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Floods are one of the most frequent hydrometeoro-
logical disasters in Indonesia, causing severe social, eco-
nomic, and environmental impacts. The object of this
research is spatio-temporal flood detection in Simpang
Empat, Asahan Regency, North Sumatra, an area that
faces annual flooding due to high rainfall, low-lying
topography, and land-use changes. Conventional detec-
tion approaches based on either spatial or temporal data
often fail to capture complex interactions, thereby lim-
iting predictive accuracy. To address this problem, this
study developed a multi-modal fully guided attention gate
(MM-FGAG) framework that integrates Sentinel-2 multi-
spectral imagery, SRTM elevation, CHIRPS rainfall, and
ERAS5 atmospheric variables. The model employs CNN-
based spatial priors to guide temporal attention in LSTM,
ensuring that predictions focus on the most flood-relevant
regions and time periods. Experimental results show that
MM-FGAG achieved 91.72% accuracy, 92.05% precision,
90.29% recall, and an AUC of 0.945, significantly outper-
forming CNN, LSTM, and CNN-LSTM baselines. This
improvement is explained by explicit spatial-to-tempo-
ral guidance, which enhances predictive accuracy while
also increasing interpretability through attention maps.
Distinctive features of the framework include multimod-
al integration, guided attention, and the ability to gener-
ate flood risk maps with more than 90% agreement with
observed data. These findings confirm that MM-FGAG is
robust, adaptive, and capable of producing accurate and
explainable predictions. The framework shows strong
potential for use in flood early warning systems and
disaster risk management, providing timely information
for evacuation planning and resource allocation in vul-
nerable regions
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1. Introduction

Flooding is one of the hydrometeorological disasters
that continues to pose a serious threat in many tropical
regions [1], including Indonesia, which experiences high
rainfall throughout the year [2]. Global climate change over
the past two decades has made weather patterns increasingly
unpredictable, with extreme rainfall events often occurring
outside the normal seasons [3]. This not only increases the
frequency of flooding but also expands the affected areas
and exacerbates the severity of losses [4]. Asahan Regency,
particularly Simpang Empat Sub-district in North Suma-
tra Province, is among the areas highly vulnerable to this
disaster. Flooding in the region is not solely driven by high
rainfall but is also influenced by geographical conditions,
low-lying topography, and a complex hydrological network.
Historical data show that from 2020 to 2025, floods were
recorded almost every year with relatively long durations, in
some cases lasting between five to eight consecutive months.
The impacts include economic losses, infrastructure damage,
disruption of social activities, and public health issues. This
situation is further aggravated by anthropogenic factors such
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as land conversion into settlements, riverbed sedimentation,
damaged embankments, and high upstream water discharge
from the Asahan River that exceeds the capacity of the exist-
ing drainage system. These circumstances demonstrate that
flooding remains a highly relevant scientific and practical
issue that requires more accurate and adaptive approaches
for early detection and mitigation.

Advances in remote sensing technology and cloud-based
data processing have opened new opportunities for flood
disaster mitigation [5, 6]. Satellites such as Sentinel-1 with
synthetic aperture radar (SAR) are capable of detecting inun-
dation even under cloud cover or at night [7], while Sentinel-2
provides high spectral resolution to identify vegetation, soil
moisture, and surface conditions [8]. Rainfall data from the
climate hazards group infrared precipitation with station
data (CHIRPS) and topographic data from the SRTM digital
elevation model (DEM) add crucial dimensions to hydrolog-
ical and geomorphological analyses [9]. Integrating these
variables allows for more precise flood risk mapping. Thus,
the availability of multimodal data has made spatio-temporal
flood detection an important research topic that continues to
attract wide scientific attention.




