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Abstract

Flood detection using satellite imagery is crucial for environmental monitoring and disaster management, especially in rural and
agricultural regions where even minor water inundation can disrupt farmland accessibility and road safety. Sentinel-1 Synthetic
Aperture Radar (SAR) imagery offers a robust solution for mapping water under various weather conditions. Although deep
learning-based segmentation methods have shown promising results for flood detection, their comparative performance in agricul-
tural landscapes, including small-scale surface water dynamics, remains underexplored. In this study, we introduced a three-class
segmentation framework that distinguishes sea, inland water, and land, improving the flood detection accuracy in complex coastal
farmland. Ten different deep learning models were evaluated for segmentation using Sentinel-1 VH polarization decibel values.
We further investigated anomaly detection via autoencoders and variational autoencoders to track temporal changes in flood-prone
areas. To handle large-scale satellite imagery more effectively, we tiled the images, ensuring that the segmentation models could
process high-resolution data efficiently. The evaluations showed that the DeepLabv3+ and hybrid ResNet-UNet models outper-
formed the others. Despite having a more lightweight architecture and lower computational and memory resource requirements,
the ResNet-UNet model achieved predictive performance comparable to that of DeepLabv3+.
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1. Introduction

Accurate flood detection is essential not only for managing large-scale disaster events but also for addressing
smaller, localized occurrences of water inundation—particularly in agricultural areas where even minor flooding can
disrupt farm operations. Synthetic Aperture Radar (SAR) data from Sentinel-1 has proven valuable for mapping water
under various weather conditions, thanks to its cloud-penetrating capabilities [2, 31]. Existing methods for water
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detection range from straightforward threshold-based approaches [28, 40] to advanced deep learning techniques [8],
each with varying strengths in accuracy and scalability.

However, micro-scale floods occurring in fields or on agricultural roads attract comparatively less attention than
major floods. While official road networks are often monitored and maintained, farm tracks and rural paths can be-
come unsafe or impassable due to water accumulation, threatening both personal safety and logistics [42]. In these
settings, timely detection of even small waterlogging is key to preventing equipment damage, minimizing delays, and
maintaining crop yields and overall farmland productivity.

Deep learning approaches have the potential to improve the detection of water bodies in these complex landscapes
by capturing subtle patterns that traditional techniques may fail to recognize. However, to our knowledge, no prior
studies have systematically evaluated multiple segmentation architectures for water inundation detection in agricul-
tural settings. Existing research predominantly addresses urban flooding scenarios or broad-scale water segmentation
tasks [3, 4], thereby leaving a gap in research for rural and farmland environments. Coastal agricultural zones, in
particular, add an extra layer of complexity, blending sea, inland water, and land in close proximity.

In this study, we present a comprehensive evaluation of ten deep learning-based segmentation methods using
Sentinel-1 VH polarization decibel values. Moving beyond the conventional two-class water–land categorization [20],
we adopt a three-class segmentation framework that captures sea, inland water, and land. Additionally, we explore
anomaly detection using statistical sliding-window method, autoencoders and variational autoencoders to monitor
temporal changes in water extent. By employing an image-tiling strategy, we were able to process large volumes of
high-resolution imagery efficiently.

As a use case, we applied our approach to the region of Southern Denmark, an area characterized by agricultural
use and coastal influences. This application highlights the potential of SAR-based flood detection for improving road
safety, protecting agricultural machinery, and ensuring farm accessibility. The overarching aim of this work is to
provide actionable insights for stakeholders including farmers, local officials, and disaster management teams, about
the effectiveness and scalability of deep learning approaches in capturing both large-scale flood events and localized,
often-overlooked inundations that can significantly impact rural communities.

