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Abstract: This study investigates the capabilities of high-resolution Sentinel-2 observations and deep learning

(DL) segmentation models, specifically convolutional neural networks (CNNs), for accurate mapping of small and

fragmented agricultural burn areas in Punjab, India. Initially, the model was trained using ICNF burn area data

from Portugal to capture large fire and burn area delineation, achieving moderate accuracy. Subsequent fine-tuning

using annotated data from Punjab improved the model’s ability to detect small burn patches, demonstrating higher

accuracy and precision than the baseline Normalised Burn Ratio (NBR) Index method. On-ground validation

using buffer zone analysis and crop field images confirms the DL approach effectiveness. Cloud interference

and temporal gaps in satellite data posed some challenges. Despite these limitations, the study highlights the

methodological advancements and potential of using DL models for small burn area detection in agricultural

settings. The model achieved overall testing accuracy of 0.64 in Dice score assessment. This report presents a

promising approach for improved mapping of the burn area, which might engender better estimation of emissions

and the management practices in regions with little available ground truth data.

Keywords: burn areas; crop residue burning; deep learning; neural networks; transfer learning;

1. Background and Introduction

Crop residue burning or prescribed burning is a common agricultural biomass removal practice
that is applied in many parts of the world. Globally, farmers adopt this residue management practice for
several reasons as a quick and inexpensive means of managing post-harvest crop residue, eliminating
pests and weeds, and restoring soil fertility. Open burning of the residue is conducted intensively
in many economically developed and developing countries such as the United States, China, Russia,
India, and Mexico c. [1,2].

In the context of India, since the success of the green revolution, most farmers have shifted to a
double crop system (also known as the rice–wheat system). Access to modern technologies has tripled
food production. However, in the double crop system, rice must be harvested earlier to accommodate
wheat. To speed up the process, most farmers have switched to mechanised harvesters, which leave
smaller residue fragments scattered on the ground, which are very difficult to clear or collect. Therefore,
farmers embrace open burning as an easy, cheap, and quick method to dispose of the scattered residue
quickly [3–5].

Although this practice is a very popular and effective management strategy, it has raised some
severe environmental concerns and controversial debate among scientists and policymakers over the
years. Primarily, it is a prominent source of particulate matter and gaseous pollutants (PM 2.5, black
carbon BC) in the atmosphere [6]. These emissions degrade air quality, leading to adverse effects
on climate and human health [7,8]. The effects are not merely limited to managed ecosystems. In
fact, reports have described the presence of BC deposition in the Arctic from agriculture and forest
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fires. These deposits have contributed to Arctic warming [9]. Despite the known adverse effects, a
remarkable information gap persists regarding the amounts of emissions produced from crop residue
burning, especially from small fires, and the rapidly growing degradation of air quality and adverse
impact on human health [3,10].

One of the greatest challenges to understanding the emission contribution is the lack of accurate
and reliable burn area assessment [11]. Burn area estimates are critical input in climate models and in
the development of fire emission inventories[12]. Current emission inventories such as GFED, FINN,
and EDGAR present great degrees of uncertainty for the estimation of emissions calculations and
sources. A major reason is undetected small fires[13]. The applications of burn area assessments go
beyond scientific exploration and expand considerably. Today, burn area assessments are crucially
important not only for climate scientists but also for land management, environmental protection agen-
cies, and public health organisations. These assessments provide fundamentally important insights
into the immediate and long-term effects of fires on ecosystems. For land managers, understanding
the extent of burned areas facilitates the formulation of effective recovery and reforestation strategies.
Environmental agencies utilise these data to monitor fire effects on air quality and biodiversity, which
are necessary for maintaining ecological balance and for informed policy decisions [14]. Additionally,
the global importance of burn area information is necessary to support international efforts such as
the Kyoto Protocol and the Paris Agreement (COP21) to manage fire emissions. Accurate burn area
assessment helps monitor progress toward the achievement of Sustainable Development Goals (SDGs)
as outlined by the United Nations.

