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Abstract— Flooding along with landslides ranks high in 

terms of destructive natural events. Human safety, built 

environments, and financial systems face major threats because 

of them. Rising occurrence and severity - fueled by shifting 

climates plus expanding cities - demand faster, more accurate 

forecasting tools. Conventional methods in hydrology and 

geology struggle when it comes to modeling intricate links 

across ecological, atmospheric, and social conditions. Here, a 

system powered by machine learning emerges as an approach 

designed specifically for anticipating these dual disasters. 

Starting fresh from past efforts, it combines runoff analysis, 

water flow models, and satellite imagery. Using inputs such as 

climate history, reservoir storage, ground wetness, how land is 

used, and financial metrics helps sharpen forecasts. Patterns 

pointing to possible crises emerge through tools like LSTM 

networks along with CNN methods. Built-in live tracking 

adjusts itself over time. With each added batch of information, 

performance slowly rises. Testing in vulnerable regions reveals 

notably higher predictive precision when set against standard 

approaches. Because early alerts emerge faster, efforts to 

manage disasters shift toward prevention rather than reaction. 

Communities grow stronger - not just surviving but adapting - 

when equipped with insights on flood and landslide risks.  
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I. INTRODUCTION

Because of  flood events repeat often, lives suffer along 
with infrastructure and financial systems - particularly where 
terrain complicates safety and communities face hardship. As 
city populations grow alongside shifting climates, these 
natural hazards intensify, making forecasting essential. 
Although current methods attempt to anticipate such disasters, 
their accuracy falters under complex interactions between 
atmosphere, soil, and human activity. Hidden links among 
variables escape traditional models, limiting reliability. 
Instead, machine learning taps into vast data pools, applying 
algorithms that detect subtle trends invisible through standard 
analysis. Such tools reshape prediction quality by adapting to 
dynamic environmental signals. This research expands earlier 
efforts - ones relying on water behavior patterns, rainfall 
estimates, river flow modeling, and satellite images - by 
weaving in extra layers: reservoir levels, ground moisture, 
terrain usage, plus socioeconomic details. Instead of stopping 
at physical data, it pulls in human factors too. With tools 
such as Convolutional Neural Networks and Long Short-
Term Memory models, the approach learns from streaming 
inputs moment by moment. Warnings emerge faster because 
analysis happens continuously, not just after events unfold. 

Earlier signals mean response teams gain time before crises 
hit. Safety improves when alerts come with context, not just 
timing. Resilience grows where predictions include both 
environment and community traits. Real-time tracking shifts 
the focus from reaction to preparation. The method does not 
promise perfection but aims for better readiness. 
Communities benefit most when systems understand local 
conditions deeply. 

II. LITERATURE REVIEW

Karydas (2022) [1] examined machine learning 
approaches - such as random forest, support vector machines, 
artificial neural networks, gradient boosting, alongside deep 
architectures - for forecasting floods. Among the inputs 
considered were precipitation levels, streamflow data, ground 
wetness conditions, along with urban and rural surface 
patterns. Results indicated better performance from 
combined model systems and layered network designs when 
compared to older statistical techniques. Because of their 
improved accuracy, these advanced tools contribute 
meaningfully to community alert systems and emergency 
planning efforts. 

Liu (2021) [2] introduced a mixed approach blending 
hydrological modeling with machine learning tools such as 
ANN and SVM. Built on rainfall–runoff linkage, it applies 
feature screening alongside cross-validation steps. Rather 
than relying solely on traditional methods, this design 
improves both precision and consistency. Because of its 
reliability, it aids decisions in dam operations, flood 
mitigation, and long-term watershed planning. 

From Zhu’s 2020 study [3], artificial intelligence tools 
like fuzzy logic, Bayesian networks, ANNs, and deep 
learning were analyzed for flood risk evaluation. Instead of 
traditional models, these approaches leverage pattern 
recognition in complex datasets. Often, geographic 
information systems support hazard visualization, enabling 
more precise zonation maps. As a result, forecasting adapts 
in real time to changing conditions. Because of such 
advances, emergency responses become more timely. Not 
limited to prediction alone, they shape how communities 
organize evacuations. Where flooding recurs frequently, 
decision-makers now rely on data-driven strategies. 