2. Related Work

Flood detection using Sentinel-1 SAR has been extensively studied through various methodologies. Comprehen-
sive reviews on this topic, such as those by Amitrano et al. [2], Adeli et al. [1], and more recent perspectives on
geospatial AI for flood mapping [24], provide an overview of key approaches, ranging from threshold-based tech-
niques to deep learning-driven segmentation. These studies summarize the advantages and limitations of different
methods, highlighting the effectiveness of SAR imagery in flood monitoring across diverse environments.

Early studies often relied on thresholding or basic classification and segmentation techniques, which provide ef-
ficient large-scale flood delineation but struggle with detecting subtle inundations. For instance, the near real-time
flood detection framework by Martinis et al. [29] refined thresholding techniques by integrating segmentation-based
classification for high-resolution SAR images. Meanwhile, Bartsch et al. [5] explored SAR-based monitoring of open
water dynamics at high latitudes, focusing on long-term land surface modeling. Later, Martinis et al. [28] compared
several operational approaches for SAR data, while Tran et al. [40] employed thresholding to map surface water in
the Mekong Delta. Other threshold-based methods, such as those proposed by Bioresita et al. [7], demonstrated rapid
and automatic water-mapping capabilities for emergency response.

Recent advancements in deep learning have shown immense promise in segmenting water in more complex sce-
narios. CNN-based methods [8, 14] and advanced architectures like vision transformers [37] leverage Sentinel-1
backscatter differences to distinguish flooded and non-flooded areas. The development of curated datasets, such as
STURM-Flood [33], is further facilitating the training and benchmarking of such models. Ongoing research contin-
ues to yield architectural innovations, including hybrid CNN-Transformer models like Shuffle Window Transformer
DeepLabV3+ [27] and DBSANet [26], aimed at improving segmentation accuracy and efficiency. Efforts are also
intensifying to enhance the extraction of finer details and smaller water bodies, for example, by developing networks
with advanced feature fusion and noise suppression techniques [13]. Fusion approaches integrating Sentinel-2 optical
data [18, 39] also continue to refine flood delineation, particularly in vegetated regions.
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The focus of flood detection is increasingly shifting towards more granular applications, including agricultural
settings. For instance, Li et al. [25] recently utilized multiple deep learning models for the fine-scale identification
of agricultural flooding disaster areas. While these advancements demonstrate significant progress in leveraging SAR
data, and deep learning is increasingly applied to various agricultural flood scenarios [3, 25], a comprehensive com-
parative evaluation of a wide array of deep learning architectures specifically for detecting subtle, shallow water
inundation—not necessarily indicative of large-scale disaster events in complex coastal agricultural landscapes re-
mains less explored. The specific challenge of accurately distinguishing between sea, inland water, and land using a
dedicated three-class segmentation framework to map minor inundations affecting farm accessibility and rural paths,
and the systematic application of anomaly detection techniques to track their temporal dynamics, represent areas war-
ranting further dedicated investigation. Addressing these underexplored scenarios by systematically evaluating ten
distinct deep learning models for this nuanced task, focusing on Sentinel-1 VH polarization and a three-class frame-
work, is crucial for improving safety, mitigating equipment damage, and maintaining farm operations, which serves
as the primary motivation for our work.

3. Proposed Framework

We introduce a multistage pipeline for accurate flood mapping and temporal anomaly detection in agricultural
landscapes. Unlike conventional approaches that only distinguish between water and land, the proposed framework
employs a three-class framework separating land, sea, and inland water based on SAR image data. By integrating
this detailed segmentation with temporal anomaly detection, the proposed pipeline identifies and tracks subtle water
accumulations that might otherwise be overlooked. Figure 1 demonstrates an overview of the proposed architecture.

Fig. 1: Proposed pipeline for SAR image analysis and anomaly detection. (A) Data collection and preprocessing: SAR images are downloaded
from Sentinel Hub, coordinates are determined, and images are tiled to 256x139 pixels based on resolution and the desired quantity of tiles. (B)
Segmentation model training: Image tiles from one sample are used to train a model with corresponding manually labeled ground truth. (C) Model
inference: The trained model generates segmented outputs at the tile level. (D) Anomaly detection: A sliding window approach with local mean
intensity and pixel-level class ratios is used to compute anomaly scores with a threshold at the 95th percentile, or a reconstruction approach using
an autoencoder (AE) or a variational autoencoder (VAE) with reconstruction errors thresholded using Otsu’s method.

