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Multi-task learning has emerged as a promising approach for combining related tasks Accepted 17 September 2026

into a unified framework with reduced computational costs through shared represen-
tations. However, its application to hazard mapping using Earth Observation data KEYWORDS
remains underexplored. In this study, we provide the first systematic evaluation of Burned area mapping;
multi-task deep learning architectures for simultaneous detection of crisis information surface water mapping;
(surface water and burned area) using Sentinel-2 and Landsat-8 optical imagerytwo natural hazards; deep
societally critical hazards with strong operational demand for rapid and accurate  '€2Ming; image
detection. We evaluate five semantic segmentation architectures: three U-Net variants segmentation

with different encoders (MobileNetV2, EfficientNet-B4, ResNet50) and two transformer-

based SegFormer models (SegFormer-BO, SegFormer-B4). Each architecture was trained

in both single-task learning and multi-task learning modes. For reference data, we

employed the benchmark S1S2-Water dataset for water body detection and con-

structed a novel burned area dataset by integrating diverse global datasets with already

available in-house annotations. Both reference datasets cover heterogeneous geo-

graphic regions and temporal periods. The results show that multi-task learning

effectiveness is highly architecture-dependent. Burned area detection achieved F1-

scores ranging from 0.624 to 0.701, with three of five architectures showing improve-

ments under multi-task learning. SegFormer-B4 reached the best performance (F1-

score: 0.67) with gains of +8.24% over its single-task baseline, while EfficientNet-B4

achieved the highest absolute accuracy (F1-score: 0.701). Conversely, ResNet50 exhib-

ited negative transfer with an F1-score decrease of 8.24%, demonstrating that not all

architectures benefit from multi-task learning. Water detection performance remained

consistently high across all models (F1-score > 0.97), with SegFormer-B4 achieving an

F1-score of 0.98. Importantly, the multi-task framework reduces inference time by

89-91% and parameter count by 17-48% compared to maintaining two separate

single-task models, demonstrating its practical value for operational emergency map-

ping services where rapid hazard assessment is critical.

1. Introduction

Climate change is increasing the frequency and intensity of natural hazards such as floods, landslides, and
wildfires worldwide (Figure 1), making rapid hazard mapping critical for disaster response (IPCC 2023; Jain
et al. 2020). In this context, Earth Observation (EO) data have become an invaluable tool for monitoring
these hazards, providing wide-area coverage and near-real-time information over large areas (Mishra et al.
2026; Tralli et al. 2005). Among the various hazard monitoring applications, surface water and burned area
detection represent two particularly important tasks with diverse operational purposes: surface water
mapping is crucial for monitoring flood extent and water resource availability, while burned area detection
is essential for assessing wildfire impacts and tracking burn progression. The accuracy and efficiency of both
tasks have been substantially improved by recent advances in deep learning, particularly through the
development of semantic segmentation architectures that enable automated generation of high-quality
and detailed hazard maps from EO data (Akhyar et al. 2024; Yuan, Shi, and Gu 2021).
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Figure 1. Global distribution (top) and temporal trends (bottom) of flood and wildfire disaster events (1990-2024). Data
source: EM-DAT International Disaster Database (Delforge et al. 2025). Accessed: 27 January, 2026.

One of the recent developments in deep learning for EO applications is multi-task learning. Multi-task
learning is a machine learning paradigm in which a single model is trained simultaneously on multiple
related tasks using shared representations, enabling the model to learn common features across tasks while
maintaining task-specific components (Crawshaw 2020; Zhang and Yang 2018). This approach offers several
significant advantages beyond potential improvements in accuracy. First, multi-task learning provides
substantial computational efficiency by reducing the number of model parameters and inference time,
as shared feature representations need to be computed only once for multiple tasks rather than training
separate models for each task (Vandenhende et al. 2020). Second, it enables more efficient resource
utilisation by consolidating multiple models into a single unified architecture, thereby reducing memory
requirements and deployment complexity. Additionally, the shared learning process can improve model
generalisation through implicit regularisation, in which knowledge gained from one task helps prevent
overfitting on related tasks (Caruana 1997). These benefits make multi-task learning particularly attractive
for remote sensing applications, where tasks like water detection and burned area mapping exploit similar
spectral and spatial patterns.

Multi-task learning has been increasingly applied to various remote sensing applications with varying
degrees of success. Several studies have demonstrated the benefits of multi-task learning when tasks share
complementary information. For instance, Rodriguez et al. (2025) showed that incorporating land cover
segmentation as an auxiliary task improved burned area delineation from SPOT-6/7 imagery, as both tasks
benefit from understanding vegetation boundaries and terrain characteristics. Similarly, Hong et al. (2023)
successfully combined building extraction and change detection tasks using a Swin Transformer backbone,
achieving an loU improvement from 70% to 81%, demonstrating that shared feature extraction between
spatially related tasks can enhance performance for both objectives. Feng et al. (2023) demonstrated that
joint semantic segmentation and height estimation from remote sensing imagery can be improved by
leveraging cross-task interactions, thereby improving performance on both tasks. However, multi-task
learning effectiveness is highly task-dependent and can fail when tasks conflict or require fundamentally
different feature representations. Xu et al. (2025) demonstrated that semantic change detection in remote
sensing suffers from negative transfer when tasks have different output dimensions and loss functions,
leading to shared parameters becoming biased toward the dominant task. Similarly, Wan et al. (2025) found
that tasks with different optimisation priorities—such as detection emphasising object contours, segmen-
tation focusing on boundary fineness, and depth estimation relying on geometric priors—exhibit conflict-
ing optimisation directions that lead to negative transfer in traffic scene understanding. The key insight
from the mentioned studies is that multi-task learning succeeds when tasks complement each other—such
as edge detection supporting segmentation (Volpi and Tuia 2018) or land cover classification guiding
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burned area delineation (Rodriguez et al. 2025)—but fails when tasks require incompatible feature
representations. These findings highlight the importance of task compatibility in multi-task learning.