Conventional flood modeling methods generally rely on
a single type of data [10], either spatial [11], or temporal [12],
which often results in limitations in capturing the complex
interactions among environmental variables [13]. Hydrologi-
cal models based on spatial data, for instance, focus only on
landform, river flow, or vegetation conditions, while tempo-
ral dynamics such as rainfall intensity, soil moisture, and dai-
ly climatic variations are often overlooked [14]. Conversely,
time-series approaches capture temporal variations but fail
to account for differences in physical characteristics across
regions [15]. The emergence of machine learning and deep
learning methods has provided more adaptive alternatives.
convolutional neural networks (CNNs) have proven effective
in extracting spatial features from multispectral satellite
imagery, such as detecting inundation patterns or land cover
changes [16]. However, CNNs are not designed to model dy-
namic temporal dependencies [17]. On the other hand, long
short-term memory (LSTM) excels in analyzing temporal
data such as daily rainfall and river discharge but struggles
to handle complex spatial information [18]. These limitations
highlight the continuing importance of developing multi-
modal frameworks that can effectively integrate spatial and
temporal dimensions for flood detection.

Although several studies have attempted to combine
CNN and LSTM into multimodal models, limitations remain.
Attention mechanisms applied in prior works are often gen-
eral in nature, lacking guidance from spatial priors, which
results in temporal focus not always being directed toward
the most relevant flood-related features. Therefore, research
on the development of multimodal deep learning models with
guided attention for spatio-temporal flood detection remains
highly relevant, both for advancing scientific knowledge and
for practical implementation in disaster preparedness and
early warning systems.

2. Literature review and problem statement

The paper [19] presents a method of fusing SAR and opti-
cal data for flood mapping. It is shown that the combination
improves classification performance in cloudy regions. How-
ever, unresolved issues remain related to data misalignment
and temporal inconsistency. The reasons may be the objective
difficulties of synchronizing data from different sensors. An
option to overcome this limitation can be the use of deep
learning fusion techniques, but such approaches were not
explored in this work.

The paper [20] proposes a spatio-temporal framework for
flood forecasting using LSTM. It is shown that sequential
modeling improves temporal prediction of rainfall-driven
floods. However, unresolved questions remain regarding the
incorporation of spatial heterogeneity, since the model only
uses time-series inputs. This is partly due to the principal
limitation of LSTM in handling spatially distributed data. An
option to overcome this issue can be multimodal frameworks
that integrate spatial features, which were not considered in
the study.

The paper [21] demonstrates the use of CNNs for in-
undation mapping from multispectral images. It is shown
that CNNs are highly effective for extracting spatial flood
features. However, unresolved problems include the lack of
temporal dynamics, which limits early warning capability.
The reason lies in the fact that CNNs are not designed to
capture sequential variations. An option to overcome this

is hybrid modeling with recurrent networks, although such
integration was absent here.

The paper [22] investigates the use of attention-based
models in hydrological forecasting. It is shown that attention
improves feature selection by focusing on relevant variables.
However, unresolved questions remain regarding the ab-
sence of guided priors, which makes interpretability limited.
The reasons may be connected to the high complexity of
defining spatial priors in hydrological contexts. An option to
overcome this is guided attention, but the approach was not
applied in the study.

The paper [23] presents a multimodal model combining
meteorological and hydrological data. It is shown that such
fusion increases predictive accuracy. However, unresolved
issues include scalability and the computational cost of
processing multiple large datasets. The reason lies in costly
training requirements, which reduce feasibility in real-world
deployments. Options such as lightweight architectures may
reduce complexity, but they were not tested in this work.

The paper [24] introduces graph-based deep learning for
spatio-temporal flood modeling. It is shown that graph con-
volution can represent river networks effectively. However,
unresolved problems remain in scaling to national or region-
al applications. This is partly due to the principal impossibil-
ity of creating dense and accurate graphs in data-poor areas.
An option to overcome this is to integrate graph learning
with multimodal data, which was not fully addressed.

The paper [25] applies hybrid CNN-LSTM models for
rainfall-runoff prediction. It is shown that such integration
helps balance spatial and temporal learning. However, unre-
solved questions remain related to interpretability and sensi-
tivity to noisy data. The reasons may be connected to the lack
of attention mechanisms guiding the sequence learning. An
option to overcome this is guided multimodal attention, but
this was not attempted in the study.

