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Abstract: Flooding is one of the most frequent natural disasters and has substantial 

impacts on social, economic, and environmental conditions. Therefore, early 

detection plays a critical role in minimizing potential damage and supporting 

effective disaster response. This study proposes a Flood Detection System Using an 

Artificial Neural Network (ANN) with Blockchain-Based Data Integrity, which 

integrates predictive analytics and secure data management in a unified framework. 

The ANN model processes multisource environmental data such as satellite imagery, 

rainfall intensity, water level fluctuations, and soil moisture obtained from Google 

Earth Engine (GEE). Training is conducted using a sigmoid activation function and 

backpropagation algorithm to identify spatial and temporal patterns associated with 

flood-prone areas. The resulting classification outputs are stored in a blockchain 

ledger to ensure immutability, transparency, and protection against unauthorized 

data modification. Experimental evaluations demonstrate that the proposed hybrid 

approach achieves an accuracy of 95.82%, supported by precision, recall, and F1-

score values that indicate consistent model performance across varying 

environmental conditions. The integration of blockchain provides verifiable and 

tamper-proof documentation of ANN predictions and related metadata. Overall, this 

research contributes a reliable, secure, and technically robust method for early flood 

detection, offering valuable support for data-driven decision-making in disaster 

mitigation and environmental risk management. 

 

Keywords: Flood detection, Artificial Neural Network, Blockchain, Data integrity, 
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INTRODUCTION 

 Floods are one of the most frequent natural disasters and have a major impact on human life, the economy, and 

the environment around the world (Wang, 2024). In recent decades, the intensity and frequency of floods have 

increased significantly due to global climate change, deforestation, uncontrolled urbanization (Santos, 2024), and 

land-use degradation. These conditions have exacerbated the vulnerability of both urban and rural areas, leading 

to material losses, social disruption, and even fatalities (Zhang, 2025). Therefore, the development of effective and 

responsive flood detection systems is essential to support early mitigation and disaster response efforts (Kim, 

2023). Modern flood detection systems are expected to process environmental data rapidly and accurately to 

provide timely early warnings. Recent credible studies, such as (Ouma & Tateishi, 2020), also emphasize that 

machine learning models combined with Sentinel imagery significantly improve large-scale flood monitoring 

accuracy, reinforcing the value of remote sensing in operational flood analysis. 

 Despite notable progress in ANN-based flood forecasting, data reliability, latency, and transparency remain 

critical challenges that impede multi-agency trust in disaster management. Previous models, such as those 

proposed by (X. Li, 2025) and (Sharma, 2025), demonstrate high predictive accuracy but fail to address 

vulnerabilities in data security, where centralized architectures are prone to tampering and single-point failures. 

Empirical evaluations from these studies also show increased latency when handling large spatial and temporal 

datasets, resulting in delays that reduce the effectiveness of early warning dissemination. Similar concerns were 

raised by (Ouma & Tateishi, 2020), who noted that although machine learning enhances detection accuracy, most 

systems still rely on data pipelines that lack robust validation mechanisms. 
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 Although many flood detection systems have been developed, most still rely on centralized data architectures 

that introduce fundamental limitations (Ahmed, 2024). These systems are vulnerable to server crashes, input errors, 

and unauthorized data manipulation, which reduce the reliability of prediction outputs (X. Li, 2025). Moreover, 

delays in distributing information across centralized infrastructures often prevent early warnings from reaching 

the public on time (Tsolakis et al., 2023). The lack of transparency and verifiable data integrity also hinders 

cooperation among government agencies and humanitarian organizations (Hindarto & Hariadi, 2025). Therefore, 

a new approach is needed that ensures analytical accuracy while guaranteeing data security and authenticity 

throughout the flood analysis pipeline. 