Multi-hazard monitoring is increasingly critical as natural disasters create cascading risks that threaten
communities and infrastructure. Wildfires fundamentally affect watershed hydrology by altering vegetation
and soil properties, making burned landscapes highly susceptible to flooding during subsequent rainfall
events (Shakesby and Doerr 2006). Additionally, the removal of protective vegetation exposes bare soil and
destabilises hillslopes, making them prone to landslides and debris flows when triggered by post-fire
flooding and intense rainfall (Cannon et al. 2008). Given these interconnections, international emergency
management services—including Copernicus Emergency Management Service (EMS) (European
Commission and J 2026) and the International Charter “Space and Major Disasters” (International Charter
“Space and Major Disasters”, 2026)—routinely provide rapid mapping for multiple hazard types within
integrated operational frameworks. Multi-task learning frameworks offer valuable advantages for such
systems by consolidating multiple detection capabilities into unified models, enabling shared feature
representations while reducing deployment complexity compared to maintaining separate models for
each hazard. While multi-task learning has been successfully applied to various remote sensing
tasks—including building extraction combined with change detection (Hong et al. 2023) and burned
area mapping with land cover classification (Rodriguez et al. 2025)—no existing work has addressed
simultaneous detection of multiple hazard types using multi-task learning. We fill this gap by providing
the first systematic evaluation of a multi-task framework for simultaneous surface water detection and
burned area mapping from EO data. While surface water segmentation does not constitute flood mapping
in the strict hydrological sense, it is a critical operational component of flood rapid-mapping workflows
routinely employed by services such as Copernicus EMS (Ajmar et al. 2017). The selection of surface water
and burned area as the two target tasks is motivated by both operational and machine learning considera-
tions: both are routinely mapped within integrated rapid mapping frameworks, and the abundance of high-
quality surface water training data can provide regularisation benefits for the more data-scarce burned area
task through shared feature representations.

The primary objective of this work is to develop and evaluate a multi-task deep learning framework that
enables efficient, simultaneous large-scale monitoring of multiple hazard types (floods and wildfire) from
freely available EO data. We address two research questions: (RQ1) whether multi-task learning improves
detection accuracy compared to single-task models, and (RQ2) which architectures are most effective for
multi-task hazard detection. We implement and compare five semantic segmentation architectures: three
U-Net variants with different encoder backbones (MobileNetV2, EfficientNet-B4, ResNet50) and two
transformer-based SegFormer models (SegFormer-BO and SegFormer-B4). Each architecture is trained in
both single-task learning (separate models per hazard) and multi-task learning (shared encoder with task-
specific decoders) configurations. Input features comprise six Sentinel-2 and Landsat-8 multispectral bands
supplemented with terrain slope information. Our multi-source validation strategy incorporates emergency
mapping products from Copernicus EMS, global burned area datasets from C3S BARD and FireCCl, HLS USA
and DLR in-house reference data, enabling the assessment of model generalisation across diverse geo-
graphic contexts and temporal scales.

2. Reference datasets

Two reference datasets were used in this study: a water body dataset and a burned area dataset (Figure 2).
Both datasets were constructed from Sentinel-2 Level-2A (bottom-of-atmosphere surface reflectance) and
Landsat-8 Collection 2 Level-2 (atmospherically corrected surface reflectance) optical imagery. Both proces-
sing levels provide analysis-ready, atmospherically corrected surface reflectance data, ensuring radiometric
consistency across sensors without needing additional harmonisation. Training, validation, and test samples
were distributed globally to ensure representation of diverse geographic and environmental contexts.

2.1. Water dataset

The water body reference dataset (hereafter “water dataset”) is a globally distributed, pixel-wise-annotated
benchmark (Figure 3) for deep learning-based segmentation of surface water (Wieland et al. 2024).
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Figure 2. Geographic distribution of surface water (triangles) and burned area (crosses) reference samples. Each water
body sample represents a full Sentinel-2 scene. Burned area samples are derived from five heterogeneous sources with
varying spatial extents, ranging from full Sentinel-2 and Landsat-8 scenes to 512 x 512 pixel patches (HLS dataset).

The dataset consists of Sentinel-2 A/B optical scenes with 10 980m x 10 980m tiles at 10m spatial resolution.
Scenes were selected across multiple continents, land cover types, and hydrological regimes to ensure
geographic, environmental, and seasonal diversity. Each scene includes a binary water mask (water vs non-
water) and a slope layer, both calculated from Copernicus Digital Elevation Model (DEM) at 30 m resolution
(European Space Agency and Airbus 2022). For detailed information on dataset construction and validation,
refer to Wieland et al. (2024).

2.2. Burned area dataset

A key challenge in deep learning-based burned area mapping is the scarcity of large, diverse reference
datasets. To address this limitation, we build a comprehensive reference dataset (hereafter “burned area
dataset”) by integrating five complementary data sources spanning multiple continents and biomes
(Table 1). This multi-source approach enhances both the geographic representativeness and environmental
diversity necessary for robust model training and generalisation (Figure 4).
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Figure 3. Water reference samples. Each sample (column) shows a Sentinel-2 image (top) and the corresponding water
mask (bottom), where dark blue indicates water and white indicates non-water areas.

Table 1. Burned area dataset composition.

Dataset Sensor Train Patches* Validation Patches* Test Images Reference
Burned area segmentation data Sentinel-2 1 463 470 72 Knopp et al. (2020)
C3S dataset Landsat-8 8183 2 581 17 Franquesa et al. (2020)
FireCCl Sentinel-2 12 915 4 821 3 Franquesa et al. (2020)
EMS Sentinel-2 447 147 5 Luca et al. (2022)
HLS USA Sentinel-2 2 160 1 056 — Phillips et al. (2023)
Sum 25 168 9 075 97

" patches of size 256 x 256 pixels.

Burned Area Patch Burned Area Patch Burned Area Patch Burned Area Patch Burned Area Patch
Portugal Australia Guinea Spain USA
(in-house) (C39) (FireCCl) (EMS) (HLS)

False Color Image

i

Burned Area Mask

Fa "
Figure 4. Burned area reference samples showing satellite imagery (top) from Sentinel-2 or Landsat-8 (top) and
corresponding burned area masks (bottom).

The first component is an in-house burned area segmentation dataset developed by Knopp et al. (2020)
using Sentinel-2 imagery at 10 m resolution. This dataset combines burned area masks from three sources:
the California Department of Forestry & Fire Protection (CAL FIRE), the Portuguese Institute for Nature
Conservation and Forests (ICNF), and fire scars processed with a DLR Sentinel-2 burned area processing
chain (Rattich and Martinis, 2017). The California and Portuguese regional databases together comprise 83%
of the first dataset, predominantly covering Mediterranean and temperate ecosystems from 2017-2018.
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All spectral bands were resampled to 10 m resolution, and label masks were spatially aligned and visually
verified to ensure consistency across sources.