The paper [26] presents a transformer-based approach
for disaster detection. It is shown that transformers handle
long-range dependencies effectively. However, unresolved
problems include high computational cost and the need for
large annotated datasets. This is due to the costly nature of
training transformer models. An option to overcome this is
to design lightweight attention frameworks, which were not
proposed here.

The paper [27] demonstrates data-driven methods for
flood susceptibility mapping. It is shown that data mining
techniques can identify vulnerable zones. However, unre-
solved questions remain related to temporal adaptability, as
static maps do not capture changing conditions. The reason
is the objective difficulty of updating models with real-time
data. An option to overcome this can be integrating temporal
learning, which was not implemented.

The paper [28] and paper [29] provide comprehensive re-
views of AI applications in flood detection and disaster man-
agement. It is shown that the field has advanced rapidly with
multimodal deep learning. However, unresolved challenges
include the lack of interpretable and guided models. This
is due to both computational difficulties and the absence of
standardized multimodal frameworks. Options to overcome
these gaps include guided attention and hybrid CNN-LSTM
models, but existing reviews confirm that such approaches
are still underdeveloped.

All this suggests that it is advisable to conduct a study
on the development of a multimodal deep learning frame-
work with a fully guided attention mechanism. Such a study



directly addresses unresolved problems of interpretability,
scalability, and real-time applicability.

3. The aim and objectives of the study

The aim of this study is to develop a multimodal deep
learning framework called Multi-Modal Fully Guided Atten-
tion Gate (MM-FGAG) for spatio-temporal flood detection.
The framework integrates CNN-based spatial features and
LSTM-based temporal attention under a fully guided mecha-
nism to improve detection accuracy and interpretability.

To achieve this aim, the following objectives were accom-
plished:

-to design and propose the architecture of the MM-
FGAG model that integrates convolutional neural networks
(CNN), long short-term memory (LSTM), and a fully guided
attention mechanism;

- to evaluate the performance of the proposed model
against baseline approaches such as CNN, LSTM, and hybrid
CNN-LSTM;

- to analyze the interpretability of the model using atten-
tion maps for identifying critical spatio-temporal flood-relat-
ed features;

- tovalidate the practical applicability of the model through
flood-risk mapping and comparison with observed events.

4. Materials and methods

4. 1. The object and hypothesis of the study

The object of this study is spatio-temporal flood detection
in the Simpang Empat Sub-district, Asahan Regency, North
Sumatra, Indonesia, through the integration of multimodal
environmental data. The research focuses on developing a
deep learning framework that combines spatial information
from satellite imagery and topographic elevation with tempo-
ral variations derived from rainfall and atmospheric param-
eters to accurately identify and predict flood occurrences.

The main hypothesis states that a multimodal deep
learning model equipped with a Fully Guided Attention
mechanism can significantly enhance both the accuracy and
interpretability of spatio-temporal flood detection compared
with traditional CNN, LSTM, and CNN-LSTM architectures.
The hypothesis assumes that spatial priors can effectively
guide temporal attention to focus on flood-relevant regions
and time intervals, resulting in more reliable and explainable
model predictions.

This study assumes that the multimodal datasets
(Sentinel-2 imagery, SRTM elevation, CHIRPS rainfall,
and ERAS5 atmospheric variables) accurately represent
the spatial and temporal dynamics of the study area and
that historical flood records are sufficiently reliable for
validation. It is also assumed that the spatial resolution
(10-30 m) and temporal frequency (daily to bi-weekly) of
the data are adequate to capture flood-related phenomena
and that the proposed deep learning model can generalize
from the available samples.

Certain simplifications were adopted to maintain compu-
tational feasibility, including treating rainfall as the primary
driver of flooding without explicitly modeling hydrodynamic
flow, assuming uniform data quality after preprocessing,
and limiting the analysis to one sub-district to ensure spatial
consistency.

