning systems before, their inadequacies are increasingly apparent in the present climate 
characterized by ever more complex climate profiles. Conventional flood prediction systems tend to lack 
precision in the event of floods, prove inefficient in responding to dynamic conditions, or substitute these 
variables in flood prediction. 
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However, with progress in AI, ML has emerged as a strong tool for early flood prediction. It can learn from a 
large dataset of historical and real-time information using the algorithms: learning the hidden relationships and 
nonlinear patterns, identifying patterns, and forecasting accordingly.  
Models such as Random Forest, Gradient Boosting, and LSTM have the capabilities to provide flood risks with 
high accuracy. Deep learning models, including the U-Net and CNNs, allow automatic flood mapping using 
satellite and drone imagery. However, it is important to note that it’s not only enough to have flood prediction 
systems in place but also other components such as an emergency response dashboard so that damage reduction 
and loss of life may be achieved effectively by incorporating resource allocation systems in the contemporary 
systems in place or created in the future. The systems need to be able to pinpoint areas prone to floods and send 
out automated alert systems for citizens while suggesting resource allocation scenarios across different areas. 
The main objective of this review paper is to present a comprehensive overview of machine learning-based flood 
prediction techniques, research work, data sources, emergency response methodologies, and issues faced in such 
research work, including identifying research gaps in future research direction towards the development of 
intelligent flood management methodologies, flood predictions, etc. 

II. LITERATURE REVIEW  

Various machine learning (ML) algorithms have been used by researchers across the globe to make flood 
predictions better. Initially, researchers relied on hydrological models, which were accurate but not very precise 
during heavy rainfall. However, modern research reveals that algorithms such as Random Forest, Boosting, 
XGBoost, and ML algorithms have better accuracy for flood risk prediction for short-term floods using rainfall, 
water level, and soil moisture variables. There have been cases of using LSTM (Long Short-Term Memory) 
networks for flood predictions. They are very useful for time-series data predictions because they have been able 
to recognize long-term trends available in environmental variables. In floods such as river water levels or 
rainfall, they perform better than their predecessors. Research on the use of deep learning techniques in flood 
map creation from satellite images was done. This is because the use of models such as CNN and U-Net is 
prevalent for the detection of flood areas from sentinel data, such as Sentinel-1 SAR images, which function 
even during cloudy conditions and during the time of a storm. 
Other research work included flood monitoring systems using IoT sensors. The systems utilize real-time sensors 
providing data to ML models on a constant basis for predictions.  

TABLE I 

Author / Year Method Used Dataset / Input Key Findings Limitations Identified 
Ghosh et al. (2024) U-Net++, Deep 

Learning 
Sentinel-1 SAR 
satellite images 

Achieved high accuracy in 
flood segmentation; effective 
during cloudy weather. 

Limited generalization 
across terrains; 
computationally heavy. 

Chaudhary et al. 
(2024) 

Random Forest, 
Gradient Boosting 

Rainfall + water levels 
+ soil moisture 

Good prediction accuracy for 
short-term rainfall-based 
floods. 

Performance decreases for 
long-term predictions; 
limited dataset. 

Li et al. (2023) LSTM (Time-
series) 

Hydrological time-
series data 

Outperformed classical ML 
models by learning long-term 
data dependencies. 

Requires large training 
dataset; sensitive to noise. 

Khan et al. (2023) IoT + ML 
Integration 

IoT sensors + 
hydrological data 

Real-time alerts and 
monitoring possible with 
low-cost sensors. 

Sensors fail in extreme 
weather, limiting reliability. 

Toma et al. (2024) CNN + SAR Multi-temporal 
satellite imagery 

Improved flood boundary 
detection through temporal 
comparison. 

Requires high-quality 
labeled data. 

Guerrero et al. 
(2024) 

Genetic Algorithm Emergency resource 
requirements 

Optimized resource 
allocation and response time. 

High computation time in 
large disasters. 

