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Magnifier: A Multigrained Neural Network-Based
Architecture for Burned Area Delineation

Daniele Rege Cambrin

Abstract—In crisis management and remote sensing, image seg-
mentation plays a crucial role, enabling tasks like disaster response
and emergency planning by analyzing visual data. Neural networks
are able to analyze satellite acquisitions and determine which
areas were affected by a catastrophic event. The problem in their
development in this context is the data scarcity and the lack of
extensive benchmark datasets, limiting the capabilities of training
large neural network models. In this article, we propose a novel
methodology, namely Magnifier, to improve segmentation perfor-
mance with limited data availability. The Magnifier methodology
is applicable to any existing encoder-decoder architecture, as it
extends a model by merging information at different contextual
levels through a dual-encoder approach: alocal and global encoder.
Magnifier analyzes the input data twice using the dual-encoder
approach. In particular, the local and global encoders extract infor-
mation from the same input at different granularities. This allows
Magnifier to extract more information than the other approaches
given the same set of input images. Magnifier improves the quality
of the results of 42.65% on average intersection over union while
leading to a restrained increase in terms of the number of trainable
parameters compared to the original model. We evaluated our
proposed approach with state-of-the-art burned area segmentation
models, demonstrating, on average, comparable or better perfor-
mances in less than half of the giga floating point operations per
second (GFLOPs).

Index Terms—Deep learning, earth observation (EO), natural
hazard management, postwildfire segmentation, semantic
segmentation.

1. INTRODUCTION

ORESTS represent a fundamental resource for the en-
F vironment, society, and the entire global ecosystem. In
recent years, an increase in the number of forest wildfires has
been observed due to several different causes, such as human
activities, climate change, and extreme weather conditions. It is
estimated to grow in the next decades [1], [2], [3], endangering
the ecosystem and leading to environmental damage and eco-
nomic and humanitarian losses. Since the restoration process
of damaged areas takes several years, losses are observed over
the entire time the ecosystem requires to regenerate, leading to
collateral damages such as a higher risk of landslides. Identi-
fying the afflicted areas correctly and planning the postwildfire
restoration process are relevant activities for natural hazard man-
agement. Such a process can be supported by data availability
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through high-resolution sensors mounted on aircrafts and satel-
lites, which can acquire information at a continental scale. This,
adopted in conjunction with the most recent development of
machine learning and deep learning techniques, makes the Earth
Observation (EO) field particularly interesting to researchers and
domain experts to develop automatic monitoring techniques via
remote sensing. Such methodologies support local authorities
and could improve the handling of catastrophic events and natu-
ral hazards. Deep learning models have revolutionized computer
vision and image analysis in different application domains,
including remote sensing. A few examples of such applications
in the remote sensing domain are wildfire severity estimation [4],
[5] and delineation [6], [7], [8], [9], flooding detection [10], air
quality estimation [11], land cover [12], [13], [14], and scene
classification [15], [16].

In this article, we tackle the problem of burned area de-
lineation (i.e., identifying areas previously affected by forest
wildfires) using data collected by the Sentinel-2 and Landsat-
8 missions’ satellites and deep learning models. Such data
and models enable the possibility to provide first postwildfire
damage assessments quickly, compared to the time required
by domain experts to identify damaged regions manually or
semiautomatically.

The previously proposed deep learning-based approaches for
burned area delineation (e.g., [6], [7], [8], [9]) apply general-
purpose semantic segmentation models to solve this task. Dif-
ferent state-of-the-art (SOTA) deep learning architectures have
been used, including convolutional neural networks (CNN5s)
(e.g., U-Net [17] or DeepLabV3+ [18]) and vision transformers
(e.g., SegFormer [19]). Fig. 1 reports the average intersection
over union (IoU) achieved by such standard semantic segmen-
tation architectures and those of our proposed solution, called
Magnifier, applied on three open-access datasets. The results
of general-purpose SOTA deep-learning semantic segmentation
models are quite satisfactory, particularly when CNN-based
architectures are used. However, an uncommon behavior is
highlighted in Fig. 1. Unlike in other semantic segmentation
tasks [18], [19], [20], increasing the model size, considering the
same architecture type, does not increase or negligibly improves
the quality of the results (the results of two models of different
sizes for each architecture type are reported in Fig. 1). This is
probably because the available labeled datasets are not suffi-
ciently large to train the larger models, which sometimes start
overfitting, impacting the predictions (e.g., consider SegFormer
B1 vs. SegFormer B0 in Fig. 1). Hence, further enhancing the
results can be achieved only by increasing the amount of labeled
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Fig. 1. Average mean IoU versus number of parameters. The Average Mean

IoU has been computed considering all datasets. Architecture Type refers to the
family of base networks employed for segmentation. On average, the Magnifier
backbone achieves IoU improvements compared to MobileNetV3 Small and
Large, ResNet-18 and 101, and MiT-B0O and B1 without increasing the number
of parameters too much.

data, which is costly and frequently impracticable, or proposing
a different approach to better use the already available labeled
data. Also, we would like to point out that the largest models
cannot be used in some scenarios due to resource constraints
(e.g., on embedded devices). Hence, new architectures able to
increase the quality of the results by limiting the size of the
models without requiring more labeled data are helpful. To
address such issues, we propose a multigrained neural network
architecture, namely Magnifier, which combines information
and features computed at different levels of detail (contextual
levels) to perform better than SOTA architectures 1) using the
same amount of labeled data and 2) smaller neural networks.

Fig. 1 shows how Magnifier, which can be applied on top of

well-known deep learning networks, achieves better IoU than
SOTA architectures without the need to use significantly larger
models in terms of parameters.

The code of Magnifier is publicly available at https://github.

com/DarthReca/magnifier-california.

Our contributions can be summarized as follows:

1) We propose a new technique to increase segmentation
performance without collecting more labeled data.

2) We propose a versatile technique/architecture that can
leverage many different encoder—decoder deep-learning
models without much effort.

3) We compared the effectiveness of the proposed tech-
nique with previous well-known SOTA convolutional and
transformer-based architectures for semantic segmenta-
tion.

II. RELATED WORKS

This section covers the works related to deep learning, seman-
tic segmentation, and their application in EO and burned area
delineation.
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A. Deep Learning

Deep learning is a subset of machine learning that uses
artificial neural networks with multiple layers to model and
understand complex patterns in data [21]. The primary inno-
vation of neural networks and deep learning is the ability to
automatically learn hierarchical feature representations from
raw data, eliminating the need for manual feature engineering.
These models, especially CNNs [22], recurrent neural networks
(RNNs) [23], [24], and Transformer [25] architectures, can
process vast amounts of data and extract meaningful patterns
at multiple levels of abstraction. CNNs, for example, are partic-
ularly well-suited for image processing tasks, while RNNs and
Transformers are suited for sequential data like time series and
language. More recently, the latter architecture demonstrated its
superior performances also in the computer vision domain [26]
in the presence of a large amount of training data. The hierarchi-
cal feature representation learning performed by neural networks
is formulated as an optimization problem: given the predicted
outcomes by the model and the ground truth information, a loss
function is evaluated and minimized throughout the training
process [21]. Deep learning has gained widespread attention
because it successfully outperforms traditional machine learning
algorithms in complex tasks. This success is largely attributed
to the availability of large datasets, advances in computational
power (particularly GPUs), and innovations in neural network
architectures that enable these models to handle more diverse
and intricate data types. It has become a foundational tech-
nology for researchers in different fields, such as computer
vision [20], natural language processing [27], and reinforcement
learning [28].