Several factors lead to these inaccuracies, partly because of the dependence on coarse-resolution
satellites such as MODIS and VIIRS for global and regional burn area products. For example, the
widely used global burn area products MCD64A1 and FIRECC151 respectively have resolutions of 500
m and 250 m. Both are derived from MODIS observation based on thermal anomalies and reflectance
data, providing monthly composite burn area datasets. However, these sensors fail to capture small
agricultural burn area because of their coarse resolution[11]. A recent study in Africa using Sentinel-2
observations revealed 1.8 times more burn area than that detected by MODIS [15]. Unlike forest fires
or wildfires, agricultural burning often occurs in small patches and sometimes without active flames.
Consequently, coarse-resolution satellites overlook these small burn area, leading to conservative
estimates of burn area. This underestimation emphasises the need for high-resolution satellite data
and integrated approaches to improve the accuracy of burn area estimation.

1.1. Study Area

Although the practice of agricultural burning is not limited to India, the situation there is unique
and severe, making it an interesting study area. Several factors contribute to the distinctiveness and
intensity of open burning in India. 1) Green Revolution and Double Cropping System: The Green
Revolution led to the widespread adoption of the wheat–rice double cropping system in India. This
intensive agricultural practice produces vast quantities of crop residue that must be cleared quickly to
prepare for the next crop. The narrow window between the harvest of one crop and the planting of the
next leaves farmers with limited time to manage the residue effectively[16]. 2) Mechanization: The
shift towards mechanised harvesters has exacerbated the difficulties. Mechanised harvesters leave
behind huge amounts of crop residue scattered across the fields. This root-bound and scattered residue
presents a challenge for farmers, who find open burning to be a quick and cost-effective solution to
clear their fields [3,4].

Crop residue burning degrades air quality in greater regions of northern India, especially during
the post monsoon period. Meteorological conditions and changing weather patterns also contribute
adversely to the air quality. The entire Indo-Gangetic plain, which is home to a huge population,
sustains heavy smog during October–November. Light winds fail to disperse the pollutants, and weak
north-westerly winds push them toward densely populated urban areas, including cities such as New
Delhi, exacerbating air pollution and health issue [17,18].
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Every year during March–April and October–November, the entire region is enveloped in smoke
and haze as farmers burn the residue from the harvested rice crop. The intensive open burning over
such a vast area produces tremendous amounts of various pollutants including CO2, CO, CH4, N2O,
NOx and NMHCs. These emissions not only alter regional atmospheric chemistry but also pose
important public health concerns for the nearby densely populated areas [19,20]. The study area,
Punjab state (Figure 1), is located in the northern part of India. Punjab has a geographical area of
50,362 km2, of which around 40,230 km2 is under cultivation (Dept. of Agriculture and Farmers Welfare,
Govt. of Punjab). Therefore, it is often designated as the "breadbasket" of the country, producing
two-thirds of the nation’s food requirements. In Punjab alone, this seasonal burning practice engenders
the burning of approximately 7 million tons of crop residue during post monsoon[21].

Figure 1. Land Use Land Cover map over Punjab, 2018. The yellow region represents the amount
of area under intense agricultural cultivation. Image credit: National Natural Resource Management,
ISRO [22].

1.2. Evolution of Burn Area Detection Methods

Over the years, methodologies for identifying burn areas have evolved considerably, transitioning
from traditional indices based on remote sensing to sophisticated deep-learning (DL) approaches.
These methods can be categorised into rule-based and machine-learning approaches [23].

Rule-based approaches depend on the spectral response of different bands, especially middle
infrared (MIR) and thermal domains. This reliance is mainly attributable to the fact that biomass
burning has evident effects that can be observed easily in these domains. For instance, biomass burning
leads to decreased Near Infrared (NIR) reflectance and dryness because of fire, leading to a slight
increase in Shortwave Infrared (SWIR) [24]. The spectral response is the backbone of most commonly
used indices such as the Normalized Burn Ratio (NBR) Index and its variations, such as the delta NBR
(dNBR) and relative NBR (rNBR).