3.1. Data Collection and Augmentation

The first step in the pipeline involves acquiring Sentinel-1 SAR imagery in VH polarization of the region of interest
(ROI), which spans from latitude 54.8339 ° to 55.0847 ° N and longitude 9.5856 ° to 10.0855 ° E. The images were
then divided into 256 × 139 pixel tiles, creating a grid of 10 rows by 10 columns for a total of 100 tiles. Each tile
was annotated with relevant metadata, including geographic coordinates and timestamps, to facilitate precise spatial-
temporal tracking. The street names were also retrieved for each tile, if available, using reverse geocoding through
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Photon, an open-source geocoder built for OpenStreetMap data, providing reverse geocoding services1. The meta data
was saved in a CSV file. Later, for training, we resized the image to 512 × 512 pixel.

Due to the complexity of coastal agricultural landscapes and the presence of small dispersed water bodies, we
manually annotated a single SAR image into three classes, land, inland water, and sea prior to the tiling procedure.
To ensure accurate identification and prevent the overlooking of small inland water bodies, we cross-validated the
manual annotations against high-resolution aerial images obtained from Google Maps. Annotations and augmentation
were performed using the platform Roboflow, an end-to-end computer vision platform that simplifies data collection,
annotation, model training, and deployment 2.

To improve the generalization of the model, we applied standard augmentation procedures such as random hori-
zontal and vertical rotations, brightness modifications of approximately ±15%, and slight noise injection. After aug-
mentation, each tile was normalized to an intensity range of [0, 1], preserving the essential details of radar backscatter
that support the accurate detection of minor flood events. For supervised segmentation, the initial dataset from one
non-anomalous day expanded from 100 original tiles to 300 through augmentations. For anomaly detection models,
we retrieved Sentinel-1 SAR images of the year 2023, generating a larger dataset of 12,000 unlabeled tiles.

3.2. Segmentation Model Preprocessing and Hyperparameter Tuning

To ensure robust evaluation and prevent data leakage, we applied a two-stage data splitting procedure. Initially, we
divide the dataset into training sets (60%), validation sets (20%), and tests sets (20%) for hyperparameter tuning using
Bayesian optimization. After determining optimal hyperparameters, the training and validation sets (80% total) were
combined and utilized in a 5-fold cross-validation approach. Within each fold, 80% of the combined set (64% of the
original dataset) was used for training, and 20% (16% of the original dataset) for validation. The initial 20% test set
remained untouched for final evaluation.

To address the class imbalance, particularly regarding the minority class inland water, all models were trained using
weighted cross-entropy loss to improve predictive performance. Additionally, early stopping based on validation IoU
was applied with a patience of 10 epochs to optimize training efficiency and mitigate overfitting.

Before the final training phase, we performed Bayesian optimization [34] using the Weights & Biases platform,
an AI development platform that offers tools for tracking machine learning experiments, model management, and
collaborative AI application development3 to minimize validation loss. Key hyperparameters, including optimizer
type (SGD, Adam, or AdamW), learning rate, and batch size, were systematically varied and evaluated to optimize
convergence and generalization [32, 15]. The final models were trained using the best hyperparameters obtained
through tuning.

3.3. Segmentation Models

We evaluated ten segmentation architectures, each selected for its capacity to handle varying complexities in
satellite imagery. Classic encoder–decoder networks such as UNet [36], UNet++ [44], FC-DenseNet [19], and PSP-
Net [43] serve as robust baselines. More advanced designs, including ResNet-UNet [16], EfficientNet-UNet [38],
DeepLabV3 [11], and DeepLabV3+ [12], incorporate deeper convolutional backbones to capture subtle features more
effectively. We also investigated transformer-based models such as SegFormer [41] and Swin-UNet [9], which excel
at capturing both local and global spatial dependencies.