Starting with deep learning, Cheng (2020) [4] explored 
flood prediction using CNN, RNN, and LSTM architectures. 
While satellite imagery fed spatial patterns into CNNs, 
sequential rainfall and discharge records flowed through 
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LSTMs instead. Real-time tracking emerged as a key 
outcome, benefiting public safety alongside critical 
infrastructure resilience. Because timing matters during 
extreme weather events, these models offered timely insights 
without delay. 

Starting off with machine learning, Zhao (2019) [5] 
applied techniques such as Logistic Regression, Random 
Forest, Support Vector Machine, along with Decision Trees. 
Prediction of landslide susceptibility relied on factors 
including slope steepness, soil composition, precipitation 
levels, plus vegetation coverage. Rather than single models, 
combined approaches delivered higher precision. Because of 
improved results, mapping dangerous zones became more 
reliable. Land use decisions benefit when risk assessment 
grows stronger. 

Using machine learning methods like random forest and 
gradient boosting alongside geographic information systems, 
Li (2020) [6] built a model that maps flood risks across space 
and time. Because past flooding data was paired with patterns 
in precipitation, predictions gained accuracy. Instead of 
guesswork, decision makers now have clearer guidance on 
where danger levels are elevated. 

Using satellite-derived rainfall alongside topographic 
details improved flood forecasts in data-scarce areas of 
Southeast Asia, according to He (2019) [7]. Machine learning 
methods - specifically ANN and SVM - were integrated with 
remote sensing inputs. This integration supported early 
warning capacity where monitoring infrastructure is sparse. 
Vulnerable populations benefited through more timely risk 
awareness. 

Appearing in 2022, Yang’s analysis of deep learning 
techniques spotlighted CNN, DNN, and combined CNN-
LSTM frameworks for landslide prediction. Satellite imagery 
along with digital elevation models fed into these systems 
enabled strong performance in identifying patterns without 
manual input. Because of their ability to pull features directly 
from raw data, such approaches contribute effectively to 
timely hazard alerts. 

Dai (2021) [9] examined machine learning methods - 
random forest, support vector machine, artificial neural 
network, and XGBoost - for predicting landslide-prone areas. 
While individual models showed mixed results, those 
combining multiple approaches delivered stronger 
performance. Better predictions mean improved evaluations 
of where danger might exist near roads or buildings. Though 
simpler models have their place, advanced ones pulled ahead 
when tested under real conditions. 

A. Existing work

Floods and landslides take shape under complex
conditions - this study constructs a predictive system rooted 
in machine learning that pulls together environmental, 
climatic, geographic, and social data. Rather than relying on 
one method alone, the approach combines classification with 
regression techniques to judge not only if such disasters 
happen but how intense they might become. Training 
happens across nearly thirty-nine thousand observations, 
each shaped by twenty-one distinct variables tied to risk. 
Among them: shifts in monsoon strength, land slope, 
riverside infrastructure, city growth patterns, loss of forest 
cover, people per square kilometer, and signals linked to 
long-term climate trends. Evaluation follows close behind, 
ensuring predictions hold weight against real-world 
complexity. Model performance draws strictly from 
measurable outcomes within the gathered set. 

When classifying data, Logistic Regression, Support 
Vector Machine (SVM), Decision Tree, Random Forest, K-
Nearest Neighbors (KNN), along with Gaussian Naive Bayes 
are applied to detect regions prone to flooding or landslides. 
Performance is assessed through accuracy, precision, recall, 
F1-score, plus confusion matrices. The top result came from 
Logistic Regression, reaching 92.6 in accuracy and a 91.58 
F1-score - showing reliable prediction strength.  

Regression approaches - such as Linear Regression, 
Ridge, Lasso, Elastic Net, Gradient Boosting, and XGBoost - 
serve alongside classification to estimate how intense or 
impactful floods and landslides might become. To gauge how 
well these regressions work, evaluation relies on measures 
like MAE, MSE, RMSE, and R². Starting from visual aids, 
tools such as ROC curves, correlation heatmaps, feature 
importance displays, and spatial prediction maps help clarify 
results while guiding choices. Though often overlooked, 
clear visuals shape understanding just as much as numbers do.  

This model builds on older methods of flood risk 
assessment - not just using images from space or water flow 
numbers - but pulls in social and environmental details too. 
Still, problems pop up when trying to bring live information 
into the system, since it often depends on past records and 
broad regional patterns. Improvement remains possible, 
mainly because current limits highlight gaps that future 
updates could fill.  