Traditional indices using a rule-based approach, such as the NBR, present several limitations
affecting their capability to capture burn areas precisely. Sensitivity to environmental conditions,
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including soil moisture and atmospheric variations, can produce false positive or false negative results
of burn area detection. Spectral confusion further complicates accuracy because burned areas might
resemble water bodies, shadows, or harvested fields[25,26]

Temporal resolution constraints of satellite imagery, reliant on pre-fire and post-fire comparisons,
hinder timely detection, especially in the absence of cloud-free images. Additionally, the moderate
spatial resolution of commonly used sensors such as MODIS might overlook small-scale burns and
fail to capture the full spatial detail of burn scars in heterogeneous landscapes [27]. Finally, the lack
of generalisation across ecosystems and fire regimes necessitates region-specific calibration, limiting
the broad applicability of traditional indices [28]. These challenges underscore the need for more
sophisticated methodologies such as machine learning and deep learning, to improve burn area
detection. Unlike traditional indices, machine learning approaches are based on characteristics of
burned and unburned pixels from reference or labelled data. Most commonly used machine learning
methods include Support Vector Machines (SVM) [29] and Random Forests (RF) [30].

At present, mapping algorithms are limited to active fires and global burn area products. Major
challenges are 1) heterogeneous agricultural landscapes, 2) fire durations and patterns, and 3) human-
driven changes (ploughing and seeding)[11]. The present mapping algorithms are more efficient at
capturing the hotspots, and large fire events. Existing global burn area products derived from MODIS,
such as MCD45A1 [27] and MCD64A1 [31], mainly emphasise large wildfire events. They do not take
into account small fires. However, regional burn area products MCD14ML [32], which can capture the
full extent of cropland burn area, have been found to underestimate the total burn area [33].

These BA products harness the capabilities of MODIS (Moderate Resolution Imaging Spectrora-
diometer), leveraging its thermal anomalies and reflectance data. However, a major challenge while
working with MODIS-based fire products is the coarse resolution, small fires or burned ground often
go undetected which compromises the accuracy. Popular BA products like MCD64A1 and MCD45A1,
which utilize MODIS data to identify burned areas, frequently miss detecting burns smaller than 100
hectares. This oversight is particularly significant in agricultural regions, where failing to account
for smaller burned areas can lead to an underestimation by up to tenfold [4]. While MODIS offers
significant advantages in terms of coverage and frequency, its relatively coarse resolution can be a big
limitation. Such inaccuracies in detection underscore the need for complementary methods and use of
higher-resolution sensors to improve burn area estimations.

In recent years, the use of neural networks has shown enormous success in remote sensing
applications. One of the first studies concerning Burn Area mapping using neural networks was
in 2001 [34], where a supervised ART neural network was used to detect forest fires in Spain using
NOAA-AVHRR imagery. ART neural networks are based on the adaptive resonance concept and
classify the burn area image pixel by pixel. Following that, in a later year, several other studies emerge
using similar neural networks for burn area mapping. For instance, Brivio [35] used supervised image
classification based on Multilayer Perceptron (MLP) and SPOT-VEGETATION images to map burn
areas in sub Saharan Africa. This neural network model exploited the spectral signals of burnt areas
and provide spatial and temporal information on the burnt areas. Another type of neural network
that has shown promising success in remote sensing application is Convolutional Neural Networks
(CNNs). CNNs are neural network inspired by human brains, consist of neurons that are not fully
connected rather only connected to those with receptive neighbourhood. Their deep architecture
enables them to represent non linear function and generalize the learned features, hence they are also
referred as deep learning (DL) model architectures [36]. These deep learning (DL) model architectures
have been frequently used and show enormous potential in several image segmentation tasks such as
clouds [37], water [38], urban ares [39] and vegetation types [40].