3.4. Anomaly Detection Models

We explored three distinct commonly used anomaly detection methods to identify subtle temporal deviations within
satellite imagery.

1 https://photon.komoot.io/
2 https://roboflow.com/
3 https://wandb.ai
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3.4.1. Statistical Thresholding
We employed a sliding-window statistical approach, grouping tiles based on their indices from the prepared CSV

file, followed by chronological sorting. Within each sliding window (size = 10), we computed the mean and stan-
dard deviation for the land ratio and mean intensity features. Anomalies are detected using dynamically computed
percentile-based thresholds (e.g., 95th percentile) of the anomaly scores.

3.4.2. Autoencoder (AE)
An autoencoder [17] is trained on typical tile patterns to identify anomalous tiles based on elevated reconstruction

errors. The Otsu method [35] is utilized to dynamically determine the optimal threshold for these errors.

3.4.3. Variational Autoencoder (VAE)
Extending the AE concept into a probabilistic domain, a variational autoencoder [21] encodes tile features into

latent space distributions. Anomalies are detected based on a combination of reconstruction error and the Kull-
back–Leibler (KL) divergence [23], weighted by a tunable parameter β. The Otsu method is also applied here to
optimize the threshold for reconstruction errors.

3.4.4. Anomaly Visualization
Anomalies identified by each method are visualized directly on satellite imagery using transparent bounding boxes

based on tile metadata. These visualizations are further contextualized with concurrent weather data (e.g., temperature,
humidity, precipitation) acquired via the Open-Meteo API, which offers global weather data services without API key
requirements4. To validate the accuracy of our anomaly detection models in identifying environmental changes caused
by extreme weather conditions, we utilized the weather data to identify past flooding events in the areas of interest as
ground truth.

3.5. Experimental Setup

Experiments were performed on the Nvidia Jetson AGX Orin 64GB Developer Kit5, leveraging Nvidia’s Ampere
architecture featuring 2048 CUDA cores and 64 Tensor cores. This hardware offers a computational capability of up
to 275 TOPS (Tera Operations per Second) with configurable power settings ranging from 15W to 60W, making it
suitable for efficient inference and evaluation tasks.

4. Results

To assess the effectiveness of the proposed approach, we performed several evaluations. For quantifying segmenta-
tion performance, we employed the Intersection over Union (IoU) and Dice coefficient, two prevalent metrics in image
segmentation [30]. IoU, also known as the Jaccard Index, quantifies the overlap as the area of intersection divided by
the area of union between the predicted and ground truth regions. The Dice coefficient (related to the F1-score) is
calculated as twice the intersection divided by the sum of the areas of the predicted and ground truth regions; it often
yields slightly higher scores than IoU and is considered by some to be more robust to class imbalance when dealing
with smaller foreground objects. While both metrics measure similarity, IoU is generally considered a stricter evalua-
tion. The segmentation evaluation results indicated that ResNet-UNet achieved the highest overall IoU (0.85 ± 0.05),
whereas DeepLabV3+ yielded the highest overall Dice (0.95 ± 0.02) as shown in Table 1. Multiple architectures,
including these two, reached near-perfect metrics (0.98–0.99 IoU and about 1.00 Dice) for both land and sea classes,
reflecting similar effectiveness in segmenting these larger, more distinct categories.