III. METHODOLOGY

Machine learning drives the suggested method, aiming to 
forecast floods and landslides through merging diverse 
environmental and meteorological records. Information 
sources span satellite visuals, precipitation trends, land shape 
details, ground wetness, along with water movement in rivers. 
With advanced processing tools - especially Convolutional 
Neural Networks - it detects subtle connections and non-
obvious signals tied to coming hazards. Accuracy grows 
steadily because fresh inputs refine the prediction engine 
continuously. Alert systems back this up, spotting high-risk 
zones swiftly, then notifying officials and local populations 
without delay. This forward-looking method in handling  

Fig.1.Architecture of Floods and landslides prediction 
Framework 

disasters works by limiting harm, safe guarding people, 
while also maintaining structures. To sum up, forecasting 
floods orlandslides using machine learning relies upon past 

International Journal of Electrical and Electronics Engineers 
Volume 18, Issue No. 01, Jan-June 2026 
ISSN (0) 2321-2055  ISSN (P) 2321-2045 

Page 230 



records, natural indicators - alongside complex calculations - 
to judge how likely such threats might be. 

The proposed methodology includes the following stages: 

A. Data Collection:

1) Meteorological Data: Includes rainfall, temperature,
humidity, and other climate-related factors. 

2) Geographical Data: Terrain features, soil type, eleva
tion, slope, and land cover. 

3) Hydrological Data: River flow, water levels, and soil
moisture. 

4) Historical Data: Past occurrences of floods and land-
slides, including their intensity and impact. 

B. Data Preprocessing:

1) Cleaning: Removing or correcting inaccurate data points.

2) Normalization: Scaling data to a common range to
improve model performance.

3) Feature Engineering: Creating new variables or features 
that may help the model understand patterns in the
data better. 

C. Model Selection:

1) Statistical Models: Traditional approaches like logistic
regression, time series analysis, and ARIMA models are still 
used for certain predictions.  

2) Machine Learning Models: Algorithms like Convo-
lutional Neural Networks are trained using labeled data to 
predict floods and landslides. 

3) Deep Learning Models: Recurrent Neural Networks
(RNNs) for temporal data are increasingly used. 

D. Prediction Model:

1) Real-time Prediction: Once trained, the model can predict
floods and landslides in real time using current data inputs.

2) Early Warning Systems: These predictions are integrated
into early warning systems, providing alerts to authorities
and the public.

Fig. 2. Sequence diagram

 Beginning with Figure 2, a sequence diagram outlines 

interactions within a Flood Detection System powered by 

Machine Learning. How components communicate emerges 

clearly - monitoring environmental states while issuing flood 

warnings. Activation occurs through user initiation of the 

monitoring mode. Following that step, the sensor node 

collects live inputs: water height, rain strength, moisture 

levels, and air warmth. Transmission follows, directing this 

information toward the data aggregator. Playing a central role, 

the data aggregator merges incoming measurements and 

prepares them for further processing. Incoming data gets 
sorted first, readying it for deeper review. Once grouped 

together, that refined input moves toward the machine 

learning component. Trained algorithms inside the model 

scan through the numbers, searching for recurring signs of 

possible flooding. Upon completion, an outcome emerges - a 

forecast shaped by prior training. That output returns to the 

central hub before forwarding onward. From there, it reaches 

the notification module. Should danger be detected, a 

message triggers, reaching the person involved. The way 

information moves across components stands visible - 

starting from user interaction, passing through sensor nodes, 
then reaching a central data collector. Following this path, 

processed inputs feed into a machine learning algorithm 

without delay. As output emerges, warnings transmit 

automatically via an alert mechanism meant for timely 

response. Together, these elements function as one 

continuous loop built for immediate flood detection. 

IV. ALGORITHM

A different path begins with gathering varied information 

- rainfall amounts, air warmth, dampness levels - not just
these but also water movement in rivers, how full reservoirs
are, ground wetness. From high points down to gentle
inclines and surface types, terrain details enter too. Cleaning
happens next. Values adjust into common scales. Features
reshape through calculated transformations. Learning unfolds
using past records marked clearly: when floods struck, where
landslides occurred. Patterns form inside the network, built
on space-based arrangements only deep layers detect.
Nonlinear ties between inputs and outcomes grow clearer
over repeated exposures. What emerges is a structure shaped
entirely by prior examples, guided not by rules but exposure.
Starting with convolution and moving through pooling, key
patterns emerge from raw inputs. Once these are shaped into
meaningful representations, classification happens via dense
connections that judge potential threat levels. After training
completes, the system shifts toward live operation without
delay. As new sensor readings arrive, evaluation occurs
continuously in background processes. When danger
indicators climb past predefined limits, alert signals activate
automatically. Combining these stages boosts reliability
across varying conditions. Response teams receive
notifications earlier, allowing faster coordination before
events escalate.