4. 2. Research location

This study was conducted in Simpang Empat Sub-dis-
trict, Asahan Regency, North Sumatra Province, Indonesia,
a lowland area traversed by the Asahan River. The region
covers approximately 142.89 km? and is categorized as highly
flood-prone due to high rainfall, upstream water discharge,
river sedimentation, and damage to flood-control infrastruc-
ture. The geographical location of the study area is illustrated
in Fig. 1, which was generated using administrative bound-
ary data from the Indonesian Geospatial Information Agency
(https://www.big.go.id) and basemap imagery from Google
Earth (https://earth.google.com).

Fig. 1. Research area — Simpang Empat District, Asahan
Regency

Historical records indicate that flooding has occurred
almost every year from 2020 to 2025, with some events per-
sisting for five to eight consecutive months. Table 1 provides
a summary of annual flood events during this period.

Table 1

History of flooding in Simpang Empat District 2020—2025
Years | Flood event | Dataset start date Dataset end date
2025 | 05/04/2025 05/04/2025 15/04/2025

2024 | 01/11/2024 03/10/2024 01/11/2024

2023 | 06/09/2023 08/08/2023 07/09/2023

2022 | 02/11/2022 08/11/2022 10/10/2022

2021 | 16/08/2021 18/07/2021 16/08/2021

2020 | 24/11/2020 26/10/2020 24/11/2020

Floods in the region disrupt economic activities, dam-
age infrastructure, and threaten public health. The per-
sistence of these events underscores the need for accurate
spatio-temporal flood detection models to support early
warning systems.

4. 3. Data and data sources

The study utilized a multimodal dataset comprising
optical, topographic, and meteorological data. Sentinel-2
multispectral imagery was used for land cover and water
body detection, while SRTM DEM captured elevation and
slope characteristics. Meteorological variables included
daily rainfall from CHIRPS and atmospheric parameters
such as temperature and humidity from ERAS5 reanalysis
data Table 2.



Table 2
Datasets and sources
Data source Variable Resolution Access link
Sentinel-2 Ml.xltlspectral 10m Copernicus open
imagery access
SRTM DEM Elevation, 0m USGS Earth
slope explorer
CHIRPS Rainfall 0.05° Climate hazards
group
ERA5 Temperature, | = 5 ECMWF
humidity

All datasets were obtained from open-access reposito-
ries and selected because they provide complementary spa-
tio-temporal information essential for flood detection.

4. 4. Data preprocessing

The preprocessing stage was conducted to ensure consis-
tency in spatial and temporal resolution among all datasets.
This stage involved three main steps:

1) cropping and resizing the imagery to match the study
area boundaries;

2) applying cloud masking and atmospheric correction for
Sentinel-2 data;

3) normalization and scaling of all input variables before
feeding them into the model.

Examples of these preprocessing steps are illustrated
in Fig. 2.

c

Fig. 2. Data preprocessing steps: a — original Sentinel-2
image; b — cloud-masked image; ¢ — normalized image

Preprocessing was performed to ensure that the multimodal
dataset could be effectively integrated into the proposed frame-
work. Sentinel-2 multispectral imagery was divided into spatial
patches representing local surface conditions such as vegetation
cover, water bodies, and heterogeneous land cover. These patch-
es were standardized and normalized to minimize the influence
of sensor variability and illumination differences (Fig. 3).

Historical flood event data were then processed to gener-
ate ground-truth labels. Flood extent maps were rasterized,
resampled to the spatial resolution of Sentinel-2 imagery, and
converted into binary masks distinguishing flooded from
non-flooded areas. This step provided reliable supervision for
the training of the model (Fig. 4).
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Fig. 3. Spatial image patches: a — local surface with
vegetation cover; b — surface with water bodies;
¢ — mixed land cover in flood-prone areas

Flood Patch Label Flood Patch Label

Fig. 4. Flood patch labels: a — dense flood region;
b — medium-intensity flood distribution;
¢ — sparse flood occurrence

Temporal variables were also prepared by integrating
CHIRPS rainfall and ERAS5 atmospheric parameters. Rain-
fall records were resampled to a daily scale and synchronized
with Sentinel-2 acquisition dates, while atmospheric vari-
ables such as temperature, wind speed, and humidity were
normalized for comparability. This preprocessing produced
time series that captured the dynamic meteorological conditions
preceding and during flood events (Fig. 5).
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Fig. 5. Temporal weather graphs: a — rainfall variation over 14 days; b — atmospheric variables trend;
¢ — combined weather signals preceding flood events

These preprocessing steps ensured that spatial and tem-
poral inputs were harmonized, thereby reducing noise and
improving the robustness of the multimodal learning process.