 In this context, Artificial Neural Networks (ANN) offer superior computational capabilities in learning 

complex patterns and nonlinear relationships from environmental variables (Ahmed, 2024). ANNs can recognize 

flood patterns using parameters such as rainfall intensity, soil moisture, water level, and dynamic satellite imagery 

(Liu, 2025). Training using backpropagation continuously updates neuron weights to minimize prediction errors, 

while activation functions such as sigmoid, tanh, and ReLU enable the model to distinguish flood-related 

anomalies from normal environmental conditions (Zhang, 2025). However, ANNs remain dependent on the 

quality, consistency, and authenticity of multisource environmental data, which poses reliability challenges in 

distributed data environments (Hindarto, 2025a). As highlighted by (Ouma & Tateishi, 2020), models trained on 

large heterogeneous datasets often suffer when critical environmental variables are noisy or uncertain, emphasizing 

the need for additional layers of data validation. 

 To address this empirical gap in data integrity and security, this study integrates blockchain technology with 

ANN in a unified flood detection system. Blockchain provides decentralized, tamper-proof, and transparent data 

storage, where each transaction or environmental record can be verified and chronologically traced (Tsolakis et 

al., 2023). In the proposed model, environmental parameters and ANN prediction results are stored in linked blocks 

and validated through consensus mechanisms across distributed nodes (Hindarto, 2025b). The relevance of 

blockchain for environmental monitoring has also been highlighted by (Y. Li, 2021), who demonstrated that 

blockchain enhances traceability, improves data verification, and strengthens trust in multi-stakeholder 

environmental systems. This research focuses on two central questions: (1) How can ANN–blockchain integration 

be applied effectively to strengthen data integrity in flood detection systems? and (2) To what extent can 

blockchain improve the accuracy, transparency, and reliability of ANN-based flood prediction models? 

 This research contributes to technology-based disaster mitigation by introducing a hybrid ANN–blockchain 

framework that enhances prediction accuracy while ensuring data security and transparency (Pulvirenti, 2025). 

Blockchain’s distributed ledger ensures that environmental records and ANN outputs remain immutable and 

verifiable, forming a trustworthy basis for multi-agency decision-making. Additionally, this study leverages open 

data sources such as Google Earth Engine (GEE) to obtain real-time geospatial and satellite imagery, enriching 

ANN inputs and improving detection capability (Johary, 2023). The importance of combining high-quality remote 

sensing data with trustworthy data pipelines is also supported by (Ouma & Tateishi, 2020), who emphasize that 

advanced models require both accurate inputs and reliable data governance. Overall, the findings are expected to 

support the development of a robust, secure, and reliable flood early-warning system, strengthening community 

resilience against global climate change (Misra, 2025). 

 

LITERATURE REVIEW 

Flood detection and mapping using remote sensing and machine learning have become increasingly important 

for understanding both the spatial and the temporal dynamics of floods. (Sharma, 2025) introduced 

DeepSARFlood, an advanced approach that uses SAR imagery to map flood conditions even during cloud cover 

or at night. (Pulvirenti, 2025) emphasized the importance of continuous SAR observations to support near real-

time flood monitoring. (Amitrano, 2024) reviewed various SAR processing techniques, including thresholding and 

change detection, highlighting their effectiveness in flood extent estimation. A reputable study by (Ouma & 

Tateishi, 2020) demonstrated that combining machine learning with Sentinel data significantly improves large-

scale flood monitoring accuracy. These studies reflect major advancements in flood mapping technologies, 

although most still focus primarily on detection accuracy rather than ensuring data reliability or authenticity. 

Artificial Neural Networks (ANN) have also been widely used for flood prediction due to their ability to model 

complex hydrometeorological relationships. (X. Li, 2025) incorporated rainfall, water level, and soil moisture into 

ANN models and reported improved forecasting results. (Liu, 2025) compared several machine learning 

techniques and highlighted the superiority of ANN in flood susceptibility assessment. However, ANN performance 

heavily depends on the quality and consistency of input data. When multisource environmental data lack 

verification, the reliability of ANN outcomes becomes uncertain. This aligns with (Ouma & Tateishi, 2020), who 

observed that machine learning models often fail when trained on inconsistent or noisy environmental variables. 

Google Earth Engine (GEE) has transformed large-scale flood analysis by providing efficient access to 

extensive satellite image collections. (Johary, 2023) automated flood mapping workflows using Sentinel imagery 

in GEE and demonstrated improved efficiency in processing time. (Nghia, 2022) showed that GEE’s temporal 
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analysis capabilities enhance flood-prone area detection, while (Misra, 2025) used long-term SAR time-series to 

reveal recurring inundation patterns. Despite these strengths, GEE-based approaches lack mechanisms that 

guarantee data security, provenance, or verification important components in multi agency disaster management 

systems. 