The second and third components were derived from the Burned Area Reference Database (BARD), a
harmonised collection of regional and global burned area reference datasets designed to validate satellite-
derived fire products (Franquesa et al. 2020). BARD compiles reference data produced by a wide range of
international research initiatives. From BARD, we selected two reference datasets: the C3S (Copernicus
Climate Change Service) reference dataset and the FireCCl Sentinel-2 Africa dataset. The C3S dataset, based
on Landsat-8 imagery, provides reference polygons generated through visual interpretation of high-
resolution imagery, ensuring accurate delineation of burned and unburned surfaces across diverse biomes.
The FireCCl Sentinel-2 Africa dataset was based on Sentinel-2 imagery using semi-automatic classification
methods with manual refinement. For our study, we visually assessed the prominence of burn scars on the
corresponding Sentinel-2 and Landsat-8 imagery. We selected only those scars that were clearly visible and
no older than two months from the image acquisition date, ensuring optimal spectral contrast between
burned and unburned areas.

The fourth component consists of rapid mapping products from the Copernicus EMS, which provide
near-real-time burned area delineations in response to major wildfire events in Europe (Luca et al. 2022).
These operational products offer high-quality reference data for recent fires across Europe and other
regions where EMS activations occurred.

The fifth component is the Harmonised Landsat Sentinel-2 (HLS) burn scar dataset (Phillips et al. 2023),
which provide 804 manually verified burned area scenes (512 x 512 pixels) from 2018-2021 across the
contiguous United States. Burn scar delineations were sourced from the Monitoring Trends in Burn Severity
(MTBS) programme, and all scenes were filtered for cloud cover and data quality. Original 512 x 512 pixel
scenes were subdivided into non-overlapping 256 x 256 pixel patches for consistency with other datasets.
The dataset provides only training and validation partitions; therefore, we used it only for model
development.

To ensure spatial and thematic consistency across these heterogeneous sources, all datasets underwent
standardised preprocessing. We resampled all imagery to 10 m resolution where necessary, and harmo-
nised class definitions to a binary burned/non-burned schema. This standardised preprocessing pipeline
was applied uniformly across all five datasets, lling protocol of each source. For the BARD dataset, the
polygon boundaries were visually verified against Sentinel-2 composites, overlapping features were
merged, and small artefacts were manually corrected.

Despite these harmonisation efforts, combining annotations derived from different sensors and labelling
protocols—ranging from manual visual interpretation (EMS) to semi-automatic classification (FireCCl, C3S)
and processing chain outputs (DLR in-house)—introduces inherent label uncertainty that cannot be fully
eliminated. Differences in burn severity thresholds, mapping scales, and temporal proximity to fire events
across sources may result in annotation inconsistencies, particularly at burn scar boundaries. We acknowl-
edge this as a limitation of multi-source dataset construction and note that its impact on model training
and evaluation was not systematically quantified. Further details on individual dataset and validation
protocols can be found in the respective source publications (Table 1).

3. Methods
3.1. Input reference data

Mono-temporal post-event imagery from Sentinel-2 and Landsat-8, processed to Level-2A surface reflec-
tance, was used as the primary input source in this study. From both sensors, six spectral bands were
selected: blue (B2: ~490 nm), green (B3: ~560 nm), red (B4: ~665 nm), near-infra-red (NIR, B8: ~842 nm),
shortwave infra-red 1 (SWIR1, B11: 1610 nm), and shortwave infra-red 2 (SWIR2, B12: ~2190 nm). These
bands were chosen based on their established sensitivity to water absorption features and vegetation
moisture content, which are relevant for both surface water mapping and burned area detection.
Additionally, a slope layer derived from the Copernicus DEM at 30 m spatial resolution was included as
a seventh input channel, as it has been shown to improve performance in both water body and burned area
mapping (Zhou et al. 2026).
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Data splitting was performed independently for each dataset at the scene level to prevent data leakage
between the training, validation, and test sets. Each dataset, including the sub-datasets such as C3S, was
divided into a 60/20/20 for training, validation, and testing, respectively. To ensure geographic separation
between partitions, scene-level splitting was stratified by biome class, guaranteeing that no geographic
region or biome type was represented exclusively in a single partition. This stratification prevents the model
from being evaluated on ecosystems that were entirely absent from training, ensuring a more realistic
assessment of its generalisation capability. Temporal leakage was prevented by applying the split indepen-
dently for each sub-dataset so that no acquisition date or fire event contributed scenes to more than one
partition. The test set includes real operational wildfire events mapped during active Copernicus EMS
emergency activations, as well as diverse fire events across multiple continents and biome types, providing
an operationally representative evaluation of model generalisation to unseen real-world scenarios. Training
and validation scenes were subsequently tiled into non-overlapping 256 x 256 pixel patches, while test
scenes were retained in their original spatial extent to enable scene-level evaluation. For the water body
dataset, the split yielded 57 scenes for training, 28 for validation, and 28 for testing, resulting in 80 833 and
39 647 patches for training and validation, respectively. For the burned area dataset, 794 images of varying
spatial extent—including HLS tiles of 512x512 pixels and full Sentinel-2 scenes from the FireCCl
dataset—were assigned to training, 360 to validation, and 97 scenes to testing. Tiling of the burned
area training and validation images yielded 25 168 and 9 075 patches, respectively.

A pronounced imbalance existed between the task-specific datasets, with the surface water dataset
contributing substantially more patches than the burned area dataset (80 833 versus 25 168 training
patches, respectively). To prevent the multi-task models from being disproportionately optimised toward
the surface water mapping task, the training set was balanced at the patch level: all available burned area
patches were retained, and the equal number of water body patches was drawn via simple random
sampling without replacement, using fixed random seed to ensure reproducibility. After balancing both
tasks were represented by 25 168 training patches, yielding a combined training set of 50 336 patches. This
balancing ensures that the observed performance differences between single-task and multi-task configu-
rations reflect the effect of the learning paradigm itself rather than differences in data volume.

Class imbalance within the burned area dataset was pronounced, with non-burned pixels substantially
outnumbering burned pixels across all sources. To address this, a weighted loss function was employed
during training, with class weights automatically calculated based on the inverse frequency of each class in
the training set, ensuring that the model does not become biased toward the dominant background class.

3.2. Semantic segmentation models

To evaluate the potential benefits of multi-task learning for natural hazard monitoring, two distinct training
configurations were implemented and compared (Figure 5). In the single-task learning configuration,
separate models were trained independently for surface water and burned area segmentation, each
optimised exclusively on its respective task-specific dataset. In the multi-task learning configuration, a
single model with a shared encoder was trained simultaneously on both tasks, using task-specific decoder
heads to produce predictions for surface water and burned areas. The shared encoder in the multi-task
learning setup enables feature representations learned from one task to potentially benefit the other. At the
same time, the task-specific decoders enable specialised processing of the shared features for each
segmentation objective. This comparison allows for assessment of whether joint training improves per-
formance relative to independently trained baselines.