B. Semantic Segmentation

Semantic segmentation is a fundamental task in computer
vision and image processing that involves classifying each pixel
in an image based on its semantic meaning.

Classical methods in semantic segmentation have laid the
foundation for developing more sophisticated techniques. For
example, the usage of histogram analysis [29], graph partition
techniques [30], and mean shift [31] provided promising results
in segmenting with a certain number of limitations until the
advent of deep learning.

The employment of CNNs revolutionized the computer vision
field by solving various tasks [32] and providing outstanding
results in dealing with complex segmentation problems. Net-
works such as the multiple versions of DeepLab [33], [34] and
UNet [17] have proven to be quite capable in many different
fields, ranging from medical to satellite imagery [35].

The last advancements in computer vision propose new vision
transformer architectures such as Swin Transformer [36] and
SegFormer [19], which provide new SOTA results in semantic
segmentation benchmarks.

While well-known encoders like ResNets [37] and Seg-
Former [19] create representations at different resolution levels,
they do not exploit different contextual levels. Some other works
acted directly onto the input image resolution without changing
also, in this case, the granularity of the context [38]. As described
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in the following paragraphs, our work distinguishes itself against
the latter due to the presence of multiple encoders to handle
different information granularity, whereas the aforementioned
paper adopts a Siamese U-Net model to analyze the original
input image and a downsampled version (i.e., duplicated infor-
mation is seen four times).

The Magnifier architecture we propose in the article is built on
top of these established neural networks. It effectively combines
models applied to images at different “granularities” to increase
their performances without increasing the number of labeled
input images, which would require time and resources. Since
satellite imagery covers vast areas and contains coarse and
fine details, combining global and local views leads to more
informative embeddings without requiring more labeled data
and larger models.

C. Earth Observation

Recently, researchers started investigating the applicability of
SOTA machine learning models to hyperspectral data (e.g., satel-
lite data) in the remote sensing domain. In fact, considering the
field of EQO, several tasks can be formulated as common machine
learning problems, such as land cover classification [39], [40],
crop classification [41], [42], [43], image segmentation [44],
[45], [46], and visual question answering [47]. Over the years,
the amount of labeled data has risen, enabling the possibility of
training better and larger machine learning models. This latter
point, combined with a greater availability of computational re-
sources, led to the improvement of deep learning methodologies
in many different fields, including computer vision and hyper-
spectral image analysis. Despite this, focusing on the context of
resource and emergency management as well as disaster recov-
ery, the data availability problem still persists due to the rarity of
such events. As a consequence, this problem requires researchers
to develop well-performing machine learning methodologies
with a limited amount of data. Even with such a limit, machine
learning methodologies demonstrated superior performances
compared to traditional techniques. In [10], tree-based and UNet
algorithms surpassed index-based analyses of flooded areas.
Similarly, Montello et al. [48] tested several different architec-
tures in flood segmentation and compared them against Otsu,
whereas Farasin ety al. [5] evaluated the aforementioned neural
network architecture against the dNBR index in the burned area
delineation problem.

D. Burned Area Delineation

1) Burned Area Delineation Employing Spectral Indices:
The burned area delineation problem is a well-known problem in
the field of EO. Several works tackle the problem by analyzing
the spectral signature of the affected areas (e.g., [49], [50],
[51]). Domain experts developed spectral indices, also known
as burned area indices, which are sensitive to vegetation and
humidity to distinguish damaged and undamaged areas given
a satellite acquisition. Such indices are computed by different
combinations of spectral bands, obtaining a single-channel im-
age that can highlight areas affected by the catastrophic event
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under consideration. This is possible because different band-
widths collect information strictly related to vegetation, making
identifying the areas of interest feasible. Examples of such in-
dices are BAIS2 [52], normalized burnratio [53], and normalized
burn ratio 2 [54]. The resulting index is consequently analyzed
for solving image segmentation by applying threshold-based
techniques. One of the main issues of the proposed approaches
is that, given a burned area index, identifying a unique threshold
valid worldwide, which adequately segments burned areas, is
difficult due to different lighting conditions, vegetation, terrain
characteristics, and morphological features [55]. Identifying the
threshold for a single region is also a nontrivial task. For this
reason, automatic deep-learning models are more effective and
preferred.

2) Burned Area Delineation Employing Deep Learning Mod-
els: More recently, with the development of modern com-
puter vision techniques based on the adoption of deep learn-
ing methodologies, researchers started the investigation and
the application of neural networks also in the field of EO,
demonstrating SOTA performances [56], [57]. Several deep
models are currently adopted, demonstrating their effective-
ness in analyzing satellite imagery and processing multispectral
acquisitions. More specifically, different researchers success-
fully applied CNNs [58], [59] and transformer-based architec-
tures [60] to the burned area delineation problem. From the latter
work, UNet-based models demonstrated SOTA performances
in the burned area identification domain [61]. Similarly, Seydi
et al. [62] extended the U-Net architecture by enhancing the
convolutional blocks in both the encoder and decoder part of
the network with multipatch multilevel residual morphological
blocks (MP-MRM), preserving the skip connections typical
of such segmentation model. Internally, the MP-MRM blocks
leverage skip-connections, erosion, and dilation operators with
a quadratic structuring function, as well as traditional convo-
lutional layers, to solve the burned area delineation problem.
The architectures designed so far rely on a significant amount
of data (collected from different sources, in some cases [6])
and use large general-purpose semantic segmentation models.
Solutions based on many labeled data, multiple sources, or
computationally expensive models could be challenging to scale
to real applications. We propose a multigrained neural network
architecture to reduce complexity and computational costs and
improve the quality of the results without requiring more labeled
data and using “small-size” models. Using the proposed archi-
tecture shows how smaller models can be competitive against
more complex ones using the same amount of input data. Good
performances combined with the necessity of fewer resources
can boost the use of deep learning-based architectures in the EO
domain.

III. MATERIALS AND METHOD

In this section, we formally present the problem of burned
area delineation, the dataset used for the study, the employed
architecture, and finally, the loss function for the neural network
training and the metrics.
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TABLE I
CHARACTERISTICS OF THE USED DATASETS
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TABLE II
SENTINEL-2 SPECTRAL BANDS

\ CaBuAr [63] Europe [5] Indonesia [64]
Resolution 20m 10m 30m
Channels 12 12 8
Forest Fires 340 73 81
Start-End date Jan, 2015—Dec, 2022 July, 2017—July, 2019  Jan, 2019 — Dec, 2021
Burned surface ~ 11000 km? ~ 2000 km? ~7000 km?
Number of images | 688 449 227

A. Problem Statement

This work addresses the burned area segmentation problem
based on postfire images. The task can be formalized as follows.

Let I be an arbitrary satellite image of size W x H x D,
where W and H are the width and height of the images in pixels,
respectively, while D is the depth of the images (i.e., the number
of features per pixel). The objective is to automatically create
a binary mask M of size W x H associated with I, where the
value 1 indicates the associated pixel contains a burned area. In
contrast, 0 is related to unburned pixels.