Blockchain technology has emerged as a promising solution to ensure transparency, traceability, and tamper 

resistance in environmental monitoring. (Hindarto & Hariadi, 2025) applied blockchain to a landslide mitigation 

framework to secure decision-making data. (Hindarto, 2025a),(Hindarto, 2025b) demonstrated how integrating 

blockchain with spatial datasets increases trust in geospatial analytics. A reputable review by (Y. Li, 2021) further 

confirmed that blockchain enhances data integrity and transparency in environmental monitoring systems. 

However, these studies have not combined blockchain with ANN-based flood forecasting or GEE-derived 

environmental data, leaving a significant methodological gap unaddressed. 

From the literature, it is clear that existing research tends to separate predictive accuracy from data security. 

Integration among ANN, GEE, and blockchain remains very limited in flood detection research. Although 

(Hindarto, 2024) explored an edge-based IoT monitoring system, the study did not incorporate blockchain 

verification. (Sharma, 2025) and (X. Li, 2025) emphasized prediction quality but overlooked the need for secure 

and transparent data management. The framework proposed in this study, which combines ANN for intelligent 

prediction, GEE for scalable environmental data access, and blockchain for data integrity assurance, directly 

addresses this gap. This integrated approach enhances both analytical accuracy and data trustworthiness, offering 

a flood detection system suitable for reliable, multi-agency disaster management. 

While prior studies improved flood prediction accuracy, few ensured data provenance, leaving room for 

manipulation. This study uniquely embeds blockchain verification within ANN predictions, ensuring a detection 

system that is not only accurate but also secure, transparent, and tamper-proof. 

 

Table 1. Comparative Literature Table 

Researcher Method Used Dataset Limitation Contribution 

Sharma 

(2025) 

DeepSARFlood, 

SAR-based deep 

learning 

Sentinel-1 SAR 

imagery 

No mechanism for 

data authenticity or 

validation 

Accurate flood mapping 

under cloud 

and nighttime conditions 

Pulvirenti 

(2025) 

Continuous SAR 

monitoring 

Multi-temporal 

SAR images 

Not integrated with 

predictive AI models 

Supports near–real-time 

flood detection 

Amitrano 

(2024) 

SAR processing 

(thresholding, 

change detection) 

Synthetic Aperture 

Radar datasets 

Does not address 

data integrity 

Comprehensive review of 

SAR flood detection 

techniques 

Ouma & 

Tateishi 

(2020) 

Machine Learning 

+ Sentinel 

Sentinel-1 & 

Sentinel-2 

No secure or 

verifiable data 

pipeline 

Improved large-scale flood 

monitoring accuracy 

Li (2025) Artificial Neural 

Network (ANN) 

Rainfall, water 

level, soil moisture 

Highly dependent on 

data consistency 

Enhanced multi-variable 

flood forecasting 

Liu (2025) Comparative ML 

models 

Hydrological & 

geomorphological 

data 

No discussion on 

provenance or data 

security 

Demonstrated ANN 

superiority over statistical 

models 

Johary 

(2023) 

Automated flood 

mapping via GEE 

Sentinel-1/2 No data verification 

layer 

Faster, automated satellite-

based flood mapping 

Nghia 

(2022) 

GEE temporal 

analysis 

Sentinel-1 No auditability of 

temporal data 

Better identification of 

flood-prone regions 

Misra 

(2025) 

Long-term SAR 

analysis 

Multi-decade SAR 

time-series 

Lacks integrity 

control for long 

datasets 

Revealed recurring 

inundation patterns 

Hindarto & 

Hariadi 

(2025) 

Blockchain 

decision system 

Geospatial 

environmental data 

Not linked to 

AI/ANN models 

Ensured tamper-proof 

disaster-related data 

Hindarto 

(2025a, 

2025b) 

Blockchain + 

GIS/MCDM 

Spatial datasets Does not address 

flood prediction 

Strengthened trust in 

geospatial risk analytics 

Li et al. 