In contrast, inland water consistently yielded lower IoU and Dice across all methods, with best inland-water IoU
values of 0.56 ± 0.14 (ResNet-UNet) and 0.54 ± 0.07 (DeepLabV3+). Transformer-based models such as SwinUNet
and SegFormer also showed strong land and sea performance, though their inland-water IoU and Dice values re-
mained below those of ResNet-UNet and DeepLabV3+. Other encoder-decoder architectures (e.g., UNet, UNet++,

4 https://open-meteo.com/en/docs
5 https://www.nvidia.com/en-us/autonomous-machines/embedded-systems/jetson-orin/
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FC-DenseNet, and EfficientNet-UNet) demonstrated moderate or high segmentation accuracy for land and sea but
exhibited reduced metrics for inland water, with some approaches displaying near-zero IoU in that class.

Overall Land Sea Inland Water
Model IoU Dice IoU Dice IoU Dice IoU Dice
UNet 0.56 ± 0.22 0.59 ± 0.21 0.87 ± 0.21 0.92 ± 0.14 0.78 ± 0.42 0.80 ± 0.42 0.04 ± 0.09 0.07 ± 0.15

UNet++ 0.65 ± 0.00 0.78 ± 0.00 0.98 ± 0.00 0.99 ± 0.00 0.97 ± 0.00 0.99 ± 0.00 0.00 ± 0.00 0.38 ± 0.00
FC-DenseNet 0.59 ± 0.01 0.83 ± 0.01 0.97 ± 0.00 0.99 ± 0.00 0.81 ± 0.02 0.84 ± 0.02 0.00 ± 0.00 0.67 ± 0.00

PSPNet 0.76 ± 0.08 0.85 ± 0.08 0.96 ± 0.05 0.98 ± 0.02 0.95 ± 0.07 0.97 ± 0.04 0.36 ± 0.14 0.59 ± 0.16
ResNet-UNet 0.85 ± 0.05 0.91 ± 0.06 0.99 ± 0.00 1.00 ± 0.00 0.99 ± 0.00 1.00 ± 0.00 0.56 ± 0.14 0.74 ± 0.17

EfficientNet-UNet 0.67 ± 0.07 0.80 ± 0.12 0.97 ± 0.04 0.98 ± 0.02 0.94 ± 0.09 0.96 ± 0.05 0.11 ± 0.11 0.46 ± 0.30
DeepLabV3 0.76 ± 0.04 0.81 ± 0.04 0.98 ± 0.01 0.99 ± 0.00 0.97 ± 0.01 0.99 ± 0.00 0.34 ± 0.12 0.44 ± 0.13

DeepLabV3+ 0.84 ± 0.02 0.95 ± 0.02 0.99 ± 0.00 1.00 ± 0.00 0.99 ± 0.00 1.00 ± 0.00 0.54 ± 0.07 0.86 ± 0.07
SegFormer 0.77 ± 0.01 0.83 ± 0.05 0.98 ± 0.00 0.99 ± 0.00 0.98 ± 0.00 0.99 ± 0.00 0.36 ± 0.03 0.50 ± 0.14
SwinUNet 0.80 ± 0.02 0.86 ± 0.02 0.98 ± 0.00 0.99 ± 0.00 0.97 ± 0.00 0.99 ± 0.00 0.45 ± 0.06 0.59 ± 0.06

Table 1: Quantitative performance comparison of segmentation models on the testing dataset. The table reports Intersection over Union (IoU) and
Dice similarity scores for overall performance and specific land cover classes: Land, Sea, and Inland Water. The best-performing values for each
category are highlighted in bold.

Fig. 2: Qualitative comparison of semantic segmentation models on SAR imagery. The figure presents input images, corresponding ground truth
annotations, and segmentation predictions from various models. The models exhibit varying levels of accuracy in distinguishing different regions:
land, sea, and inland water.