3.2.1. Model architectures
Four semantic segmentation architectures were evaluated across both training configurations: three
convolutional U-Net variants with different encoder backbones and one transformer-based architecture.
These architectures were selected for their demonstrated effectiveness in surface water mapping and
burned area detection tasks (Seydi, Hasanlou, and Chanussot 2022; Wieland et al. 2023).

The U-Net architecture follows the canonical encoder-decoder structure with skip connections that concate-
nate feature maps from the encoding layers to the corresponding decoding layers, thereby preserving spatial
information that would otherwise be lost during downsampling (Ronneberger and Fischer, 2015). The skip



8 e A. ORYNBAIKYZY ET AL.

| DLR? | [ C3s2 | [ FireCCE |
| EMSS ||| HLS USA® |

S182-Water!

A 4 y y A A 4 A

Harmonizing Reference Data
*Resampling;
*Harmonizing class definitions;
«Visual verification of polygon boundaries;
«Subdividing scenes into patches.

Single-Task

Multi-Task

Water dst. Burned Area dst. l Water | | BA | lml
—
| Test | Train & Val. | | Train & val. | Test | | Encoder “ Encoder | Encoder
| Decoder ” Decoder | Decoder ” Decoder

Single-Task & Multi-Task

Model Training & Validation
v

| Seg. Head ” Seg Head

| Seg Head “ Seg Head

) 4 <}

Model Evalution I'_ Water BA Water
l l Mask Mask Mask Mask
Water Test Burned Area
Scenes Test Scenes

Figure 5. Overview of the study workflow (left) and single-task and multi-task architecture comparison (right).

connection mechanism makes the U-Net particularly suitable for EO applications, as it enables precise localisa-
tion of spatial features while maintaining semantic understanding from deeper layers (Hoeser and Kuenzer
2020). We selected three widely used encoder variants. (1) MobileNet-V2 (Sandler et al. 2018) is a computationally
efficient architecture designed for rapid inference with reduced memory requirements. This encoder has been
successfully applied in remote sensing image classification tasks and has demonstrated effectiveness in satellite
image segmentation under resource-constrained conditions (Wang et al. 2021). (2) EfficientNet-B4 (Tan and Le
2019) is a balanced architecture that scales model complexity through coordinated adjustments to network
depth, width, and input resolution. This encoder has demonstrated strong performance in EO tasks, with its
efficient multi-level feature extraction proving well-suited for large-scale satellite imagery analysis and land use
classification (Wieland et al. 2023). (3) ResNet50 (He et al. 2015) is a deep convolutional neural network (CNN)
architecture with 50 layers that enables effective training through residual connections. This architecture has
been widely adopted in remote sensing applications for its ability to learn complex spatial patterns without
performance degradation, making it suitable for natural hazard detection tasks (Fan et al. 2025).

In addition to the convolutional U-Net variants, SegFormer-B0 and SegFormer-B4 were employed as
transformer-based architectures (Dosovitskiy et al. 2020; Xie et al. 2021). Unlike U-Net, which relies on a
convolutional encoder-decoder structure, SegFormer replaces the traditional convolutional encoder with a
hierarchical vision transformer backbone (Xie et al. 2021). This architecture processes the input image through
hierarchical stages that progressively extract features at multiple scales, capturing both fine-grained details and
broader contextual information. The decoder then combines these multi-scale features to generate the final
segmentation map. The BO and B4 variants differ in model depth and width, with BO optimised for computa-
tional efficiency and B4 providing enhanced capacity for complex scene understanding.

3.2.2. Single-task models

In the single-task learning setup, each of the five architectures was trained independently for water body
segmentation and burned area segmentation, resulting in ten separate models. Each model was optimised
exclusively on its respective task-specific dataset using the corresponding loss function. The encoder,
decoder, and segmentation head were trained end-to-end without any parameter sharing across tasks,
establishing a baseline for comparison with multi-task approaches.
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3.2.3. Multi-task models

Multi-task models were designed to perform simultaneous segmentation of surface water and burned area
through shared feature extraction and task-specific prediction heads. The multi-task architecture consists of
three components: (1) a shared encoder that processes input imagery and learns common representations
across both tasks, (2) two task-specific decoders that process the shared features independently, and (3)
two segmentation heads that generate the final binary predictions for water and burned area classes.

In U-Net-based multi-task models, the encoder is shared across both tasks to extract common features,
while separate decoders process these features independently for water and burned area segmentation.
Each decoder progressively reconstructs the spatial resolution and generates the final segmentation output
for its respective task. This design enables the model to learn general features applicable to both tasks in
the encoder, while allowing task-specific processing in the decoder stages.

For the SegFormer-BO and B4 models, the transformer encoder is shared across tasks, with two
independent decoder modules for water and burned area segmentation. Each decoder combines features
from different encoder stages to produce task-specific segmentation maps. SegFormer-B4 decoders are
initialised with ImageNet-1K pre-trained weights (nvidia/mit-b4), while SegFormer-B0 decoders use weights
fine-tuned on ADE20K semantic segmentation dataset (nvidia/segformer-b0-finetuned-ade-512-512). These
weights are subsequently adapted during training to specialise for their respective tasks while benefiting
from the shared feature extraction.

During training, mini-batches alternate between the two tasks, with each forward pass computing
predictions for one task using its corresponding decoder head. The shared encoder is updated using
gradients from both tasks, enabling knowledge transfer through the common feature representation. This
training strategy ensures balanced learning across both tasks while maintaining computational efficiency
compared to training two completely separate models.

3.3. Training configuration

All models were trained for a fixed 50 epochs using the Adam optimiser with an initial learning rate of 0.001
and weight decay of 0.001. The number of training epochs was set to 50, balancing computational
feasibility with sufficient exposure to the training data, and is consistent with settings reported in
comparable semantic segmentation studies (Rangel et al. 2025; Sui et al. 2024). The Adam optimiser
(Kingma and Ba 2014) was selected for its well-established effectiveness and computational efficiency in
semantic segmentation tasks (Wieland et al. 2023). The initial learning rate and weight decay were set
based on exploratory experiments and values widely adopted in semantic segmentation studies using
similar architectures. The selected values were subsequently applied uniformly across all architectures to
ensure comparability of results.