Shen & Zhang 
(2023) 

LSTM vs GRU Rainfall + temperature 
+ water levels 

GRU slightly faster; LSTM 
more accurate. 

Both models require 
hyperparameter tuning. 

Beheshtinia (2023) Linear 
Programming 

Resource distribution 
data 

Efficient supply distribution 
in simulated floods. 

Assumes known demands; 
not suitable for real-time 
change. 

III. METHODOLOGY 

The designed flood detection and emergency response system uses a scientific and data-inspired approach that 
ensures precise predication, proper alert triggering, and adequate planning of the disaster response. This process 
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begins with the collection of various data sources from reliable sources such as rainfall history, river water level, 
soil moisture, and temperature readings, along with satellite images. All such sources of data are taken from 
meteorological departments, river-level observation points, satellites, and IoT devices placed in close proximity 
to the points that are most prone to flooding. Data collection from various sources provides the system with both 
temporal and spatial characteristics of flooding. 
Once the data is ready, intensive data preprocessing takes place to check the data quality and uniformity. This 
data preprocessing may involve the management of missing data, removal of data outliers, fixing errors in the 
data, scaling the numeric features to uniform data, synchronizing the timestamps in the time series data, or 
resampling the data, along with resizing the satellite images to name a few. Such data preprocessing is an 
essential step because quality data preprocessing makes the learning process of machine learning models more 
effective. 
After the preprocessing step, feature engineering is performed for the extraction of valuable information from the 
data. Essential variables such as cumulative rainfall, rain intensity for a particular time period, overflow 
characteristics of the river, soil saturation percentage, and patterns in the weather trend are obtained. Through 
feature engineering, the machine learning system also has a clearer understanding about the conditions that 
characterize flooding. Feature selection methods ensure that only the most important attributes retain their 
position. 
The subsequent step includes identifying and training effective models of machine learning/deep learning for 
flood forecasting. These include Random Forest/Gradient Boosting for structured numerical data and Long 
Short-Term Memory (LSTM) networks for time series analysis because of their capacity to understand long-term 
dependencies within data. Spatial flood detection models include deep learning models of the Convolutional. 
Neural Networks (CNNs) and U-Net models are employed for analyzing satellite images to locate flooded areas. 
The dataset is split into training and test datasets, and cross-validation strategies help in overcoming the risk of 
overfitting and ensuring sound performance analysis of the model. After completing the training process on the 
model, the system produces flood predictions that are categorized according to various levels of flood danger 
risks. They include low, moderate, high, and severe flood danger risks. Based on a specific flood danger 
threshold value, the alert generator module is triggered whenever the flood danger value surpasses the said 
threshold. This module sends flood danger notifications automatically via a number of communication channels. 
They include SMS notifications, email notifications, and dashboard notifications. 
At the same time, provision is made in this model to include an emergency response module, which can assist in 
disaster management. According to the forecast received regarding flood intensity and area covered, the urgent 
degree of resources, such as but not limited to rescue teams, medical amenities, food kits, boats, etc., required is 
determined. Optimization methods can be utilized in this model in order to effectively manage the allocation of 
resources with the minimum possible timeframe. All the determined information, warnings, and 
recommendations received can be visualized in real time through a web interface, which is developed at the core 
of this model using various technologies. In fact, a decision-maker can visualizing in real time through a map, 
chart, or table presented in this interface can closely observe the flood scenario. 
The methodology, which will incorporate a range of data collection, machine learning prediction, satellite 
imaging for flood determination, automatic alerts, and emergency response planning, will offer a singular 
platform for all these processes to take place. Such a holistic approach serves to enhance early warnings, thereby 
supporting effective disaster response, in a contribution towards reduction of flood-related losses and risks. 