Additionally, we evaluated the computational resource utilization of the models using metrics including maxi-
mum GPU memory consumption (MB), inference throughput (images per second), throughput samples (samples per
second), and inference time (seconds). The results showed that SwinUNet had the lowest maximum GPU memory
requirement (2651.63 ± 160.33 MB), whereas UNet required the highest (23722.45 ± 161.10 MB). In terms of in-
ference throughput, ResNet-UNet achieved the highest rate (7.57 ± 0.19 images per second) and also recorded the
shortest inference time (7.93 ± 0.21 seconds). Other models generally resulted in a mid-range GPU memory footprint
of about 3000–14000 MB, with inference speeds around 5–7 images per second. FC DenseNet exhibited the slowest
throughput (2.71 ± 0.03 images per second) and the longest inference time (22.15 ± 0.28 seconds), while UNet++,
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DeepLabV3, and DeepLabV3+ showed intermediate resource demands and processing speeds. These values indicated
notable variations in memory consumption and computational efficiency across all examined models.

Model
Max GPU Memory

(MB) ↓
Inference Throughput

(img/s) ↑
Throughput Samples

(samples/s) ↑
Inference Time

(s) ↓
UNet 23722.45 ± 161.10 5.64 ± 0.17 4.47 ± 0.02 10.65 ± 0.33

UNet++ 12186.40 ± 160.42 5.54 ± 0.18 4.51 ± 0.01 10.84 ± 0.36
FC-DenseNet 14025.29 ± 17.92 2.71 ± 0.03 1.16 ± 0.00 22.15 ± 0.28

PSPNet 6477.77 ± 650.09 6.90 ± 0.17 10.85 ± 0.02 8.70 ± 0.21
ResNet-UNet 3071.44 ± 124.76 7.57 ± 0.19 17.95 ± 0.10 7.93 ± 0.21

EfficientNet-UNet 4631.39 ± 30.23 7.12 ± 0.20 12.23 ± 0.01 8.44 ± 0.24
DeepLabV3 9709.23 ± 211.40 5.64 ± 0.09 5.27 ± 0.00 10.65 ± 0.17

DeepLabV3+ 9640.03 ± 211.46 7.33 ± 0.24 11.50 ± 0.15 8.19 ± 0.27
SegFormer 3397.03 ± 19.85 6.96 ± 0.21 11.51 ± 0.14 8.63 ± 0.27
SwinUNet 2651.63 ± 160.33 7.16 ± 0.29 14.44 ± 0.05 8.40 ± 0.35

Table 2: Inference performance comparison of semantic segmentation models. The table presents Max GPU Memory consumption (MB), Inference
Throughput (images per second), Throughput Samples (samples per second), and Inference Time (seconds). Lower memory usage and inference
time are preferable, while higher throughput indicates better efficiency.

Fig. 3: Training performance of segmentation models over 100 training steps with macro-averaging of multiple folds. (A) Intersection over Union
(IoU) for Land validation, (B) IoU for Sea validation, (C) IoU for Inland Water validation, and (D) Validation Loss. The models showed rapid
convergence for Land and Sea classes, whereas Inland Water IoU exhibits more variation. Validation loss decreased over time, indicating overall
learning progress, with some models stabilizing faster than others. Early stopping is evident for certain models, as their training curves plateau or
stop updating before reaching 100 steps.

Qualitative comparison of semantic segmentation models on SAR imagery is illustrated in Figure 2. The figure
displays input images, their corresponding ground truth annotations, and segmentation predictions of the evaluated
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models. The models demonstrated varying degrees of accuracy in segmenting different classes. Some models were
able to capture finer details more effectively, highlighting differences in segmentation performance across architec-
tures.

Furthermore, we implemented early stopping with patience of 10 epochs and our main evaluation was the macro-
average of the validation mean IoU. Figure 3 compares the performance and training stability of ten segmentation
models by evaluating the Validation IoU (panel A,B,C) and the overall Validation Loss (panel D). Therefore, in
Figure 3, the differences in the training steps are clearly visible. Among the observed architectures, DeepLabV3+ and
ResNet-UNet clearly stand out, achieving IoU scores around 0.8 and demonstrating smooth and stable convergence. In
contrast, other models such as EfficientNet-UNet, PSPNet, UNet++ consistently showed fluctuations during training.