We employed the ReducelLROnPlateau scheduler to dynamically adjust the learning rate based on
validation loss, reducing the learning rate by a factor of 0.5 after 5 epochs without improvement. A
batch size of 16 was used across all experiments, with input patches of 256 x 256 pixels containing six
spectral channels (blue, green, red, NIR, SWIR1, SWIR2) and slope derived from DEM.

All models were trained using a balanced dataset described in sub-chapter 3.1., where the training data
consisted of 25 168 patches per task and the validation data contained 9 075 patches per task. To address
the inherent class imbalance within each dataset, particularly pronounced in the burned area segmentation
task, a weighted loss function was employed with class weights automatically calculated based on the
inverse class frequencies in the training set. The combined Cross-Entropy and Lovasz loss function (Berman,
Triki, and Blaschko 2018) was used for all experiments, providing both pixel-wise classification accuracy via
Cross-Entropy and smooth loU optimisation via the Lovasz-hinge loss. For multi-task learning configura-
tions, the total loss was computed as the unweighted sum of individual task losses: L =L, + L;, where L, and
L, represent the losses for water body and burned area segmentation, respectively. Model checkpoints were
saved whenever validation loss improved by a minimum delta of 0.0001, and the best-performing model
was selected for final evaluation based on the lowest validation loss.

All experiments were conducted in deterministic mode with a fixed random seed to ensure reproduc-
ibility. Training was performed on a single NVIDIA GPU using the PyTorch Lightning framework with 12
parallel data loading workers. Data augmentation was not applied during training.
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3.4. Model evaluation

To evaluate the segmentation quality, several commonly used metrics in the field of semantic segmentation
were selected, namely Intersection over Union (loU), F1-score, precision and recall. The raw prediction
outputs were converted to binary segmentation masks using a probability threshold of 0.5: pixel with a
probability equal to or greater than this value were labelled as the target class, either surface water or
burned area, and all remaining pixels were assigned to the background class.

In the single-task configuration, each model was assessed on the test scenes of its corresponding task.
For the multi-task configuration, the joint model was evaluated on the task-specific test scenes indepen-
dently, enabling a direct comparison of the segmentation results between the single-task and multi-task
setups for both water body and burned area mapping. The performance metrics were computed by
accumulating confusion matrix elements (true positive - TP, true negative - TN, false positive - FP, false
negative - FN) across all test scenes before calculating precision, recall, F1-score and loU. This accumulation-
based approach prevents individual scenes with sparse positive samples from disproportionately affecting
the overall performance assessment.

4. Results
4.1. Single-task vs. multi-task model performance

The overall results showed that multi-task learning delivered meaningful improvements for burned area
mapping task while maintaining excellent surface water detection performance across all configurations.
(Table 2). However, the impact of multi-task learning varied substantially between the two segmentation
tasks. For surface water segmentation, multi-task models showed minimal performance changes across
most architectures, with an average F1-score change of —0.67%. The most notable decline occurred with
SegFormer-BO, where F1-score decreased by 4.08%. On the contrary, U-Net with MobileNetV2 and
SegFormer-B4 exhibited small gains (+0.20% and +0.93% F1-score respectively).

Burned area segmentation showed more favourable responses to multi-task learning, with an average
F1-score improvement of +0.55% (Table 2). Three of five architectures demonstrated performance gains
under multi-task learning, with SegFormer-B4 achieving the most substantial improvement: F1-score
increased from 0.619 to 0.670 (+8.24%). Similarly, SegFormer-B0, despite its poor water segmentation
performance in multi-task mode, showed improved burned area segmentation with F1-score gains
of +4.12%. EfficientNet-B4 demonstrated the most balanced performance across both tasks, achieving
consistently high accuracies for surface water detection and burned area detection, ranking among the
top performers for both objectives (Figure 6).

Despite requiring longer training times compared to individual single-task models (Appendix B)—a well-
documented characteristic of joint training frameworks—the multi-task approach offers substantial effi-
ciency gains at inference time. Despite the longer training times (Appendix B), The multi-task framework
reduces the total number of trainable parameters by 17-48% across all evaluated architectures compared
to maintaining two separate single-task models, with transformer-based architectures showing the largest
gains (Appendix B). Multi-task learning reduces average inference time per Sentinel-2 scene by approxi-
mately 89-91%, from 8-19 minutes for two sequential single-task model predictions to under 2 minutes for
a single multi-task model (Appendix Q).

Table 2. Accuracy metrics of the single-task and multi-task models for water and burned area segmentation. The
precision and recall values are provided in appendix A.

Water Burned Area
STM MTM STM MTM
Decoder Encoder F1 loU F1 loU F1 loU F1 loU
Transformer SegFormer-B0 0.981 0.963 0.941 0.888 0.607 0.436 0.632 0.462
SegFormer-B4 0.971 0.943 0.980 0.960 0.619 0.448 0.670 0.503
U-Net EfficientNet-B4 0.987 0.973 0.986 0.973 0.694 0.531 0.701 0.539
MobileNet-v2 0.986 0.973 0.988 0.977 0.717 0.558 0.700 0.538

ResNet50 0.989 0.977 0.986 0.972 0.680 0.516 0.624 0.453
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Figure 6. Burned area segmentation results from two test scenes (rows) based on the U-Net with EfficientNet-B4 encoder.

4.2. Water segmentation

The water segmentation achieved consistently excellent performance across all models in both multi-task
and single-task configurations. As shown in Table 1, loU scores ranged from 0.888 to 0.977 across all
models.

The U-Net architectures showed minimal performance differences between multi-task and single-task
approaches, with changes typically remaining under 1%. U-Net with a MobileNetV2 encoder even showed
slight improvements in multi-task mode, achieving +0.41% higher loU and +0.61% higher precision com-
pared to the corresponding single-task model (Figure 7).

In contrast, the transformer-based SegFormer-BO exhibited substantial performance degradation when
trained in a multi-task setting. The loU dropped by 7.79 percent (from 0.963 to 0.888), and recall decreased
by 6.40 percent (see Appendix A). This significant drop suggests that smaller transformer architecture may
lack sufficient capacity to learn both tasks simultaneously.

Among all tested architectures, U-Net with ResNet50 showed a moderate performance decline in multi-
task mode, with loU decreasing by 0.51% and recall by 1.31%. However, precision improved slightly by
0.81%, indicating that while the model became more conservative in predictions, it maintained high
confidence in detected water pixels.