To solve the problem, we have at our disposal a set S,
of labeled images (with the same features of ) for which
the associated masks (with the same characteristics of M) are
known. The labeled set of images Sy, is used to train a semantic
segmentation model SM. After the training, SM can be used to
predict the mask M of an arbitrary (new) image I for which the
associated mask is unknown.

B. Datasets

We evaluated our methodology on three publicly available
datasets spanning three different areas of the globe: Califor-
nia! [63], Europf:2 [5], and Indonesia® [64]. See Table I for an
overview of their characteristics.

Both California and Europe datasets use the Sentinel-2 mis-
sion of the European Space Agency (ESA). It comprises a pair
of identical satellites orbiting Sun-synchronously at an average
height of 786 km. The mission was designed to contribute to
Land Monitoring, Emergency Response, and Security services.
Each satellite is equipped with the Multispectral Instrument
(MSI) with 13 spectral bands spanning from the visible and
the near-infrared to the short wave infrared with resolution from
10 to 60 m, as shown in Table II. Many of them are sensitive
to vegetation, permitting the monitoring of green areas of the
globe. The field of view is 290 km. They provide a mean global
revisiting time smaller than five days [65].

ESA makes available to final users L1C and L2A products.
These products comprise ortho-images in UTM/WGS84 pro-
jection, each covering a surface area of 110 x 110 km? . L2A
products provide atmospherically corrected Surface Reflectance
(SR) images derived from the associated Level-1C products. The
atmospheric correction process involves several essential steps
to account for various atmospheric effects. These steps include
correcting for the scattering of air molecules, known as Rayleigh

! Available at https://huggingface.co/datasets/DarthReca/california_burned_
areas

2 Available at https://zenodo.org/record/6597139

3 Available at https://data.mendeley.com/datasets/fs7mtkg2wk

Band | Resolution | Central wavelength | Description

Bl 60 m 443 nm Ultra Blue (Coastal and Aerosol)

B2 10 m 490 nm Blue

B3 10 m 560 nm Green

B4 10 m 665 nm Red

BS 20 m 705 nm Visible and Near Infrared (VNIR)

B6 20 m 740 nm Visible and Near Infrared (VNIR)

B7 20 m 783 nm Visible and Near Infrared (VNIR)

B8 10 m 842 nm Visible and Near Infrared (VNIR)

B8a 20 m 865 nm Visible and Near Infrared (VNIR)

B9 60 m 940 nm Short Wave Infrared (SWIR)

B10 60 m 1375 nm Short Wave Infrared (SWIR)

Bl11 20 m 1610 nm Short Wave Infrared (SWIR)

BI12 20 m 2190 nm Short Wave Infrared (SWIR)
TABLE III

LANDSAT-8 SPECTRAL BANDS

Band | Resolution | Central wavelength | Description

Bl 30 m 440 nm Ultra Blue (Coastal and Aerosol)
B2 30 m 480 nm Blue

B3 30 m 560 nm Green

B4 30 m 650 nm Red

B5 30 m 860 nm Near Infrared (NIR)

B6 30 m 1610 nm Short Wave Infrared (SWIR)
B7 30 m 2200 nm Short Wave Infrared (SWIR)
B8 I5m 590 nm Panchromatic

B9 30 m 1370 nm Cirrus

B10 100 m 10900 nm Thermal Infrared

Bl11 100 m 12000 nm Thermal Infrared

scattering, and compensating for the absorbing and scattering
effects caused by atmospheric gases (e.g., ozone, oxygen, and
water vapor) and aerosol particles [66]. This process results
in the omission of band 10 from the final product, while L1C
comprises all available spectral bands.

The Indonesia dataset uses the Landsat-8 mission of the Na-
tional Aeronautics and Space Administration (NASA). Itis com-
prised of a satellite equipped with the Operation Land Imager
(OLI) and the Thermal Infrared Sensor (TIRS). OLI captures
nine visible and infrared spectral bands with a resolution of 30 m,
while TIRS has two thermal infrared bands at 100 m resolution as
detailed in Table III. The revisit time is 16 days. It aims to develop
ascientific understanding of the Earth system [67]. NAS A makes
LIGT, L1T, L1TP, and L2SR products available to final users.
These products comprise ortho-images in UTM/WGS84 pro-
jection, each covering a surface area of 185 x 185 km?. L2SR
products provide atmospherically corrected SR images derived
from the associated L1T or L1TP products. Hence, this dataset
is composed of satellite images/input products with bands and
characteristics different from those of the other two datasets.
These differences do not impact the applicability and quality of
our methodology.

1) CaBuAr Dataset: The CaBuAr (California Burned Areas)
dataset [63] comprises L2A products of Sentinel-2 and ground
truth masks provided by the California Department of Forestry
and Fire Protection. In Fig. 3(a), it is possible to look at the
geographical distribution of the analyzed wildfires over Cali-
fornia. The dataset is composed of 340 wildfires that happened
between January 2015 and December 2022. The total burned
area surface is more than 11 000 km? . The post-fire acquisition


https://huggingface.co/datasets/DarthReca/california_burned_areas
https://huggingface.co/datasets/DarthReca/california_burned_areas
https://zenodo.org/record/6597139
https://data.mendeley.com/datasets/fs7mtkg2wk

CAMBRIN et al.: MAGNIFIER

RGB Image

Ground Truth

RGB Image

Fig. 2.

12267

Ground Truth RGB Image

Ground Truth

RGB samples taken from the three datasets with the corresponding binary ground truth. (a) California. (b) Europe. (c) Indonesia.
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Fig. 3.

Distribution of wildfires in the analyzed datasets. In (a) the areas covered by wildfires in red. In (b), the location of the wildfires, where each color

represents the fold it belongs to. In (c), the areas covered by the dataset are in red squares.

is downloaded with at most a month delay after the wildfire
containment date. If necessary, the bands were upsampled or
downsampled to 20 m resolution to make the matrix tractable
by a neural network. The dataset comprises 688 images of size
512 x 512 x 12 divided into five folds. A complete overview of
the characteristics can be seen in Table I and a sample can be
seen in Fig. 2(a).

2) Europe Dataset: The Europe dataset [5] comprises L2A
products of Sentinel-2 and Sentinel-1 and ground truth provided
by the Copernicus Emergency Management System. In Fig. 3(b),
it is possible to look at the geographical distribution of the
considered wildfires. The dataset is composed of 73 wildfires
that happened between July 2017 and July 2019. The total
burned area is more than 2000 km? . The timeframe between the
containment date and data acquisition is not specified, although
the delineation maps were acquired after the wildfire event. All
the bands are upsampled to 10 m resolution when necessary. The
dataset comprises 449 images of size 512 x 512 x 12, divided
into seven folds. Its main characteristics are reported in Table I
and a sample can be seen in Fig. 2(b).