A. Overall Architecture 

 
Fig 1 
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IV. DISCUSSION AND EVALUATION 

The relevance to this study is that it is important to acknowledge the efficacy of machine learning algorithms 
being used and improved to provide more accuracies in flood prediction and further enhancing flood emergency 
preparedness and responses. From the above reviewed methods, it is clear that machine learning algorithms are 
much more efficient and effective than traditional statistical and hydrological methods, especially where 
complex and non-linear relationships between various environment-related variables such as rainfall intensity, 
water discharge, and groundwater are to be tackled (Mosavi et al., 2018; Shortridge et al., 2016). Random Forest 
and Boosting algorithms are found to be extremely efficient and effective in flood prediction forecasts within a 
shorter term because they are not heavily affected by outliers and are efficient enough to handle data of various 
types and heterogeneities (Breiman, 2001; Chen &Guestrin, 2016). Similarly, DL algorithms, specifically 
LSTM, are found to be much more efficient in time series forecasting, enabling it to identify and detect very 
important features regarding continuous rain and water level trends in rivers (Hochreiter &Schmidhuber, 1997; 
Kratzert et al., 2018). 
From an evaluation point of view, model results can be quantified in terms of accuracy, precision, recall, F1-
score, and root mean squared error (RMSE), giving an overall idea of classification accuracy and prediction 
errors (Chicco & Jurman, 2020). It is clear that overall accuracy is always above 90%, reflecting high prediction 
accuracy regarding flood events (Khosravi et al., 2019). LSTM models in particular are shown to have lesser 
prediction errors as opposed to conventional regression models, and this is particularly true for areas with high 
climatic variation (Kratzert et al., 2019). In addition, deep learning-based methods based on images obtained 
from satellites using CNNs and U-Net models allow high accuracy in flooded regions and serve as efficient tools 
for spatial mapping of areas with high precision (Ronneberger et al., 2015 & Li et al., 2019). 
Integration of IoT sensor networks also increases the performance of the system, allowing near real-time data 
collection and flood prediction (Zhang et al., 2020). The results of system evaluation studies of IoT-enabled 
flood monitoring systems show that the system allows a quick response and improves the early warning system 
(Perera et al., 2014). Nevertheless, IoT-enabled flood monitoring faces challenges of system failure in harsh 
weather conditions, long communication delays, and elevated system maintenance costs (Aazam et al., 2016).  
The system evaluation process also involves other critical components of emergency response and resource 
allocation systems. Optimization algorithms in resource allocation systems clearly show greater efficacy in 
optimizing the allocation of rescue teams, medical supplies, and relief items in reducing flood-related emergency 
response times (Altay & Green, 2006). The decision-support system displays important graphical representations 
of risk areas of flood events and resource availability to facilitate informed decisions (Van de Walle & Turoff, 
2008). Feedback obtained from end-users of similar systems of disaster management has confirmed vital 
additions in improved shared understanding between emergency response teams (Yigitcanlar et al., 2018). 
In general, based on existing systems analysis, it is found that machine learning-based flood prediction and 
response systems are quite efficient and effective, but their results are largely dependent upon data quality and 
efficient system integration (Mosavi et al., 2018). Data-related issues, complexity, and efficient deployment are 
still major challenges in this area, but overall analysis verifies that machine learning-based combined systems for 
flood detection and response are greatly more efficient and effective than traditional systems being used for this 
purpose (Adikari et al., 2020). 