4.3. Burned area segmentation

Burned area detection proved to be a more challenging task than water segmentation. As shown in Table 2,
F1-scores for single-task models ranged from 0.607 to 0.717, which are significantly lower than the water
segmentation performance. Unlike water segmentation, the performance differences between multi-task
and single-task approaches showed more variability across architectures.

Architectural responses to multi-task learning varied substantially for burned area segmentation. U-Net
with ResNet50 exhibited severe negative transfer, with the F1-score declining by 8.24%, suggesting that
encoder features optimised for water detection became detrimental to burned area segmentation.
Whereas, U-Net with EfficientNet-B4 showed modest improvements (loU: +1.51%, F1-score: +1.01%).

Among transformer architectures, SegFormer-B4 achieved substantial improvements in burned area
(loU: +12.28%, F1-score:+8.24%) and is the only architecture to improve both tasks simultaneously
(Figure 7). In contrast, SegFormer-B0O showed inverse patterns across tasks: while water detection degraded
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Figure 7. Surface water segmentation results of a Sentinel-2 test scene in northern Colombia using multi-task U-Net with
MobileNet-v2.
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Figure 8. F1-score values (y-axis) stratified by burned area data sources (x-axis) of the U-Net models with EfficientNet-B4.

severely (—=7.79% loU), burned area performance improved moderately (loU +5.96%, recall +8.99%), sug-
gesting capacity reallocation toward the more challenging task. U-Net with MobileNetV2 demonstrated a
moderate decline (loU —3.58%) with precision-recall trade-offs (precision —6.57%, recall +3.12%).
Performance varied substantially across burned area test datasets, reflecting differences in fire char-
acteristics, geographic contexts, and data quality (Figure 8). Models achieved highest F1-scores on the in-
house DLR dataset (median ~0.90), which comprises predominantly Mediterranean (Portugal, Spain) and
Californian fires characterised by clearly visible perimeters, high burn severity, and relatively homogeneous
fire scars in forest and shrublands. The C3S global dataset showed considerably lower and more variable
performance, with numerous outliers below an F1-score of 0.30 (predominantly test scenes from southern
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Africa and northern Australia), likely reflecting its broader geographic and ecological diversity, including
challenging detection scenarios such as low-severity burns in tropical savannas, small agricultural fires, and
complex reference labels. As the C3S dataset was a large contributor to the overall dataset size (Table 1),
this explains the lower overall performance of all tested model setups (Table 2). For instance, a test scene
from central Angola (Figure 9), dominated by Angolan Miombo woodlands, exemplifies these challenges:
the region experiences extremely high fire frequency with short fire return intervals (1.9-2.2 years),
accumulated smoke from agricultural burning during peak dry season, and spectral confusion between
burned areas and bare agricultural soils (Catarino et al. 2020). Despite these adverse conditions, multi-task
learning improved detection performance for this scene increasing F1 from 0.748 to 0.778 using the
SegFormer-B4 model. The EMS rapid mapping products demonstrated the most consistent performance
with minimal variance, attributed to recent, high-quality operational fire perimeters derived from expert
visual interpretation. FireCCl products yielded intermediate results with moderate spread, reflecting a mix
of fire types across Africa with varying severity levels and complex spectral backgrounds. Notably, multi-task
models demonstrated slightly higher median F1-scores across the in-house, C3S, and FireCCl datasets than
single-task models, suggesting that joint training provides modest but consistent generalisation benefits
across diverse fire regimes.

Prediction confidences showed strong positive correlation with temporal proximity, with recent scars
yielding high probabilities that progressively decreased as vegetation recovered (Figure 10). Despite this,
models still frequently detected older burned areas, which appeared as false positives against the
temporally restricted reference mask, resulted in low precision and numerous F1<0.30 outliers in the
C3S dataset.

5. Discussion
5.1. Multi-task vs. single-task learning

Our results demonstrate that surface water and burned area segmentation exhibit meaningful task
compatibility when appropriate architectures are employed, with notable benefits emerging particularly
for the more challenging burned area detection task. Transformer-based architectures, particularly
SegFormer-B4, achieved improved performance for both tasks under multi-task learning while also dem-
onstrating high absolute accuracies (F1-score: 0.98 for water, 0.67 for burned area). Similarly, U-Net with
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Figure 9. Burned area segmentation results of a Landsat-8 test scene in central Angola using multi-task SegFormer-B4.
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Figure 10. Burned area segmentation results for Landsat-8 test scenes in northern Australia using multi-task U-Net with
EfficientNet-B4 (F1-score for this scene—0.622).

EfficientNet-B4 encoder maintained strong performance in multi-task mode with F1-scores exceeding 0.98
for surface water detection and reaching 0.70 for burned area mapping. The consistency of these results
across architecturally distinct models—from lightweight CNNs to hierarchical vision transformers—and
across geographically diverse test scenes suggests that the observed benefits reflect a general property of
joint training rather than an architecture-specific artefact, providing initial evidence for the robustness and
generalisability of the multi-task approach for remote sensing-based multi-hazard mapping. Nevertheless,
repeated trials and formal significance testing remain important directions for future work to further
confirm these findings.The positive results for burned area mapping under multi-task learning are particu-
larly important given the inherent challenges of this task. The majority of tested architectures (three out of
five) showed performance improvements for burned area detection in multi-task mode. This finding is
significant because burned area mapping is challenging due to its high spectral variability depending on
burn severity, vegetation type, and time since fire (Chuvieco et al. 2019), along with considerably limited
reference data. Furthermore, in the multi-task setup, the joint prediction framework offers additional post-
processing advantages: predictions from the more confident surface water detection task can be used to
refine burned area outputs by filtering pixels where both decoders produce competing classifications,
effectively leveraging the certainty of one task to improve the reliability of the other. This cross-task
validation mechanism represents an additional operational advantage that enhances the practical value of
multi-task learning for deployment in emergency mapping activities.

The observed asymmetry in multi-task benefits between tasks can be explained by their different
baseline performance levels. Surface water detection achieved high accuracy in single-task mode (F1
scores above 0.97), leaving limited room for further improvement. In contrast, burned area detection
showed moderate baseline performance (F1-scores ranging from 0.607 to 0.717), providing greater poten-
tial for improvement through auxiliary learning. The fact that multi-task learning maintained high surface
water detection performance while improving burned area mapping demonstrates the practical value of
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this approach. These results highlight that the success of multi-task learning in remote sensing depends not
only on how spectrally similar the tasks are, but also on the choice of architecture. This is an important
practical consideration when designing multi-hazard monitoring systems. From a computational efficiency
perspective, the multi-task framework presents a favourable trade-off for operational deployment.
Although multi-task models require longer training times compared to individual single-task models
(Appendix D), this one-time overhead is offset by substantial gains at inference time (see Appendix C)
which has been already reported in earlier studies (Standley and Zamir, 2019). In operational emergency
mapping contexts, where hazard maps must be delivered rapidly to support disaster response, the ability to
generate simultaneous surface water body and burned area predictions, for example, in under two minutes
per Sentinel-2 scene, represents a practically meaningful and deployable efficiency gain.