3) Indonesia Dataset: The Indonesia dataset [64] consists of
227 manually annotated satellite images derived from Landsat-8
of size 512 x 512 x 8 pixels. Four experts annotated the data,
and three other experts evaluated the annotations. In Fig. 3(c), we
show the area covered by the dataset. The dataset is composed
of wildfires between 2019 and 2021. The total burned area is
more than 7000 km?. The timeframe between the containment
date and data acquisition is not specified, although the delin-
eation maps were acquired after the wildfire event. A complete
characterization is reported in Table I and a sample can be seen
in Fig. 2(c).

The three datasets cover different areas and allow us to analyze
the general applicability of the proposed architecture in various

contexts. Although CaBuAr focuses only one state (California),
it covers the largest area (~ 11000km? of the burned surface),
followed by Indonesia (~ 7000 km?) and Europe (~ 2000 km?)
(see Table I). Furthermore, California is characterized by various
and complex geology, from high mountains to broad valleys.

C. Neural Network Architecture

The main research question addressed by this article is
whether or not it is beneficial to a neural network-based archi-
tecture to fuse information extracted from different patch sizes
extracted from SL, consequently providing merged contextual
information at different granularity to the decoder of an encoder—
decoder deep neural network, to perform per-pixel classification
(i.e., semantic segmentation). For this reason, we propose an
architecture based on two “paths” associated with patches of
different sizes, extracted from the same image collection, that
are fused before being fed to the decoder. The architecture is
quite versatile since it can be applied to various well-known
segmentation models in the literature. The main requirement
is the model has to be based on an encoder—decoder structure
(i.e., encoders and decoders of SOTA encoder—decoder semantic
segmentation models can be used in Magnifier).

The Magnifier architecture is presented in Fig. 4. Here, we
present its general architecture, which is independent of the
encoders and decoders used to implement it. The details of
the encoders and decoders used/considered to instantiate the
Magnifier are reported in the following sections.

The input of the Magnifier architecture consists of size
W x H x C'images. The encoder part comprises two branches,
each associated with a different encoder and patch size. Finally,
a single common decoder is trained to perform the predictions
after a fusion step. One encoder receives as input the original
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Magnifier architecture. In the lower branch, (i) the image is cropped in smaller patches (as shown in Fig. 5), giving each patch to an encoder. (ii) The

encodings are concatenated by putting each one in the original position in the image (as shown in Fig. 6). In the upper branch (iii), the entire image is given to an
encoder. (iv) The two encodings are concatenated along the channel axis, and (v) they are given to the decoder to get the final prediction.

H -
B
o -
B

Fig. 5. Cropping procedure. The image is cropped in patches, and each of
them keeps the original position associated.

(“coarse-grained”) images of size W x H x C, while the other
one (called Patch Encoder) accepts (“fine-grained”) images of
sizew X h x C,where w < W and h < H. We chose nonover-
lapped patches for simplicity, with w and h sub-multiples of
W and H, respectively. The two encoders share the same model
(e.g.,aResNetencoder) but not the weights. The first path is used
to learn “global” information, while the second learns “local”
knowledge.

The input images are split into smaller patches to feed
the second path. Specifically, given an input image I of size
W x H x C, I is split/cropped into several smaller patches
P ={Py,P,...} of size wx h x C. Each patch is coupled
with the information about its position in the original image
as shown in Fig. 5. For this procedure, the original input image
I can be seen as a grid of size N x M composed of w x h x C
patches. So, the information about the position of each patch in
the original image I can be stored as a tuple (ROW, COLUMN),
where ROW € {0,..., M — 1} and COLUMN € {0,...,N —
1}. The position (0,0) was fixed at the top-left corner. ROW
increases from left to right, and COLUMN from top to bottom.

The original inputimage [ is embedded into a feature vector of
size Wy x Hy x Cj with the first encoder (top branch in Fig. 4).
Parallelly, each one of the patches P; € P is embedded into a
feature vector of size wgy x hg x Cy with the Patch Encoder
(bottom branch in Fig. 4).

—
. 1, 0
re=T ==
] 1
. 0,0 10,001,
- e
1 I !
. 1,1 11,03 1,1
| IS B
. 0, !
—
Fig. 6. Recompose procedure. The encodings of an image are merged into a

single embedding matrix using the position information.

The feature vectors associated with the patches P; are then
concatenated into a global feature vector as shown in Fig. 6,
preserving the original order of the patches. For instance, a patch
associated with position (0, 0) has its encoding placed in position
(0,0) of the embedding matrix. In this way, we obtain another
embedding of size Wy x Hy x Cy from the second branch of
Magnifier.

Consequently, the two feature vectors of sizes Wy x Hy X
Cy, extracted by the two encoders, are fused by concatenation
along the channel axis (Cy). The resulting embedding is pro-
vided as input to the shared decoder to obtain the final prediction.

The Magnifier architecture is general and can be applied on
top of different encoder—decoder deep learning models. For
instance, the encoder and decoder of a CNN can be used,
or those of a vision transformer. More details about which
SOTA deep learning encoders and decoders have been used
to instantiate the Magnifier and test it are reported in Sec-
tion IV-A. The source code of Magnifier is publicly available
at https://github.com/DarthReca/magnifier-california.

D. Loss Function

We employed the Asymmetric Unified Focal (AUF) loss [68],
being the problem highly imbalanced. This loss combines cross-
entropy-based and dice-based losses in a single formulation
with few hyper-parameters. The asymmetric version of the loss
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removes the focal suppression to the rare class, giving it more
importance.
The formulation of AUF loss (L ayr) is:

Laur = ALmar + (1 — A) Lingpr (D

where A € [0, 1] determine the weights of the two components
of the loss, which are modified asymmetric Focal loss (L,r)
and modified asymmetric Focal Twersky 1oss (Lm,er)-
The modified asymmetric Focal loss (Ly,r) is defined as
Linap = 10 > (1 -pre)] 2
maF — N ~ pt,c ngt,r ( )

0 1
— 7 Yi:r 10 r
Ny g Dt,

where IV is the number of pixels, p; ,- and p; . are the probability
the sample belongs to the rarest and most common classes, re-
spectively, y;.,- is the ground truth label for the sample belonging
to the rare class, § is the weighting factor of the components of
the loss and ~y is the suppression factor for the most common
class.

The formulation of modified asymmetric Focal Twersky loss

(LmaFT) is
Luaer = » _(1=mTI) + > (1 —mTh'™ 3)
cFEr c=r

where mT'[ is the modified Twersky Index, and + is the en-
hancement factor applied to the rare class.
The modified Twersky Index is defined as

_ Ziv pr,igr,i
va Dr,igri + 0 va Driigei + (1 —6) va De,iGri
4)

mTI

where p,.; and p,. ; are the probability of a pixel belonging to the
rarest and most common classes, respectively, and g, ; and g ;
are the ground truth values for the sample belonging to the rare
and most common classes, respectively.

IV. EXPERIMENTS

In our experiments, we consider as base model architectures,
on top of which Magnifier is applied, two different families of
CNN architectures (U-Net [17] and DeepLabV3+ [18]) and a
vision transformer (SegFormer [19]). Using different base model
architectures (i.e., using various types of encoders and decoders
in Magnifier — Fig. 4), we show the effectiveness of the Magnifier
approach independently of the models used to instantiate its
encoders and decoder.