5. Discussion

In this study, we introduced an end-to-end architecture for detecting abrupt changes in water inundation based
on Earth observation data, framed as an anomaly detection problem. In addition, we evaluated the effectiveness of
several state-of-the-art deep learning algorithms in identifying water inundation through satellite radar imagery. Due
to cloud cover obstructing optical imaging on overcast days, we only considered using satellite radar imagery in the
assessments.

More specifically, we focused on evaluating the ability of these models to detect small water accumulations within
terrestrial environments. The detection of such small water bodies is both challenging and crucial, as their presence
in agricultural areas can pose substantial risks to the safe operation of agricultural vehicles and adversely affect crop
productivity.

With climate change, accurate detection of water accumulations will become even more important, as the frequency
and duration of small-scale water inundation in land are expected to increase due to shifts in precipitation patterns,
rising temperatures, and altered hydrological processes [22, 6]. More intense and frequent extreme rainfall events,
driven by a warming climate, can lead to localized flooding, water pooling and reduced infiltration capacity, causing
excess water to remain on the surface longer periods, particularly in low-lying agricultural fields and wetlands [10].

A noteworthy observation from the evaluations was that while most deep learning models effectively distinguished
between land and sea segments, they encountered difficulties in accurately identifying inland water inundation. This
challenge arises due to varying depths of water bodies, which are generally shallower than the sea and often share
visual features more similar with land. On the other hand, when a tile contains a large water body, even if it is inland
water, the models tend to exhibit a bias toward classifying it as sea during segmentation. However, this misclassi-
fication is not a major concern for anomaly detection models, as they primarily focus on tracking the changes over
time.

Upon evaluating the performance of various deep learning models on satellite imagery, we observed differences
in their ability to detect lakes, ponds, and small water bodies on land. Among the tested models, DeepLabv3+ and
hybrid ResNet-UNet models outperformed the others. While DeepLabv3+ demonstrated high prediction accuracy, it
required substantial memory and computational resources. On the other hand, ResNet-UNet exhibited comparable
predictive performance despite its more lightweight architecture and lower resource demands. These findings suggest
that the ResNet-UNet model offers a more efficient and practical solution for this use case and similar applications.

Furthermore, we assessed the performance of both weighted and unweighted ensemble approaches, while we ob-
served a slight prediction improvement in the land and sea segmentation, the performance of ensemble approaches was
worse in inland water segmentation compared to DeepLabv3+ and ResNet-UNet. This discrepancy occurred because
these two constituent deep learning models significantly outperformed the remaining models in the evaluations.

A potential limitation of the proposed approach is its applicability to real-time decision-making for vehicles operat-
ing in agricultural fields, as the frequency of satellite data acquisition for the same location is relatively low. However,
the proposed approach can be integrated with models that utilize edge computing and onboard sensor data to enable
near real-time decision-making. Future work will focus on extending this methodology by integrating complementary
edge-computing models through multimodal data fusion. Additionally, the dataset will be expanded to include diverse
landscapes, aiming to improve the models’ generalizability.
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6. Conclusion

Detection of sudden changes in water accumulation in rural and agricultural areas is essential for maintaining
the operational safety and accessibility for both vehicles and individuals. In this study, we proposed a framework for
detecting changes in water inundation using satellite radar image data from Sentinel-1. To evaluate its effectiveness, we
assessed the performances of ten deep learning models for image segmentation, introducing a three-class segmentation
approach to enhance detection accuracy on complex coastal farmland. To facilitate large-scale flood detection, we tiled
high-resolution satellite imagery for efficient processing. Our findings indicate that DeepLabv3+ and ResNet-UNet
outperformed other models, with ResNet-UNet offering a balance between computational efficiency and predictive
accuracy, whereas DeepLabv3+ required higher computational and memory resources for a similar performance.
Additionally, anomaly detection through autoencoders and variational autoencoders effectively captured significant
temporal changes in flood-prone regions.
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