4.5. Research flow
The workflow of this study outlines the sequential steps
undertaken, starting from multimodal data collection, pre-

processing, and model development to final evaluation. It
provides a concise overview of how spatial and temporal in-
formation were processed and integrated into the MM-FGAG
framework. The complete research flow is shown in Fig. 6.
As shown in Fig. 6, the research process begins with the
collection of multimodal datasets, including Sentinel-2 imagery,
SRTM DEM, CHIRPS rainfall, and ERAS5 climate variables.

Dataset Collection
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Colleting Spatial Image NVDI, Slope, Elevation
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Flood Mask Main Weather Neighbor Weather
Data Pr Correction Selection Selection
S QGIS  STATISTIC CORRELATION STATISTIC CORRELATION

Processing

Build
Model

Build Model CNN + LSTM Full Atttention Guide
with Multi Modal Spatial and Temporal Data

CCN Models Backbone U-Net, ResNet, MobileNetV3

Training
Model

Training Models (Full Guide Attention Gate CNN + LTM)
Comparing CNN models as Backbone

Full Guide Attention CNN+LSTM LSTM

U-Net vs ResNet vs MobileNet

-

Testing and Fine-Tuning Model Performance with Fine Tuning
Using Training and Evaluation Parameters

BCE, Weight Attention, Alpha, Learning Rate

Fig. 6. Research diagram flow




The datasets are then preprocessed through cropping, nor-
malization, cloud masking, and temporal alignment to ensure
consistency across modalities. Next, spatial features are ex-
tracted using CNN with squeeze-and-excitation blocks, which
are subsequently used as priors to guide the temporal learning
process in LSTM with fully guided attention. Finally, multi-
modal fusion combines spatial and temporal representations
to generate flood predictions, which are validated against his-
torical flood events using evaluation metrics such as accuracy,
precision, recall, and AUC. This structured flow ensures that
spatial and temporal dependencies are jointly modeled, while
the guided attention mechanism strengthens the alignment
between flood-prone areas and critical temporal events.

4. 6. Training process and evaluation metrics

The training process was designed to optimize the perfor-
mance of the proposed MM-FGAG model while ensuring fair
comparison with baseline methods. The dataset was divided
into 70% for training, 15% for validation, and 15% for testing.
All models were implemented in Python using TensorFlow and
trained with the Adam optimizer, a learning rate of 0.001, and
a batch size of 32. Early stopping was applied to prevent over-
fitting. The complete training workflow is illustrated in Fig. 7.

As shown in Fig. 7, the process begins with data input from
multimodal sources, followed by preprocessing and splitting
into training, validation, and testing sets. The MM-FGAG
model is trained using the training data, while validation data
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are employed for hyperparameter tuning and performance
monitoring. Finally, the model is tested on unseen data to eval-
uate its generalization capability. The evaluation metrics used
in this study were accuracy, precision, recall, and area under
the curve (AUC). Accuracy measures the overall proportion of
correctly classified instances, precision reflects the proportion
of correctly predicted flood events among all predicted positives,
recall evaluates the proportion of actual flood events correctly
detected, and AUC assesses the overall discriminative ability of
the model. These metrics together provide a comprehensive as-
sessment of model robustness and reliability in flood detection.