To evaluate the contribution of the Magnifier architecture,
we compare the “single models” with the “magnified” versions.
The single models are trained on the original single (“‘coarse”)
grained images in S, as commonly done in previous works [5],
[6]. On the one hand, this allows comparing the magnifier with
SOTA methods trained on single-grained Sentinel-2 images. On
the other hand, this can be seen as an ablation study that analyzes
the impact of the second branch, which is associated with
the “fine-grained”/smaller patches, on the prediction quality.
Section IV-A presents the base segmentation model architec-
tures, and Section IV-B introduces the encoder used in each
architecture as a feature extractor. Section IV-C analyzes the

12269

“Encoder

3x3 Conv

mage rate 6

—

3x3 Conv

rate12 | >

=

|
Upsample
fracom) »@**@* g

3x3 Conv

rate 18 | —>
Image
Pooling

VR

—

“Decoder

Prediction

(a)

Encoder Decoder

input
image |»|» > >
tile

output
segmentation
map

=»conv 3x3, ReLU

¥ N copy and crop
[l - ¥ max pool 2x2
4 4 up-conv 2x2
e e

= conv 1x1

Encoder Decoder

sbuippaquigy
yojed depanQ
1 %00]
dA

e3| |5 §§
TlEe-hH—{es [+
SENN
3
(©
Fig. 7. Base architectures of DeepLabV3+, U-Net and SegFormer.

(a)DeepLabV3+ [34]. (b) U-Net [17]. (c) SegFormer [19].

existing competitors, Section IV-D describes the metrics used
for the quantitative comparison, and Section IV-E reports the
experimental settings. Section IV-F provides the experimental
results of the evaluation campaign. Finally, Section IV-G reports
a transfer learning analysis between different areas.

A. Base Model Architectures

The chosen base model architectures, as highlighted in Fig. 7,
are different in their structure and technological choices. How-
ever, they are all based on two distinct, nonoverlapping parts:
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an encoder and a decoder. We selected three of the most effec-
tive and well-known semantic segmentation architectures. Brief
descriptions of these architectures follow.

1) DeepLabV3+: The encoder module of DeepLabV3+[18]
incorporates multiscale contextual information using the spatial
pyramid pooling module and atrous separable convolution, a
combination of atrous convolution and depthwise separable
convolution [see Fig. 7(a)]. The decoder module is designed
to recover lost spatial information during encoding.

2) U-Net: The encoder of U-Net [17], called the contract-
ing path, reduces the dimensionality of the input. In contrast,
the decoder, called the expansive path, gradually increases the
dimensionality of the feature maps [see Fig. 7(b)]. Using skip
connections, the encoder extracts features of different spatial
resolutions concatenated with the embeddings at the same level
in the decoder.

3) Segformer: The encoder of SegFormer [19] is positional-
encoding-free, hierarchical, and composed of transformer
blocks, which output multiscale features. The decoder comprises
MLPs that aggregate local and global attention information to
predict the final mask [see Fig. 7(c)].

These are three of the best-performing and most frequently
used models for solving the semantic segmentation problem,
including the burned area delineation/segmentation task.

For DeepLabV3+ and U-Net architectures, we evaluated
two different backbones designed for devices with different
resources (see Section IV-B). Instead, for the SegFormer model,
we considered the standard encoder [19] proposed in the orig-
inal paper, since it is already adaptable to different resource
constraints.

B. Backbone Selection

In our experiments, we have chosen well-known backbones
available in different “versions.” This means all model versions
share the same architecture and only differ in the number of
parameters. We selected two versions for each backbone. They
are referred to as “small” and “large” versions in the following.
The Magnifier architecture has been applied only to the small
models. The large models are used only to compare the Magnifier
with larger single models.

In Table IV, it is possible to see the number of parameters for
the various backbones. As expected, since Magnifier is based
on two branches and hence two backbones, its encoders always
have a number of parameters that are twice the parameters of the
small single models on top of which it is applied. However, each
Magnifier model is always characterized by fewer parameters
than the “large” version of the corresponding single model
(approximately 50% of the parameters). The head size is not
reported because all models in a family share the same head.

We applied two well-known families of backbones to
DeepLabV3+ and U-Net (the two CNN-based architectures we
considered). Specifically, MobileNetV3 [20], a SOTA backbone
for low-resource devices, and ResNet [37], which is a SOTA
solution for many tasks. We evaluated a single transformer-based
backbone, MiT, because it is easy to adapt, has many different
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versions, and is the one proposed in the SOTA SegFormer
transformer.

1) MobileNetV3: Mobile Nets are encoders designed to work
in low-resource devices. They use Squeeze-and-Excite blocks,
depthwise separable convolution, and hard-swish to reduce the
computational cost without decreasing the global accuracy. The
introduction of Squeeze-and-Excite permits the emulation of the
attention layers at a lower cost by applying average pooling and
two convolutions. The encoder is mainly composed of 3 x 3 and
5 x 5 bottleneck layers [20].

2) Resnet: ResNetis designed to overcome the issues regard-
ing exploding and vanishing gradients. Adding shortcut con-
nections enables computed features to reach deeper levels of the
network. This permits the creation of very deep networks without
losing training stability and increasing the model’s accuracy. The
network mainly comprises 3 x 3 convolutional layers, bottleneck
layers, and shortcut connections [37].

3) Mit: Mix Transformer (MiT) is the hierarchical encoder
proposed in SegFormer. It is composed of Transformer blocks,
each one containing self-attention, mix-feed forward network
(Mix-FNN), and overlap patch merging (used to generate CNN-
like multilevel embeddings providing high-resolution coarse
features and low-resolution fine-grained features). This encoder
combines convolution and MLP of the Mix-FFN with the mech-
anism of self-attention, which is formulated with particular
consideration to the efficiency [19].

C. Competitors

The current SOTA deep learning-based models for burned
area delineation using satellite images are based on “single-
grained” images associated with a traditional semantic seg-
mentation model (e.g., [9], [35]). Hence, as competitors, we
have considered single SOTA deep-learning models for semantic
segmentation (both CNNs and vision transformers). We also
included index-based methodologies with the Otsu segmenta-
tion method [29]. We selected a custom SOTA architecture
(BurnNet) as the baseline algorithm to compare Magnifier’s
performances.

D. Evaluation Metrics

We report weighted mean F1 Score and IoU for the positive
class (burned area) and the relative standard deviation computed
across the folds since the number of samples per fold varies
significantly according to the original settings (=~ 64 4 32 for
Europe and ~ 106 =+ 13 for California). The F1-Score is more
adequate for imbalanced classes, while IoU provides a good seg-
mentation quality assessment. They are formulated as follows:

2T P
= PP PN (5)
TP
I =
U= TP+ FN (5b)

where TP, TN, FP, and FN are the number of True Positive,
True Negative, False Positive, and False Negative predictions,
respectively.
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TABLE IV
RESULTS FOR THE DIFFERENT MODELS ON CALIFORNIA AND EUROPE DATASETS
| California | Europe | Indonesia |
Backbone type ~ Backbone | GFLOPs | BS | F1 ToU | F1 ToU | F1 IoU | MR
Small 6.0 0.93M | 64.8+79 484+85 |726+152 59.1+£17.6|733+6.1 58.1+7.6| 2.7
MobileNetV3 Magnifier 8.6 1.86M | 69.7 +8.1 54.1+£9.2 |79.7+10.5 67.5+13.9 | 80.2+3.0 69.6+4.3 1
Large 9.4 297M | 60.5+122 444 +11.3 |740+£13.1 603 +£158|755+49 60962 | 23
18 40.2 11M 73.8+10.2 594 +12.1 | 83.6+82 72.7+11.8|83.7+28 720+4.1]| 2.2
ResNet Magnifier 76.9 22M 778 £64 64.0+8.0 | 83.7+7.6 72.7+11.0 |84.7+2.2 735+34 1
101 115.6 42M | 76.0£10.2 623 +120| 81.9+£83 703+12.0|824+39 702+£55| 2.7
(a) DeepLabV3+
| California | Europe | Indonesia |
Backbone type ~ Backbone | GFLOPs | BS | F1 IoU | F1 IoU | FI IoU | MR
Small 20.7 0.93M | 62.6+144 47.0+139 |759+109 623 +13.6|746+51 59.7+64 2.3
MobileNetV3 Magnifier 25.5 1.86M | 67.3 +10.9 51.6 £11.6 | 79.1 +9.6 664 +12.5 | 82.4+4.0 70.2+5.8 1
Large 24.7 297M | 663 +58 499+63 |73.5+£17.2 60.8+19.8 | 70.6+8.5 55.1+104 | 2.7
18 47.0 11M 732+£53 580+63 | 821+7.6 704+10.7 |82.0+3.1 69.6+44 2
ResNet Magnifier 78.1 22M 744 £5.7 596+69 | 81.0+99 692+133 [829+4.0 71.0+5.8 1.5
101 127.6 42M | 73.5£15.0 60.0+16.6 | 80.8 £8.7 68.6+12.1 |81.8+39 693+5.6 2.5
(b) U-Net
| California | Europe | Indonesia |
Backbone type ~ Backbone | GFLOPs | BS | F1 IoU | F1 IoU | FI IoU | MR
BO 16.0 3M 717 +£8.6 565+9.7 |81.8+£10.5 704 +143 |823+3.0 70.0+44 | 22
MiT Magnifier 21.3 6M |[71.5+12.0 569 +13.2 | 825+8.0 71.0+11.2|822+24 69.9+3.5 2
B1 314 I3M | 69.0+11.8 53.7+12.4 |824+104 71.4+145 |83.0+24 71.0+35| 1.8
(c) SegFormer
| California | Europe | Indonesia |
Index | F1 IoU | F1 IoU | FI IoU | MR
NBR 150+23.1 103 +18 [440+183 29.7+149 |188+3.1 10419 | 23
NBR2 |22.6 £269 159 +209 |49.2+19.3 344 +16.1 |30.1+£83 17.9+6.0 1
BAIS 4.0+ 12.1 26+86 |176+13.7 103+90 | 88+x1.0 4.6+0.6 3.7
BAIS2 | 194 +£29.2 148 +252 |285+159 17.5+10.8 - - 3
(d) Indexes
| Number of parameters | California | Europe | Indonesia |
Model 1 GFLOPs | | BS LSize | FI U | FI U | Fl U | MR
NBR2 - - - 226 £269 159+209 |492+193 344 +16.1 |30.1 £83 179+6.0| 4.7
Magnifier DeepLabV3+-RN18 76.9 22M 24.2M 778 +64 64.0+8.0 | 83.7+7.6 727+11.0|847+22 735+34| 13
Magnifier UNet-RN18 78.1 22M 27.5M 744 +£57 596+69 | 81.0+£99 69.2+133|829+40 71.0+58 | 2.8
Magnifier SegFormer-BO 21.3 6M 7.19M 715120 569 +£132 | 825+80 71.0+11.2 |822+24 699 +35| 33
BurntNet 219.0 14.5M 35M 71.6 £32.6 622 +£29.6 | 844 +82 73.7+11.7 - - 2.8

(e) Comparisons

Each table refers to a specific architecture, and results are grouped by the backbone type and sorted by size (in terms of the number of parameters BS). We have not reported the head

size since it is constant for each model. We reported the mean rank (MR) for each group.

We also report the Mean Rank (MR) for each algorithm
(model) across the datasets to better evaluate the differences be-
tween the analyzed methods [69]. MR is formulated as follows:

1 m d
MR:@ZZT]‘I‘

i=1 j=1

(6)

where r;; is the rank (where 1 is assigned to the best) of the
algorithm (model) among all algorithms for a given metric ¢ on
adataset j, m is the total number of metrics, and d is the number

of datasets. MR ranges from 1 to the number of compared
algorithms/models. The smaller the MR value, the better the
algorithm/model.

We evaluate the resource consumption of the networks ex-
pressed in GFLOPs. GFLOPs measure the number of mathe-
matical operations a system is capable of performing per second
and are often used to evaluate the computational demands of
networks. A higher number of GFLOPs indicates a more com-
plex model that requires more resources, such as CPU or GPU,
to be processed and trained effectively.
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E. Experimental Settings

Since the pretrains are not typical for such a type of image
(with 12 or 8 channels), we randomly initialized the networks.
We used the AdamW optimizer and a polynomial learning rate
scheduler with a power of 1 for 55 iterations. SegFormers are
trained with a starting learning rate of 0.001, UNets with 0.0001,
ResNet-DeepLabV3+s with 0.01, and Mobile-DeepLabV3+s
with 0.0001. According to the original formulation, the hyper-
parameters of AUF loss are 2 = 0.5,6 = 0.6,y = 0.1. We kept
the same configuration of the learning rate scheduler and AUF
loss for BurntNet with a learning rate of 0.0001. A patch size
of 64 x 64 was adopted for the smaller crops in Magnifier. All
models were trained on a single Tesla V100 32GB GPU.

We applied five-fold cross-validation on the CaBuAr dataset
and seven-fold cross-validation on the European one as in
the original evaluation procedure [5], [63]. For the Indonesian
dataset, we applied the five-fold cross-validation approach since
no settings or train-test splitting were provided in the original
paper. This means for K times, where K is the number of folds,
we choose a fold for validation and another for testing, while the
remaining ones are used for the model’s training [ 70]. This statis-
tical method provides a more robust evaluation of classifiers than
the standard way of creating a single training—validation—testing
split.

The solution presented in [6] combines many different data
sources using an ensemble of U-Net models, each trained on
one data source. Since we are interested in methods based only
on a single source, we do not consider [6] in our experimental
comparison.

FE. Results

In Table IV, we present the results for the three considered
architectures (see Section IV-A) and the different backbones (see
Section IV-B) on the three datasets. We would like to remind
you that we trained one Magnifier model for each combination
(base model architecture, backbone type), considering the small-
est backbone version for each backbone type (i.e.; ResNet-18,
MobileNetV3-Small, and MiT-B0). Hence, five different models
based on the Magnifier approach have been trained for each
dataset (see Table IV).