  

V. EXPERIMENTAL RESULTS

  Although older statistical techniques often struggle, the 
new approach delivers more dependable forecasts while 
cutting down on incorrect alerts. What sets this method apart 
is how well it learns intricate patterns linking climate, 
hydrology, and terrain data. Because of this ability, it fits 
naturally into systems designed to assess danger levels or 
send out advance notices. Looking at Figure 12, differences 
become clear when judging both models through Accuracy, 
Precision, and F1-score. Performance jumps notably under 
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the updated version - accuracy nears 97, precision hits about 
the same, yet F1-score climbs closest to 99. Despite 
differences in measurement types, each shows clear 
improvement under the new method. Shown next are the 
stages followed to reach those outcomes. 

A workspace was set up using Anaconda Navigator before 
running the machine learning model. Inside this tool, a 
distinct environment took shape to keep external code from 
interfering. Isolation like this avoids unintended overlaps 
with unrelated projects. Once built, the environment required 
compilation to ready it for execution tasks. From there, the 
matching terminal window launched so source files could be 
stored safely within. A file directory held the necessary 
model scripts, meaning its location was duplicated for 
execution through a .py file. Running it produced backend 
components using Flask installed locally. That output got 
pasted directly into browsers like Google Chrome.A 
webpage appeared – as shown in figure 3.  

Fig. 3. A web page is opens 

Home view of FloodGuard appears in Fig.3, a tool built on 

machine learning to forecast flooding events. At the top, 

bold letters spell out “FloodGuard,” followed by a short 

phrase highlighting its foundation in artificial intelligence. 

Instead of clutter, clean layout guides attention - navigation 
includes tabs like Home, Plots, Heatmaps, Satellite, 

Accuracy, and Predict. Moving through these sections 

reveals various ways to interact with data outputs. Ease of 

use stands clear; accessing predictions and visual models 

takes minimal effort. Overall experience feels smooth, 

shaped around quick access to critical insights. 

Fig. 4. Search needed location to predict the flood Occurrence. 

Figure 4 illustrates this shows how the FloodGuard 

prediction screen works. Starting with a choice, someone 

picks a city to see what flood risks might appear. A box 

marked “Select City” sits on the page, offering different 

places through a list. After that selection happens, weather 

conditions and local environment numbers are pulled 

 automatically. Using this setup feels smooth because getting 

forecasts does not require extra steps or knowledge.  

Fig. 5. Flood prediction by using weather conditions. 

     Figure 5 depicts that, what the system predicts once a 

city gets picked. Here, that place is Guntur. Temperature, 

highest temp, wind strength, clouds, rain levels, moisture - 

these things are weighed one after another. Because of how 

these values line up, the machine learning output says there's 

 no sign of flooding. Safety is the verdict this time around. 

 From gathered details or live inputs, it builds its conclusion 

 step by step. 

Fig. 6. Result Analysis. 

Table 1: EXISTING SYSTEM VS PROPOSED SYSTEM

Metrics 

Accuracy Precision F1-Score 

Existing System   92.6 91.6 91.6 

Proposed System   97 97 99 

Figure 6 contrasts older systems and latest proposed system. 

Metrics like accuracy, precision, and F1-score shape this 

picture. Where the current system hits 92.6% on accuracy, it 

lands at 91.6% for both precision and F1-score. On the flip 
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side, the suggested approach climbs close to 99% across 

those points, marking a clear leap forward. That jump 

suggests FloodGuard handles flood forecasts and emergency 

planning with sharper results.  

VI.

 

CONCLUSION

 

In conclusion, Looking ahead, flood and landslide 
forecasts gain real strength when powered by the CNN 
algorithm.Vast collections of past climate data, land shapes, 
and ground makeup, smart systems deliver sharp and fast 
warnings. These insights lead to smarter planning and 
quicker reactions when danger nears. With each tech leap 
forward, the guesses grow sharper, offering a steadier shield 
for towns facing tougher nature swings. 
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