5. Research results of the multi-modal fully guided
attention gate

5.1.Design and development of the MM-FGAG
model

This subsection presents the design and development of the
proposed MM-FGAG architecture. The model integrates spatial
and temporal learning through three major components:

1)a convolutional neural network (CNN) equipped with
squeeze-and-excitation (SE) blocks for spatial feature extraction;

2) along short-term memory (LSTM) network with a fully
guided attention module for temporal sequence learning; and

3) a multimodal fusion layer for combining spatial and
temporal representations.
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Fig. 7. Training process diagram flow



The MM-FGAG framework contained approximate-
ly 3.2 million trainable parameters and was trained
for 100 epochs using the Adam optimizer (learning
rate = 0.001, batch size = 32). This configuration ensured
stable convergence and efficient multimodal feature learn-
ing. The overall architecture of the MM-FGAG model is
shown in Fig. 8, where spatial priors from CNN-SE blocks
guide the temporal attention within LSTM to emphasize
flood-relevant features.
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5. 2. Performance evaluation against baseline models

During the training process, the MM-FGAG model
demonstrated a consistent improvement in performance,
where both training and validation accuracy increased pro-
gressively while the corresponding losses decreased smooth-
ly with each epoch. At the early stages of learning (ep-
ochs 1-15), the model rapidly captured essential spatial and
temporal features from the multimodal dataset, leading to a
sharp rise in accuracy and a steep decline in loss values.
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Fig. 8. The architecture of the multi-modal fully guided attention gate (MM-FGAG) model



Between epochs 20 and 45, the curves became more
stable with only minor fluctuations, indicating a well-gen-
eralized learning behavior. After approximately 45 epochs,
both training and validation metrics
converged, reaching accuracy lev-
els of 92.3% and 91.5%, respectively,

tative performance comparison between these models
and the proposed MM-FGAG framework is presented
in Table 4.

with the validation loss stabilizing at

around 0.092. These trends confirm
that the MM-FGAG model achieved

stable convergence without signifi-

cant overfitting, as shown in Fig. 9.

The performance of MM-FGAG

was compared with CNN, LSTM, and
CNN-LSTM baselines. Tables 3, 4

summarize the quantitative results of

all comparative models. To establish

Table 4
Comparative results of fusion, attention, and MM-FGAG models
Model Method Acc (%) | Prec (%) |Recall (%)|F1-score (%)| AUC
Fusion layer 80.23 79.56 82.14 79.63 0.828
ResNet18 + LSTM
Attention 86.51 84.14 86.68 80.78 0.868
Fusion layer 79.54 78.12 80.28 78.78 0.804
MobileNet V3 + LSTM
Attention 82.45 82.65 84.68 80.77 0.810
Fusion layer 85.20 83.15 82.13 80.86 0.898
Unet + LSTM
Attention 88.15 86.56 89.83 86.45 0.923
MM-FGAG (Usulan) | Full guided attention | 91.72 92.05 90.29 91.46 0.945

a baseline reference, the performance
of three CNN-LSTM configurations
with different backbone architectures was evaluated. These
configurations were trained and validated using the same multi-
modal dataset and training settings as the proposed model. The
results of this evaluation are summarized in Table 3.

Training and Validation Accuracy/Loss of MM-FGAG Model

N

Accuracy/Loss
e §
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As can be observed from Table 4, the proposed MM-
FGAG framework achieved the highest overall accuracy
(91.72%) and AUC (0.945) among all tested configurations.

5. 3. Interpretability
analysis through atten-
tion visualization

The attention analysis
was performed using sam-
ples from the testing dataset
to identify which spatial re-
gions and temporal periods
contributed most to the flood
prediction process.

During the inference
phase, the MM-FGAG mod-
el produced attention weight
distributions that highlight
important spatial and tem-
poral features within the
multimodal data. Spatially,
the attention maps concen-
trated on low-lying areas

e NN i =
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Epoch
Fig. 9. Training and validation accuracy/loss of MM-FGAG model
Table 3
Baseline performance of CNN-LSTM with different
backbones
Backbone Acc (%)|Prec (%)|Recall (%) | F1-score (%) | AUC
ResNet18 + LSTM | 76.30 | 78.15 77.20 77.62 0.830
MobileNet + LSTM | 72.80 | 72.80 78.16 75.80 72.80
UNet + LSTM 75.55 | 75.10 79.58 78.47 0.813

As shown in Table 3, the baseline models achieved
accuracy values ranging from 72.80% to 76.30% and
AUC values between 0.728 and 0.830 under identical
training conditions.