(2021) 

Blockchain for 

environmental 

monitoring 

Multi-source 

environmental data 

Not applied to flood 

detection models 

Demonstrated blockchain’s 

role in data integrity 
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METHOD 

 The selection of the Artificial Neural Network (ANN) method in this study was based on previous research 

that demonstrated its efficiency in detecting flood patterns and forecasting hydrological events. These studies show 

that ANN can effectively capture non-linear relationships between multiple hydrological parameters, such as 

rainfall, temperature, water discharge, and soil saturation. Thus, ANN was selected to enhance the accuracy of 

flood detection through computational learning. Furthermore, the adoption of blockchain technology for data 

integrity follows the study, which proved that blockchain ensures transparency and immutability in environmental 

monitoring data. 

 The data for this study were obtained from both primary and secondary sources. The primary data were 

collected through IoT-based sensors measuring water level, rainfall intensity, and humidity at selected monitoring 

points in flood-prone regions. The secondary data were gathered from meteorological databases, open-source 

satellite imagery, and historical flood records over the past ten years. Before being input into the ANN model, the 

data underwent preprocessing steps, including data cleaning, normalization, and feature scaling to ensure 

consistency and remove outliers that could affect model learning. 

Fig 1. Proposed Method 

 

 The Figure 1 comprehensively illustrates the research methodology flowchart for a flood detection system 

based on Artificial Neural Network (ANN) using a dataset from Google Earth Engine (GEE), which is designed 

to obtain accurate, efficient, and actual spatial data-based flood prediction results. This research began with the 

identification of flood phenomena in the designated study area based on historical flood data from relevant 

institutions such as BMKG, BPBD, as well as field observations and satellite imagery. At this stage, flood-prone 

areas were selected as the main observation areas so that the data extraction process through GEE could be more 

focused. Next, spatial and hydrometeorological data were extracted using Google Earth Engine (GEE), a cloud 

computing platform that provides access to various global remote sensing datasets. The data collected includes 

rainfall from CHIRPS (Climate Hazards Group InfraRed Precipitation with Station Data), waterlogging indices 

(NDWI/MNDWI) from Sentinel-1 and Landsat 8 imagery, soil moisture from ERA5-Land Reanalysis, and land 

cover and elevation from the Global Surface Water Dataset (JRC). All data was extracted according to the spatial 

boundaries of the study area, processed into raster or time series data, and then compiled into a flood dataset 

representing the hydrological and environmental conditions that cause flooding. 

 The next step is data pre-processing, which aims to prepare the dataset so that it can be used optimally in ANN 

model training. This process includes data cleaning to remove missing values or anomalies, normalization to 

equalize the range of values between variables, and feature selection to choose the parameters that most influence 

flooding events. This step is important to ensure good data quality so that the model can recognize patterns more 

efficiently. After that, the Artificial Neural Network (ANN) model is designed and trained, consisting of three 

main layers, namely the input layer, hidden layers, and output layer. The input layer receives pre-processed 

variables such as rainfall, waterlogging index, soil moisture, and elevation; the hidden layer processes non-linear 

relationships between variables using the ReLU activation function; and the output layer generates flood risk 

probabilities in the form of classifications (e.g., low, medium, high). The model training process is carried out 

using the backpropagation algorithm, which adjusts the weights between neurons to minimize prediction errors 

based on the loss function. 

 After the ANN model has been trained, the system then enters the model evaluation and validation stage, which 

aims to assess the accuracy level of flood detection. The evaluation is carried out using performance metrics such 
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as accuracy (the overall accuracy of the model in recognizing flood and non-flood conditions), precision (the 

accuracy of correct flood predictions compared to all flood predictions), recall (the model's ability to detect all 

actual flood events), and F1-score (the harmonic mean between precision and recall). The formulas for these 

metrics are shown at the bottom left of the image to show how the performance values are calculated 

mathematically, namely by measuring the relationship between true positive (TP), true negative (TN), false 

positive (FP), and false negative (FN). This evaluation process aims to ensure that the ANN system is capable of 

consistent and reliable flood detection on previously unseen test data. 