5.2. Burned area mapping results and performance analysis

The multi-task learning models achieved F1-scores ranging from 0,624 to 0,701 for burned area detection.
These results are lower than those reported in several recent studies: Seydi, Hasanlou, and Chanussot (2022)
achieved overall accuracy of 0.97 using their Burnt-Net framework; Zhong and Gonsamo (2024) reached F1-
scores above 0.7 on CanadaFire2023 dataset based on Sentinel-2 and Landsat-8/9 data; Seydi (2025)
reported F1-scores above 0.74 based on AlphaEArth dataset, that comprise the high-resolution optical
and thermal imagery. However, direct comparison is challenging due to substantial differences in dataset
characteristics. Higher-performing studies typically focus on specific regions with consistent reference data
and homogeneous ecosystems, which facilitates model learning. Our study employs globally diverse multi-
source reference data spanning various biomes, with imagery from multiple sensors (Sentinel-2, Landsat-8)
and diverse annotation methods (visual interpretation, semi-automatic classification, operational rapid
mapping). Multiple validation studies of global burned area products have shown that performance varies
substantially across different biomes (Boschetti et al. 2019; Franquesa et al. 2022). This heterogeneity
therefore presents a substantially more challenging learning scenario. Nonetheless, the achieved F1-scores
reaching 0.70 demonstrate promising performance for practical deployment in emergency mapping
applications. The consistency of these results across geographically diverse test scenes spanning multiple
continents and biome types provides additional evidence for the geographic robustness of the framework.
However, transferability to additional sensor types beyond Sentinel-2 and Landsat-8, or to geographic
regions and seasonal conditions underrepresented in the training data, remains to be evaluated in
future work.

Stratified accuracy analysis based on burned area reference sub-datasets revealed systematic perform-
ance variations that reflect both geographic and temporal characteristics of the dataset sources. Specifically,
datasets such as C3S and FireCCl demonstrated substantially lower performance metrics compared to EMS
and in-house reference data; the latter being predominantly composed of samples from Mediterranean
ecosystems. One reason for this, might be the large share of reference samples in tropical and subtropical
ecoregions in both C3S and FireCCl datasets. Typically, burned areas in such environments are more difficult
to detect due to high fire frequency, fast vegetation recovery and low spectral separability between burned
area and background pixels (Boschetti et al. 2019; Franquesa et al. 2022; Melchiorre and Boschetti 2018).
These findings also highlight a fundamental constraint of mono-temporal approaches: accurate burned
area detection is critically dependent on the temporal proximity of the input imagery to the fire event. The
C3S dataset structure, which incorporates time-series burned area polygons including scars up to several
months post-fire, enabled detailed quantification of the temporal effect (Figure 10). Analysis revealed that
models persistently detected older burn scars based on their enduring SWIR spectral signatures (Pleniou
and Koutsias 2013). While this extended temporal detection capability could prove advantageous for
applications focused on post-fire ecosystem recovery monitoring, vegetation regeneration studies, or
long-term burn scar mapping, it presents challenges for operational rapid mapping scenarios where
discriminating recent burns from historical scars is critical (Nolde et al. 2025). This temporal persistence
of burned areas suggests that application-specific model optimisation or post-processing temporal filtering
may be necessary to align model outputs with specific operational requirements.

An important pattern emerged in the precision-recall trade-off under multi-task learning. Most architec-
tures showed increased recall for burned area detection in multi-task mode, indicating higher sensitivity to
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burned pixels (see Appendix A). For instance, MobileNetV2's recall increased from 0,657 to 0,707 (+7,6%),
while SegFormer-BO showed a substantial recall gain from 0,607 to 0,687 (+13.2%), though both experi-
enced precision decreases. This shift toward higher recall can be advantageous for emergency response
applications where detecting all affected areas is prioritised over minimising false positives. Notably,
SegFormer-B4 achieved simultaneous improvements: precision increased from 0,667 to 0,693 (+3,9%)
and recall from 0,667 to 0,709 (+6,3%), indicating more refined decision boundaries under multi-task
learning.

5.3. Deep learning architectures for multi-task learning

The choice of architecture plays a crucial role in determining multi-task learning success, with results
revealing a clear capacity-dependent pattern of positive and negative transfer. Transformer-based architec-
tures outperformed CNN-based models in multi-task scenarios: SegFormer-B4 achieved the most balanced
results by simultaneously improving performance for both tasks; while smaller SegFormer-BO improved
burned area mapping at the cost of reduced surface water detection performance. Among CNN-based
architectures, EfficientNet-B4 demonstrated the most stable multi-task behaviour, achieving minimal
performance changes for surface water detection and modest improvements for burned area mapping.
In contrast, lighter architectures such as ResNet50 and MobileNet-v2 exhibited negative transfer on the
burned area task. These findings highlight that architecture selection is a critical consideration when
designing multi-task frameworks for multi-hazard EO mapping.

5.4. Limitations & outlook

This study has several limitations that should be acknowledged. First, the training approach employed simple
loss summation without adaptive weighting schemes, which may have contributed to the negative transfer
observed in some architectures. Second, all experiments were conducted as a single training run, meaning that
standard deviations cannot reported and small observed performance differences should be interpreted with
caution. Third, the study examined only two hazard types and did not explore whether additional complemen-
tary tasks - such as land cover classification - might provide additional regularisation benefits or reveal different
task interaction patterns. Fourth, manual refinement of the C3S reference data may have introduced annotation
uncertainty, the impact of which was not systematically quantified. Fifth, the evaluation relies on benchmark
datasets rather than independent validation against real operational disaster events, which limits conclusions
regarding operational readiness. Furthermore, while scene-level splitting was applied to prevent geographic
overlap between partitions, strict event-level independence—ensuring that no individual fire event contributes
scenes to more than one data partition—was not explicitly enforced.