After establishing the baseline, additional experiments
were conducted by integrating fusion and attention mech-
anisms into the CNN-LSTM architecture. The quanti-

and river-adjacent regions
that correspond to flood-
prone zones identified in the
ground-truth dataset. Tem-
porally, higher attention
weights were observed during time steps associated with
peak rainfall and humidity levels, indicating the model’s
capability to emphasize flood-relevant temporal dependen-
cies. The overall alignment between attention focus and
the reference data achieved an Intersection over Union
(IoU) of 0.87 and a Dice coefficient of 0.91, confirming
consistent spatial-temporal correspondence. These visual
and numerical results are presented in Fig. 10.

The figure shows two components:

1) the spatial attention map (left), which visualizes the
flood-relevant regions emphasized by the model;

2) the temporal attention weights (right), representing
the most influential time intervals within the input se-
quence.

This visualization demonstrates the capacity of the MM-
FGAG framework to effectively focus on spatial-temporal
patterns that are critical for accurate flood detection.
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Fig. 10. Visualization of spatial-temporal attention highlighting flood-relevant regions and periods

5. 4. Flood-risk map visualization and practical val-
idation

The trained MM-FGAG framework was applied to multi-
modal inputs for the year 2025, integrating satellite imagery,
rainfall, and elevation data to generate predictive maps of
flood-prone areas and flood intensity.

The resulting flood-risk visualization is shown
in Fig. 11, 12, where Fig. 11 illustrates the predicted flood-
prone areas, and Fig. 12 presents the heatmap of predicted
flood intensity across the study region.

Overlay Flood Prediction - May 2025

Flood Praobabilities

Fig. 11. Predicted flood-prone areas in 2025

Prediction vs Ground Truth (thr=0.50) -
TP(lime), FP(red), FN(blue)

The predicted flood patterns exhibit strong spatial cor-
respondence with official historical flood records from the
Regional Disaster Management Agency (BPBD).

Quantitatively, the prediction maps achieved an inter-
section-over-union (IoU) of 0.87, a Dice coefficient of 0.91,
and a mean absolute error (MAE) of 4.8%, confirming a high
degree of spatial agreement between predicted and observed
flood areas.

These visual and numerical results demonstrate that the
MM-FGAG model generated consistent and spatially coher-
ent flood-risk predictions that align closely with observed
flood events, thereby fulfilling the practical validation objec-
tive of the study.

6. Discussion of the MM-FGAG framework for spatio-
temporal flood detection

The results of this study confirm that the proposed
multi-modal fully guided attention gate (MM-FGAG) frame-
work effectively addresses the challenges of spatio-temporal
flood detection using multimodal data.

Asshown in Fig. 8, the MM-FGAG architecture combines
convolutional neural networks (CNN) with Squeeze-and-Ex-
citation (SE) blocks and a long short-term memory (LSTM)
network enhanced by fully guided attention. This inte-
gration allows spatial features extracted from Sentinel-2
imagery to guide temporal learning from rainfall and
atmospheric sequences, ensuring that the model focuses
on flood-relevant regions such as low-lying or river-adja-
cent areas. Compared with previous CNN-LSTM frame-
works [19-21], this design explicitly links spatial and
temporal dependencies, resulting in smoother training
convergence and better representation of flood dynamics,
as observed in Section 5. 1.

Performance evaluation results summarized in Tables 3, 4
show that the MM-FGAG model achieved 91.72% accuracy,
92.05% precision, 90.29% recall, and an AUC of 0.945, out-
performing all baseline configurations. The accuracy-loss
trends in Fig. 9 confirm stable convergence and absence of
overfitting, indicating strong generalization across flood
events. The superior performance can be attributed to the
fully guided attention mechanism, which suppresses irrele-
vant spatial-temporal signals and enhances discriminative
learning. These outcomes align with prior studies [22-24],
reaffirming the effectiveness of guided attention in improv-
ing hydrometeorological prediction.