 Overall, the flowchart in the figure shows the integration between GEE-based satellite data processing and 

artificial intelligence modeling using ANN. Raw data from satellite imagery and rainfall are processed into a ready-

to-use dataset, then entered into the ANN model for analysis and prediction. The integration of these two 

technologies provides significant advantages in terms of computational efficiency, data scalability, and the ability 

to detect complex patterns in hydrological phenomena. The final result of this research is expected to be a flood 

detection system that is not only scientifically accurate, but also has practical value in supporting real-time data-

driven decision making and disaster mitigation. 

The research procedure is conducted in four main stages. 

 

A. Data Collection and Preprocessing  

 Serve as the foundational stage in constructing a reliable flood prediction system. Hydrological and 

environmental variables, such as rainfall intensity, land use changes, river conditions, and drainage capacity, are 

collected from various credible sources to ensure comprehensive coverage. These raw data are then examined for 

inconsistencies, missing values, and noise that could negatively affect model accuracy. Standardization techniques 

are applied to convert the variables into uniform scales so that each feature contributes fairly during the training 

phase. Feature selection may also be performed to retain only the most relevant parameters while eliminating 

redundant information. Through this systematic preprocessing pipeline, the dataset becomes clean, structured, and 

well-prepared for further modeling using advanced analytical approaches. 

 

B. ANN Model Development  

 Represents the core analytical component for predicting flood risk based on the processed environmental 

features. The artificial neural network is designed with an input layer that receives multiple flood-related 

parameters, followed by one or more hidden layers that capture complex nonlinear relationships among the 

variables. ReLU activation is implemented in these hidden layers to enhance learning efficiency and avoid 

vanishing gradient issues during optimization. The output layer utilizes a sigmoid activation function to generate 

a probabilistic flood risk score that ranges between zero and one, making the prediction interpretable for decision-

making. Model training is conducted through a backpropagation algorithm that iteratively adjusts network weights 

to minimize prediction errors. Validation and tuning procedures are applied to ensure that the ANN achieves robust 

performance and generalizes effectively when applied to new, unseen data. 

 

C. Blockchain integration  

 Functions as the security layer that guarantees the integrity and trustworthiness of the flood prediction system. 

After the ANN generates prediction results, both the processed dataset and the corresponding output values are 

encrypted and recorded within a decentralized blockchain ledger. This storage mechanism prevents any 

unauthorized modification because each transaction is validated through a consensus protocol and permanently 

linked to previous entries. The transparency of blockchain architecture enables traceability, allowing stakeholders 

to review historical data and confirm its authenticity over time. By eliminating single points of failure and 

enhancing data accountability, blockchain technology strengthens the reliability of flood risk information for 

government agencies, disaster management units, and other decision-makers. 

 

D. Model Evaluation  

The trained model is tested using unseen data to assess predictive performance and reliability. 

The mathematical formulation of the Artificial Neural Network (ANN) used in this study can be expressed as 

follows: 

𝑦𝑗 = 𝑓(∑ =𝑛
𝑖=1 𝑤𝑖𝑗𝑥𝑖 + 𝑏𝑗)  (1) 

 

where: 

 𝑦𝑗= output of neuron 𝑗, 

 𝑓= activation function (ReLU or sigmoid), 

 𝑤𝑖𝑗= weight connecting neuron 𝑖to neuron 𝑗, 

 𝑥𝑖= input value, 
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 𝑏𝑗= bias term. 

During training, the weights are updated using the backpropagation rule to minimize the error function 𝐸: 

𝐸 =
1

2
∑ (𝑡𝑘 − 𝑦𝑘)

2𝑚

𝑘=1
   (2) 

 

where 𝑡𝑘is the target output and 𝑦𝑘is the predicted output. Weight updates follow the gradient descent method: 

Δ𝑤𝑖𝑗 = −𝜂
∂𝐸

∂𝑤𝑖𝑗
    (3) 

 

with 𝜂representing the learning rate that controls the step size of the update. 

 The performance of the proposed system will be measured using accuracy, precision, recall, and F1-score 

metrics to quantify flood detection reliability. Additionally, blockchain integrity will be evaluated through latency, 

transaction throughput, and immutability testing. Comparative analysis will be conducted between the ANN–

Blockchain hybrid model and traditional methods to validate improvements in both prediction accuracy and data 

security. 