V. FUTURE SCOPE AND ENHANCEMENTS 

The future applications and potentials for machine learning algorithms for flood detection and emergency 
response systems are extensive and promising and hold many research and development opportunities. A 
significant improvement would be to incorporate real-time information from sophisticated IoT sensor networks 
established along rivers and drainages and flood-prone areas (Zhang et al., 2020). The development and 
improvement of robust sensor systems and communication networks would be particularly important for 
optimizing forecast accuracy and ensuring continuous monitoring and forecasting in extreme weather events 
(Perera et al., 2014). Edge Computing technology is also another promising solution for faster flood forecasting 
and decision-making purposes, especially where internet connectivity is absent (Shi et al., 2016). 
However, another important aspect of further development or enhancement lies in the hybridization of various 
machine learning models. For instance, it may include the combination of LSTM models and Random 
Forest/Gradient Boosting models. This may also lead to an increased strength of models as well as more precise 
flood risk assessment predictions (Mosavi et al., 2018; Khosravi et al., 2019). Furthermore, it may also lead to an 
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increased understanding of the confidence level in the predictions, thus yielding more precise emergency 
response planning as well as risk reduction scenarios (Gneiting & Katz, 2014). 
The next important area of development in the future concerns itself with issues related to the application of 
enhanced technologies in remote sensing, like high-resolution images obtained with satellites or with the help of 
drone technologies to collect information. The application of drones has made it possible to capture images in 
almost real time of areas inundated with water, send them to a system designed to perform analytical functions 
with the aid of deep learning, and finally use them to perform accurate mapping (Li et al., 2019; Restas, 2015). 
The spatial data provided in real time can be extremely useful. 
It can also allow the incorporation of intelligent planning and routing modules for evacuations. Integrating the 
outputs of flood forecasting models with current ground traffic conditions and the state of roads will enable 
artificial intelligence algorithms to compute safer evacuation routes and update them dynamically as the situation 
changes. This will be achievable by Chen et al. (2018). Additionally, embedding a geographic information 
system will enhance the capability of spatial analysis and visualization to provide better situational awareness 
and deeper decision-making perspectives for the relevant authorities. This will be according to Cutter et al. 
(2003). 
In relation to the ease of use of the system, there are many ways to go with regards to improving the friendliness 
of the human interface for various stakeholders such as those in charge of managing disasters, relief teams, and 
the ordinary layperson. In fact, the development of the facility to be able to handle more than a single language, 
the production of an application program, as well as voice commands, are ways to go (Van de Walle & Turoff, 
2008). The further incorporation of blockchain technology will enable safe, transparent, and non-alterable 
sharing of data pertaining to any type of disaster from varied departments (Casino et al., 2019). 
Nonetheless, further research and development in the area of machine learning, sensors, remote sensing, and 
decision-support systems will help increase the levels of intelligence, scalability, and flood resilience needed for 
any flood risk management solution. This will help improve response times, reduce economic and life casualties, 
as well as enhance flood preparedness capabilities at local, national, and global levels (Adikari et al., 2020). 

VI. CONCLUSION 

Floods continue to be one of the biggest global concerns, as they affect the lives, economic stability, and critical 
infrastructure of populations (Adikari et al., 2020). Although traditional flood forecasting techniques are very 
helpful, they may not always possess the level of precision, scalability, and real-time processing capabilities that 
contemporary disaster response systems necessitate (Mosavi et al., 2018). It is within this framework that 
machine learning has been identified as a paradigm shift that has the capacity to handle large datasets, interpret 
nonlinear relations, and determine floods with a high level of precision (Khosravi et al., 2019). 
This literature review paper focuses on current developments in machine learning models for flood predictions, 
emergency response systems, satellite flood mapping, and optimization methods to efficiently allocate resources. 
From the literature analysis, it has been identified that models such as LSTM Neural Networks, Random Forest 
Algorithm, or U-Net models improve flood-related classification, prediction, or mapping tasks compared to 
hydrological or statistical models (Kratzert et al., 2018; Breiman, 2001; Ronneberger et al., 2015). 
Despite these, a number of issues still remain regarding data availability over flood areas, integration of data in 
real time, and deployment-related issues of large-scale systems. Zhang et al. (2020) states that the future research 
directions should be on hybrid and ensemble AI systems, collaborative and standardized data sharing 
frameworks, reliable IoT sensors, and visualization and decision-support tools. This view is supported by Perera 
et al. (2014) and Van de Walle & Turoff (2008). 
Overall, machine learning–based flood prediction and emergency response systems demonstrate strong potential 
in reducing disaster impacts, saving lives, and supporting smarter, data-driven decision-making. Continued 
interdisciplinary research and technological integration will be crucial for translating these systems into robust, 
real-world flood management solutions (Mosavi et al., 2018). 
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