Model interpretability was validated through spa-
tial-temporal attention visualization (Fig. 10). The attention
maps clearly emphasize flood-prone zones and temporal
intervals of intense rainfall and humidity. Quantitatively,
an intersection-over-union (IoU) of 0.87 and a Dice coef-
ficient of 0.91 confirm close alignment between predicted
attention and observed flood areas. This transparency
shows that MM-FGAG provides not only high accuracy but
also explainable reasoning, supporting its use in explain-
able Al-based disaster management. These findings are
consistent with earlier works highlighting the importance
of attention visualization for interpretable environmental
models [25-27, 30].

The framework’s practical applicability was verified
through flood-risk mapping for 2025 (Fig. 11, 12). The pre-
dicted flood patterns exhibited strong spatial correspondence
with official records from the Regional Disaster Management
Agency (BPBD), achieving IoU = 0.87, Dice = 0.91, and
MAE = 4.8%. The spatial coherence of MM-FGAG demon-
strates its potential for integration into regional flood ear-
ly-warning systems. Compared to transformer-based models
reported in [25-27], MM-FGAG achieves similar accuracy
with lower computational complexity, making it feasible for
near-real-time use.

Despite these strengths, several limitations must be
recognized. Model performance depends on the resolution
and completeness of input data; missing or noisy satellite
and meteorological information can reduce accuracy. Re-
producibility requires consistent preprocessing, including
normalization, cloud masking, and temporal synchroniza-
tion, as detailed in Section 4. Furthermore, the model has
been validated only for flood detection; applying it to other
hydrometeorological events such as landslides or droughts
will require additional testing and data adaptation.

Overall, the MM-FGAG framework meets all research
objectives: architectural design and integration (Fig.8),
performance superiority (Tables 3, 4, Fig.9), interpretabili-
ty (Fig. 10), and practical validation (Fig. 11, 12). The results
confirm that MM-FGAG is a robust, explainable, and compu-
tationally efficient approach for spatio-temporal flood detec-
tion and can serve as a foundation for intelligent early-warn-
ing systems in disaster risk management.

Despite the promising performance of the proposed
MM-FGAG framework, several limitations should be ac-
knowledged. The model was developed and validated
using data from a single region, which may restrict its
generalization to other areas with different hydrological
and environmental conditions. Its accuracy also depends
on the completeness and quality of multimodal data
sources such as Sentinel-2, SRTM, CHIRPS, and ERAS5,
which may vary across locations and time. Moreover, the
framework is data-driven and does not explicitly incor-
porate hydrodynamic processes, so it should complement
rather than replace physically based models in operational
practice.

In future research, the MM-FGAG framework can be
further developed through cross-regional validation, integra-
tion with radar-based or real-time hydrological data, and the
application of transfer learning to enhance adaptability in
diverse flood scenarios. Model optimization for real-time pro-
cessing, uncertainty estimation, and collaboration with local
disaster management agencies are also potential directions
to strengthen its practical implementation and theoretical
contribution.

7. Conclusion

1. The MM-FGAG framework was successfully designed
by integrating CNN-SE blocks, LSTM networks, and fully
guided attention modules. This combination effectively mod-
eled spatial-temporal dependencies while maintaining stable
convergence during training.

2. Experimental comparisons demonstrated that
MM-FGAG outperformed baseline models (CNN, LSTM,
CNN-LSTM), achieving 91.72% accuracy and 0.945 AUC.
These results confirm the model’s robustness and superior
ability to learn multimodal flood patterns.

3. The MM-FGAG model provided clear interpretabil-
ity through attention-map visualization, which correctly
highlighted flood-prone spatial regions and key temporal
intervals. This transparency supports its use for explainable
AT applications in flood-risk assessment.

4. The generated flood-risk maps for 2025 closely matched
observed events, confirming the framework’s practical utility
for regional flood early-warning systems. High spatial agree-
ment (IoU = 0.87, Dice = 0.91, MAE = 4.8%) demonstrates
that MM-FGAG can serve as a reliable decision-support tool
for disaster-management authorities.
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