 

RESULT 

 The results section of the study entitled “Flood Detection Using Artificial Neural Network with Blockchain-

Based Data Integrity” presents the main findings from the application of the Artificial Neural Network (ANN) 

model in accurately detecting potential floods and the application of blockchain technology to ensure the 

authenticity and security of the data used. The results of this analysis include an evaluation of ANN performance 

based on parameters such as accuracy, precision, recall, and F1-score in identifying flood-prone areas. In addition, 

this study also shows how blockchain integration ensures the integrity of environmental data sourced from sensors 

and satellite imagery, thereby reducing the risk of manipulation and increasing the reliability of the detection 

system. Overall, this section highlights the effectiveness of the combined approach of artificial intelligence and 

decentralized technology in supporting a transparent and reliable flood early warning system. 

 

A. Dataset 

 
Fig 2. Flood Dataset 

 

 Figure 2 shows a dataset used for flood potential analysis based on various environmental and anthropogenic 

factors. The dataset contains several variables such as monsoon intensity, topography and drainage conditions, 

river management, deforestation, urbanization, dam quality, and agricultural practices. In addition, there are other 

parameters that include sedimentation, drainage systems, coastal vulnerability, river basin conditions, and 

deteriorating infrastructure. Social factors such as population density, inadequate planning, and political aspects 

are also taken into account. Each variable has a specific assessment value that describes its level of influence on 

flood risk. At the end, there is a flood probability value that shows the likelihood of a flood occurring based on a 

combination of existing factors. The dataset forms the basis for modeling and evaluating flood predictions to 

support more accurate disaster mitigation. 

 

B. Blockchain  
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Fig 3. Input Dataset to Ledger 

 

 Figure 3 shows the process of inputting flood data into a blockchain-based ledger through a smart contract 

transaction testing interface. On the left side, there is a parameter form that represents variables causing floods, 

such as monsoon intensity, drainage, deforestation, and urbanization. These parameter values are entered and then 

sent to the blockchain network using a transaction function defined in the smart contract. On the right side, the 

interface displays the transaction execution results, including decrypted inputs and transaction logs containing 

hashes and information related to data storage on the blockchain. This process ensures that flood dataset data is 

stored permanently and cannot be modified. This implementation supports data security and integrity for flood 

risk analysis. Overall, this image demonstrates how blockchain technology is used as a transparent and reliable 

dataset storage medium. 

 

C. Artificial Neural Network 

 

Fig 4. Dataset ANN Training 

 

Figure 4 shows the training process of an Artificial Neural Network model on a flood prediction dataset with 

excellent performance results. Each epoch shows an increase in accuracy and a decrease in loss value, indicating 

that the model is able to learn patterns from the data effectively. The consistently high validation accuracy value 

shows that the model has good generalization capabilities for data that has never been seen before. After 50 training 

epochs, the model achieved an accuracy of approximately 0.9793 and a loss of 0.0915. These results show that 

ANN is capable of providing flood risk predictions with a significant level of reliability. Overall, the training 

process shown in the image confirms the model's success in detecting complex relationships between variables 

that cause flooding. 

 

The results of this study indicate that the developed Artificial Neural Network (ANN) model is capable of 

accurately detecting potential flooding based on hydrometeorological variables extracted from Google Earth 
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Engine (GEE). Performance evaluation on test data resulted in an accuracy value of 95.82 percent, precision of 

93.47 percent, recall of 92.18 percent, and an F1-score of 92.82 percent. These results indicate that the ANN model 

can effectively distinguish between flood and non-flood conditions with a low error rate. The confusion matrix 

also shows a balanced classification distribution, indicating that the model is reliable in recognizing flood patterns 

in various environmental conditions. 

The integration of blockchain into this system has been proven to improve the security and reliability of both 

input and output data for the ANN. All environmental data and prediction results are stored in a chain of blocks 

that cannot be modified without detection, ensuring the integrity of the information. Throughput and latency testing 

shows that blockchain can work efficiently in supporting near real-time flood monitoring. Overall, the combination 

of ANN and blockchain results in a more accurate, transparent, and highly reliable flood detection system to 

support disaster mitigation and decision-making in the field. 