1) Overall Magnifier Performances: We initially analyze the
results reported in Table IV to identify the best-performing
model independently of the used base model architecture and
backbone. DeepLabV3+ with Magnifier-ResNet18 achieves the
highest F1 score (77.8 on CaBuAr, 83.7 on Europe and 80.2 on
Indonesia) and IoU (64.0 on CaBuAr, 72.7 on Europe, 73.5 on
Indonesia) on all datasets [see Table IV(a)]. The improvement in
terms of F1 score compared to the second-best-performing com-
petitor is higher on the CaBuAr dataset (+1.8% with respect to
DeepLabV3+ with ResNet101) and on the Indonesia one (+1.5%
compared to DeepLabV3+ with ResNet18). In comparison, it is
only +0.1% with respect to DeepLabV3+ with ResNet18 on the
European dataset. Similar improvements are achieved in terms
of IoU.

DeepLabV3+ with Magnifier-ResNet18 is always the best-
performing model, independently of the dataset and evaluation
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metric. Conversely, the second-best-performing model among
the competitors varies for the datasets (DeepLabV3+ with
ResNet101 on CaBuAr, and DeepLabV3+ with ResNetl8 on
Europe and Indonesia). DeepLabV3+ equipped with ResNet18,
the smallest version of considered ResNet, probably performs
better than its larger version (ResNet101) in Europe and Indone-
sia due to the size of the datasets. They contain fewer samples
than CaBuAr. Hence, more data may be needed to train the larger
model.

Overall, the use of the combination (DeepLabV3+, ResNet),
with or without the application of the magnifier approach, is the
best choice. The MR of this model, when compared to other
solutions [see Table IV(e)], confirms this claim.

Since the MobileNetV3 backbone is smaller than ResNet,
MobileNetV3 performs worse than ResNet, independently of
the model size and base model architecture.

The SegFormer-based models achieve intermediate results
compared to the DeepLabeV3+-based and U-Net-based ones.

2) Neural Networks Versus Index-Based Segmentation:
Otsu’s automatic thresholding applied to several indexes per-
forms poorly in the burned area delineation problem. We vali-
dated each index on a per-fold basis despite not requiring any
training procedures, such that the final scores can be compared
against the ML-based methodologies. BAIS2 was not applied to
the Indonesia dataset, since it exploits spectral bands available
in Sentinel-2. NBR2 index achieved the overall best results on
all datasets with a MR of 1, followed by NBR [see Table IV(d)].
As can be seen from Table IV(a) and (b), MobileNetV3-based
variants of DeepLab and U-Net are the worst-performing deep
learning models on all datasets. However, those deep learning
models also outperform by a large margin the traditional index-
based methodology, motivating the use of deep neural networks.

3) Magnifier Versus Traditional Deep Models: We now ana-
lyze the improvement of applying the magnifier approach on top
of traditional models to understand its impact. We recall that the
smallest version of each conventional backbone (i.e.; ResNet-18,
MobileNetv3-Small, and MiT-B0) is used as an encoder in the
two branches of the magnifier.

When using DeepLabV3+ with the MobileNetV3-S back-
bone, magnifier boosts the F1 score and IoU performances on
all datasets [see the first two lines of Table IV(a)]. The F1 score
increases from 64.8 to 69.7 on CaBuAr (+4.9%), from 72.6 to
79.7 on Europe (+7.1%), and from 73.3 to 80.2 on Indonesia
(+6.9%). Slightly higher improvements are achieved regarding
the IoU metric (+5.7% on CaBuAr, +8.4% on Europe and 11.5%
on Indonesia).

The improvements are similar when using the DeepLabV3+
with the ResNetl8 backbone applied to the CaBuAr dataset
(+4.0% in terms of F1 score and +4.6% in IoU). Conversely,
the improvements given by Magnifier are close to zero on the
European dataset. In Indonesia, we still get +1.0% in F1 and
+1.5% in IoU.

Looking at the combination (U-Net, MobileNetV3-S) in Table
IV(b), magnifier confirms its boost compared to the single model
(U-Net with MobileNetV3-S) on all metrics and datasets (+4.7%
in terms F1 score and +4.6% in IoU on CaBuAr, +3.2% in
F1 score and +4.1% in IoU on Europe, and +7.8% in F1 and
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+10.5% in IoU on Indonesia). In this case, similarly to the pre-
vious configuration, the improvement given by using Magnifier
on the CaBuAr and Indonesia datasets is slightly less evident
when considering the ResNet18 backbone and worsens on the
European dataset. However, it is still the best solution according
to the MR (1.5 compared to 2 of ResNet-18 alone).

Regarding the results obtained with SegFormer [see Table
IV(c)], Magnifier performs slightly better than the single model
(SegFormer with MiT-B0O) on Europe (+0.7% in terms of F1
score and +0.6% in IoU). On the CaBuAr dataset, the Magnifier
improves only the IoU metric (+0.4%). In Indonesia, Segformer-
B1 remains the best-performing solution.

The use of the Magnifier approach proves effective, as sum-
marized by the MRs. Magnifier gets the best MR in 4 out of
5 configurations (see Table IV). In the single failure case in
terms of MR [the one based on SegFormer — Table IV(c)], all
the configurations achieve similar ranks, probably due to the
limitations of the transformer backbone itself.

The reported results confirm the positive impact of the mag-
nifier approach compared to single models. Without increasing
the number of labeled data, the combination of multigrained
versions of the images introduced in magnifier boosts the F1 and
IoU metrics on average. Moreover, in addition to the advantage
in terms of segmentation performance, magnifier shows supe-
riority also in terms of the amount of computational resources,
with lower values of FLOPs compared to the enhanced, larger
versions of each model. The only exception is observed for the
U-Net model and MobileNetV3 backbone, where the magnifier
model shows a slightly higher value of a number of operations.
This is mainly due to the high optimization of the MobileNetV3
model and the low amount of layers being present: the duplica-
tion of the encoder component rivals the number of parameters
of the larger version.

The experiments described in this section can also be seen as
an ablation study in which only the first path of the magnifier
is used. The results show that an additional branch with the
same input images but at a different “granularity” can boost the
model’s performance.

4) Magnifier Versus Large Single Models: We finally per-
formed experiments training single models based on larger
versions of the three considered backbones (MobileNetV3-L,
ResNet101, and MiT-B1). This experiment aims to understand
if the improvements achieved by Magnifier compared to the
smaller models (see Section IV-F3) are due to the increase in
the number of parameters or to the use of images of different
sizes and granularities (i.e., to the use of the magnifier approach).
The large backbones considered in these experiments are charac-
terized by approximately twice the parameters of the magnifier
models and four times those of the small single models.

Considering all the combinations (base model architecture,
large backbone) and all datasets, magnifier, trained on the small
versions of the backbones, performs better than the large single
models in terms of F1 score 14 times out of 15 cases. In
comparison, it performs better than the large models in terms
of ToU in 11 cases over 15 [see Table IV(a) to (c)]. The MRs
highlight large models perform worse than smaller models in
many cases: increasing the parameters is not the best solution
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with a limited amount of data due to overfitting. SegFormer-B1 is
the only large model version that achieves a better MR compared
to the small and magnifier MiT-based models, but the MRs are
quite similar, probably due to the large amount of data that
transformers need to learn relations [26]. However, we recall
that the MiT-based models are not the best ones overall.

These results support the claim that the improvement provided
by magnifier is related to its two paths and images analyzed
at different levels and not to the number of parameters of the
models. The innovative usage of the labeled data improves the
quality of the trained models.