Building on the baseline established in this study, several promising directions for future work can be
identified. From a methodological perspective, advanced multi-task learning optimisation strategies repre-
sent a natural next step. Uncertainty-based loss weighting (Kendall, Gal, and Cipolla 2017) could provide
principled task balancing by automatically scaling each task's contribution to the combined loss, while
gradient-based methods such as GradNorm (Chen et al. 2017) offer alternative approaches to mitigating
negative transfer by directly modifying gradient magnitudes during training. Cross-task attention mecha-
nisms and task affinity modelling could further improve feature sharing between the surface water and
burned area decoders, potentially benefiting architectures such as ResNet50 that currently exhibit negative
transfer. Incorporating more recent segmentation architectures—including Mask2Former, DINOv2-based
models, and Swin-UNet—would allow assessment of whether the architecture-dependent patterns
observed here generalise to state-of-the-art models. Additionally, formal cross-dataset generalisation
experiments, such as leave-one-out, would provide stronger statistical evidence of transferability and are
an important direction for future work.

From an application perspective, expanding the framework to additional natural hazards—such as
landslides—would test whether the observed benefits extend to other hazard combinations relevant for
integrated emergency management systems. Finally, validation against real operational disaster event
records and actual emergency mapping case studies would be an important step toward confirming the
framework's operational readiness and generalisability to real-world disaster scenarios.
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6. Conclusion

This study evaluated the effectiveness of multi-task learning for simultaneous surface water and burned
area detection from EO data, comparing five semantic segmentation architectures across single-task and
multi-task configurations. Our results demonstrate that (RQ1) multi-task learning offers selective advantages
for multi-hazard mapping, with effectiveness being highly architecture dependent. For burned area
detection—the more challenging task—three out of five architectures showed performance improvements
under multi-task learning, with F1-score gains ranging from +1.01% to +8.24%. Water body detection
maintained excellent performance across various runs (F1-scores 0.941—0.988), with an average change
of only —0.67% under multi-task learning. Regarding the tested model architectures (RQ2), SegFormer-B4
emerged as the optimal architecture for multi-task scenarios, achieving simultaneous improvements for
both tasks (water F1 0.980, burned area F1 0.670), while EfficientNet-B4 demonstrated the most balanced
performance among all architectures. These findings indicate that model capacity and architectural design
are are important determinants of multi-task learning success, with lighter architectures like ResNet50 and
SegFormer-B0O experiencing severe negative transfer for one or both tasks—highlighting that multi-task
learning does not universally benefit all architecture types.

Performance analysis across burned area reference datasets revealed substantial variability reflecting
differences in geographic context, fire characteristics, and annotation quality. Models achieved highest
accuracies on the in-house DLR dataset (median F1 ~0.90), comprising predominantly clearly visible burn
scars in the Mediterranean, while the globally diverse C3S dataset showed considerably lower and more
variable performance (numerous F1 < 0.30 outliers), particularly for challenging scenarios including low-
severity tropical savanna burns, small agricultural fires, and regions with short fire return intervals. The
temporal structure of the C3S dataset exposed an important limitation: models persistently detected older
burn scars, resulting in false positives when evaluated against temporally restricted reference masks. While
this extended temporal detection capability could benefit post-fire ecosystem monitoring applications, it
presents challenges for operational rapid mapping where discriminating recent burns from historical scars
is critical.

Despite these limitations, this study establishes a meaningful baseline demonstrating the practical
viability of standard multi-task learning frameworks for multi-hazard EO mapping, supported by substantial
inference efficiency gains of 89-91% and parameter reductions of 17-48% compared to maintaining
separate single-task models. Future work incorporating advanced task balancing strategies, more recent
segmentation architectures, and validation against real operational disaster events will build directly on this
foundation toward more robust and operationally deployable multi-hazard monitoring systems.
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Appendices

Appendix A: F1-score, precision and recall values of performed experiments for single-task (STL)
and multi-task (MTLM) learning models. Bold values indicate the best performance for each metric.

Water Burned Area
STL MTL STL MTL
Decoder Encoder F1 Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1 Prec. Rec.
Transf. SegFormer-B0 0.981 0.979 0984  0.941 0.962 0.921 0.607  0.530 0.712 0.632 0.533 0.776
SegFormer-B4 0.971 0.985 0.957  0.980 0.985 0.975 0619  0.569 0.678 0.670 0599  0.759
U-Net EfficientNet-B4  0.987 0.994 0979 0986 0996 0.977 0.694 0629 0.773  0.701 0.653 0.756

MobileNet-v2 0986 098 0986 0988 0992 0984 0.717 0670 0.770 0700 0.626  0.794
ResNet50 0989 0988 0989 098 099 0976 0680 0634 0734 0624 0559 0.706

Appendix B: Total number of model parameters for single-task learning (STL) and multi-task
learning (MTL) configurations across all evaluated architectures. STL Combined represents the
total parameter count when maintaining separate water body and burned area models. Reduction
(%) indicates the parameter savings achieved by the MTL framework relative to STL Combined

Decoder Encoder STL: Water STL: Burned Area STL (Combined) MTL Reduction [%]
Transformer SegFormer-B0 3,721,185 3,721,185 7,442,370 4,116,706 45%
SegFormer-B4 64,005,569 64,005,569 128,011,138 67,160,514 48%
U-Net EfficientNet-B4 19,544,617 19,544,617 39,089,234 22,223,674 43%
MobileNet-v2 6,666,193 6,666,193 13,332,386 11,073,250 17%

ResNet50 32,584,913 32,584,913 65,169,826 41,599,970 36%
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Appendix C: Average inference time (in minutes) per Sentinel-2 scene (10,980 x 10,980 pixels) for
single-task learning (STL) and multi-task learning (MTL) configurations. STL Combined represents
the total time required when running surface water and burned area models separately

Decoder Encoder STL: Water STL: Burned Area STL (Combined) MTL
Transformer SegFormer-B0 6.22 2.19 8.41 0.74
SegFormer-B4 14.10 4.50 18.60 1.71

U-Net EfficientNet-B4 6.71 2.35 9.06 1.12
MobileNet-v2 574 2.32 8.06 0.81

ResNet50 7.69 2.26 9.95 0.83

Appendix D: Training time (hours) for single-task learning (STL) and multi-task learning (MTL)
configurations across all evaluated architectures. STL Combined represents the total training time
required when training separate water body and burned area models independently

Decoder Encoder STL: Water [h] STL: Burned Area [h] STL: Combined [h] MTL [h]
Transformer SegFormer-b0 19.5 19.2 38.7 56.3
SegFormer-b4 324 29.3 61.7 62.3
U-Net EfficientNet-B4 29.3 19.2 38.5 46.0
MobileNet-v2 19.5 19.1 38.6 50.0

ResNet50 194 19.2 38.6 54.9
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