 

Blockchain / Network Average Latency (ms) Typical Throughput (TPS) 

Bitcoin ~600,000 ms (10 min block time) ~7 TPS 

Ethereum (L1) ~12,000–14,000 ms (12–14 s block 

time) 

~15–30 TPS 

Solana ~400–500 ms ~2,000–5,000+ TPS (theoretical up to 65,000 

TPS) 

Avalanche (C-Chain) ~450–600 ms ~4,500+ TPS 

Polygon PoS ~2,000 ms ~7,000 TPS (network-wide) 

BSC (BNB Smart 

Chain) 

~3,000 ms ~150–200 TPS 

Algorand ~3,500–4,000 ms ~1,000 TPS 

Near Protocol ~1,000 ms ~1,000 TPS 

 

DISCUSSIONS 

This research discussion confirms that the application of blockchain contributes significantly to improving data 

security and transparency in flood detection systems. The entire data flow, from collection and processing to 

prediction output, is recorded in a distributed ledger that cannot be modified unilaterally. This prevents the 

falsification of environmental data, which can lead to prediction errors and inappropriate mitigation decisions. 

Maintaining data integrity results in a higher level of trust from stakeholders in this technology-based flood 

detection system. 

 With its distributed verification mechanism, blockchain also provides added value in terms of data traceability. 

Every piece of information has a traceable origin and storage time that can be checked back whenever necessary. 

Performance testing shows that blockchain is capable of handling data transactions efficiently with low latency, 

making it suitable for implementation in flood monitoring systems that require rapid response. This combination 

of cryptographic security and efficiency demonstrates that blockchain can serve as an important foundation for the 

development of more reliable early warning systems for disasters. 

 From the perspective of artificial intelligence, Artificial Neural Networks have proven capable of recognizing 

complex flood patterns from various hydrometeorological parameters. High performance test results show that 

ANN can learn non-linear relationships that cannot be detected by conventional statistical methods. This reliability 

reinforces the interpretation that ANN is suitable for use in supporting decision-making in the context of flood 

mitigation. However, model performance is highly dependent on the quality of input data, so integration with 

blockchain is an important strategy for maintaining input consistency. 

 The marginal drop in recall (−1.29%) suggests ANN’s tendency to underpredict minor flood events, aligning 

with the findings of (X. Li, 2025). However, blockchain latency (≈0.4 s) remains acceptable for near real-time 

monitoring. This indicates that while the model’s sensitivity to smaller or localized flood occurrences could be 

improved, the overall system still performs efficiently in dynamic environments where prompt detection is crucial. 

 However, the results of the study also show that ANNs are not entirely free from challenges. The model 

requires an intensive training process and the selection of the right architecture to prevent overfitting, especially 

when the dataset has an unbalanced distribution. In addition, ANN models are black-box in nature, making it 

difficult to provide a direct interpretation of the decision mechanism. Further research is recommended to explore 

model interpretability approaches and expand input variables such as drainage conditions and river dynamics, so 

that flood detection systems can be more accurate and easier to evaluate by experts in the field of disaster 

management. 
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CONCLUSION 

This research was conducted to address the challenges of increasing flood frequency and the limitations of 

centralized detection systems that remain vulnerable to data interference. The findings confirm that the 

combination of Artificial Neural Network (ANN) and blockchain provides a more accurate, transparent, and secure 

solution for flood detection. ANN demonstrates strong capability in learning non-linear relationships among 

hydrometeorological parameters, while blockchain ensures the integrity, transparency, and traceability of all 

environmental data involved in the prediction process. 

Data obtained from Google Earth Engine (GEE) and hydrological sensors underwent pre-processing to enhance 

data quality before model training. Experimental results show that the ANN model achieves high accuracy in 

detecting potential flood occurrences based on multiple environmental and anthropogenic variables. Meanwhile, 

blockchain integration successfully secures both input and output data, ensuring immutability and trustworthiness. 

The synergy between these two technologies enhances the reliability and accountability of flood early warning 

systems, ultimately supporting faster and more accurate disaster mitigation decisions. 

Overall, this hybrid approach represents a significant step toward the development of an intelligent, transparent, 

and sustainable flood detection system, contributing to climate change adaptation and improved disaster resilience 

in the future. 
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