5) Magnifier Versus BurntNet: Table IV(e) summarizes the
results achieved by the overall best models previously pre-
sented, as well as the performance achieved by the BurntNet
segmentation model. Focusing on the California dataset and
the machine learning-based approaches, it can be observed that
BurntNet achieves the overall worst performance, surpassing
only SegFormer BO with magnifier by a low margin. Comparing
the backbone and the total size, the SegFormer-based magnifier
architecture has less than half the number of trainable parameters
and almost a fifth of the total number of parameters compared
to BurntNet, not justifying the higher complexity of the latter.
The highest performance gap in F1 and IoU scores observed in
this set of experiments is +6.2 and +1.8 points.

Instead, focusing on the Europe dataset, BurntNet showed
higher performance compared to all magnifier-enhanced mod-
els, with the largest difference being +3.4 and +4.5 points in F1
and IoU scores, respectively. Considering the average results,
Magnifier applied to DeepLabV3+ with ResNetl8 backbone
achieved the overall best result in both the evaluation metrics.
The performance gap on the second dataset can be justified
by 1) the larger overall dimension of the ResNet18 backbone,
which might lead to overfitting issues, and 2) the higher dif-
ficulty due to transfer learning since the seven folds adopted
in the cross-validation process are region-based. In fact, the
SegFormer-based model is able to surpass the U-Net model
despite the lower number of parameters. Moreover, the adoption
of dilation and erosion mechanisms in the BurntNet architecture
enables noise removal and better shape extraction in a context
in which the input dataset is smaller and noisier compared to the
California dataset.

When looking at Indonesia, BurntNet collapsed, probably due
to the few samples in the dataset.

Overall, average scores demonstrate the better results of the
Magnifier applied to DeepLabV3+ architecture, as well as better
stability during the training procedure against BurntNet, which
showed a model collapse in a few of the experimental runs,
leading to invalid predictions.

Analyzing instead the number of floating point operations
(GFLOPs), it can be seen that BurntNet is the least performing
model, with 219 GFLOPs compared to the 76.9 GFLOPs of
magnifier DeepLabV3+ with ResNet18 backbone, with a factor
of 2.84 of difference. Such difference increases if the SegFormer
model is being considered, with a difference factor of 10.28.
Thus, all Magnifier models are associated with a higher through-
put, which is important when analyzing a large number of images
or images that cover huge areas, such as in the context of EO.
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U-Net. (c) SegFormer.

The erosion and dilation operations show a higher computational
complexity.

6) Qualitative Analysis on Example Images: In Fig. §, using
the different models analyzed in this study. We selected three
different representative images (one for each base model archi-
tecture).

The examples show that magnifier is more precise than the
smallest model and generally more effective than the largest one,
providing fewer false positive areas and shapes more similar
to the ground truth. Magnifier reduce the noise that affects the
non-Magnifier models.

.

Example RGB images and corresponding ground truth with predictions. Images are grouped by architecture and type of backbone. (a) DeepLabV3+. (b)

Summarizing the results reported in Table IV, we can con-
clude the best IoU and F1 score on all datasets can be obtained
using DeepLabV3+ with ResNet18 encoder in combination with
the proposed magnifier architecture. Moreover, Magnifier boosts
the average performance compared to single models.

G. Transfer Learning Between Continents

The datasets cover different areas of the globe with different
morphological characteristics, however, we perform a cross-test
of the models trained on each fold of California to the “purple”
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fold of Europe, and we tested the counterparts of Europe on the
“1” fold of California. The models show significant degradation
in both cases: the ones trained in Europe get a mean IoU of
27.2, while the ones trained in California get 14.4. The usage of
magnifier architecture does not provide any benefits in this case
since it achieves a mean IoU of 22.0, while without it we can
achieve 20.1. The main issue is, in both cases, the necessity of
a more comprehensive collection of data to cover both areas
to be capable of generalizing in both continents. We do not
apply transfer learning to Indonesia since it contains data from
a different satellite with different spectral bands.

V. DISCUSSION

The introduction of the magnifier architecture marks an ad-
vancement in the field of remote sensing, particularly in how
deep learning is applied to burned area delineation. Traditionally,
the field has relied on general-purpose semantic segmentation
models, which, while effective, often struggled to optimize the
use of limited data. Our approach is a step in addressing these
challenges.

A. Data Efficiency

Magnifier architecture has the ability to enhance performance
without relying on large amounts of labeled data. Data scarcity
has long been a barrier in remote sensing applications, as the
manual annotation of satellite images is resource-intensive and
time-consuming. While a multimodal approach can be appealing
by providing more features per pixel, it increases the computa-
tion costs and requires extra data, which have to be harmonized
together to provide consistent information. This approach is
also difficult due to the different revolution times of different
satellites. Magnifier’s multigrained approach offers a solution by
optimizing existing datasets and extracting fine and coarse-level
features from the same images. This allows researchers and
practitioners to achieve better results without the burden of
large-scale data collection efforts.

B. Model Scalability

Magnifier achieves SOTA performance with small models,
making it suitable for applications in resource-constrained en-
vironments. Many remote sensing operations, such as those
deployed on satellites or drones, require models to be computa-
tionally efficient. The scalability of the magnifier architecture
enables its deployment in these scenarios, opening up new
possibilities for real-time environmental monitoring and disaster
response. While many solutions focus only on improving per-
formance, our proposal balances practicality, throughput, and
model accuracy for a widespread application.

C. Multigranularity Feature Extraction

The introduction of multigrained feature extraction in the
Magnifier architecture sets a new direction for future research
in the remote sensing domain. Traditional models operate at
a single granularity, while also extracting features at different
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resolutions. Magnifier has demonstrated the benefits of simulta-
neously capturing local and global contextual information. This
highlights the importance of multiscale learning in burned areas
delineation, particularly combining the network understanding
atdifferent contextual levels and not only at different resolutions.
A broader exploration with different data types, such as optical,
radar, and thermal imagery, and by leveraging multi-grained
information across various spectral bands, future models could
improve the precision and robustness of remote sensing appli-
cations in detecting and responding to environmental changes.

D. Transfer Learning

Due to the limited amount of data available and the different
morphological and phenological characteristics of the areas un-
der analysis caused by the different geographical distributions,
we observed low segmentation performances when transferring
the trained model from one region to another. In fact, all the
trained architectures demonstrated the inability to generalize to
different areas when switching from California to Europe and
vice-versa. This observation raises the need to build a large- and
global-scale dataset for emergency management.

VI. CONCLUSION

In this article, we presented a simple but effective way to
improve the performance in burned area delineation, showing
that an innovative combination of images at different levels and
sizes can work better than big models. Semantic segmentation
models are mainly designed to work with RGB images, while
we have to deal with 12 or 8 channels. The combined usage
of global (original images) and local (smaller patches) views
has proved to grant better results with more features per pixel
without increasing the number of needed labeled samples. The
magnifier architecture was applied to well-known SOTA models,
from classical CNNs to new Vision Transformers, proving its
versatility.

In future research, we will investigate the design of simpler,
more efficient, and effective ways to solve the burned area
delineation task without the need for expensive hardware and a
large amount of data. We will also investigate the effectiveness
of magnifier in other domains and tasks in future works.
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