Despite its immense potential, this DL has limited applicability in burn area segmentation, mainly
because of a lack of reliable qualitative and quantitative data for training. However, few studies in
recent years have used the DL approach for burn area mapping. Some notable studies that used DL
approaches are: [41] developed the BA-Net model based on CNN with Long Short Term Memory
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(LSTM) based on U-Net framework and VIIRS reflectance data. They mapped the wildfire affected
areas successfully. Later, BA-Net was developed further for rapid and accurate mapping of forest
fires [42]. Although the results demonstrated remarkable improvement, their application was limited
mostly to wildfires. [23] used a U-Net architecture DL model to develop a fully automatic processing
chain to segment vegetation fires. The trained model with Sentinel-2 imagery as an input showed
better results against the Random Forest classification. Another recent work by [43], trained a U-Net
based DL model over Portugal and tested Transfer learning applicability of the model to analyse local
fire burn dynamics in West Nile, Northern Uganda. The model showed promising application of
U-Net and transfer ability of learned features in capturing small burn area and the details of large burn
area extent over a new domain. These studies have been a great source of information and motivation
for us to conduct this experiment over the Punjab region in India.

One major challenge to conducting DL-based experiments is the lack of sufficient ground truth
data. Fire monitoring in economically developing countries is often more challenging for this very
reason. Therefore, we propose estimation of small agricultural burn areas in Punjab using DL segmen-
tation and a transfer learning approach. The transfer learning approach involves training a model on
one task and then reusing the pre-trained model to perform a closely related task. This technique can
be very useful in cases of data scarcity for model training and use of limited computational resources.
Our target domain of Punjab lacks any reliable ground truth data for training the model. We aim to
address this issue by first training the DL model over the source domain (Portugal) using the ICNF
(The Institute for Nature Conservation and Forests) dataset and applying transfer learning technique
and later fine-tuning the model using hand annotated data over the target domain of Punjab. The
objectives of the present work are three-fold: the first objective is to train the model over source
domain (Portugal), second objective is to apply transfer learning and fine tuning of the model over
target domain (Punjab), with subsequent improvement of burn area predictions, third objective is to
assess the changes and trends of small agricultural burn area throughout the post-harvesting season in
Punjab.

2. Data and Method

For our study, we used Sentinel-2 Multispectral Instrument (MSI) Level 1C data, which provide
Top of Atmosphere (TOA) reflectance at 20 m resolution, as our training dataset. We use reference
data of two types. For initial training over Portugal, we used the ICNF dataset for 2016 and 2017 to
train our model during the fire season. The deep learning model used is based on the Resneunet18
architecture, a robust framework known for its effectiveness in image segmentation tasks, especially
when distinguishing between burned and unburned areas [44]. Initially, we trained our model on the
ICNF dataset to capture the general features of burned areas. Later, we fine tune the model using hand
annotated data to enhance the model’s performance and to adapt it to local conditions of Punjab. The
hand-annotated data is created over a 200 km2 area in Punjab, roughly equivalent to two Sentinel-2
tiles. Fine-tuning step involved adjusting hyperparameters of the model based on the Punjab data
and re-evaluating its accuracy to ensure optimal performance in detecting burn areas under different
geographical and environmental conditions. The model’s accuracy was assessed using two key metrics:
the Intersection over Union (IoU) and the Dice coefficient. These metrics helped us gauge the model’s
ability to identify and delineate burned areas accurately. The next section presents detailed discussion
of each step involved in the data pipeline and model experiment.
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Figure 2. Workflow.

2.1. Data Acquisition and Atmospheric Correction

To analyse the burn areas over source domain (Portugal) and target domain (Punjab), we used
Sentinel-2 Level 1C Top of Atmosphere (TOA) reflectance data. The Copernicus Sentinel-2 program
consists of two sun-synchronous polar-orbiting satellites, Sentinel-2A and Sentinel-2B, which have a
swath width of 290 km and a revisit time of 5 days. The Multispectral Instrument (MSI), a key payload
onboard the Sentinel satellites, provides high spatial resolution imagery. MSI covers 13 spectral bands
with spatial resolutions of 10–60 m. Sentinel-2 MSI data are available in two product levels: Level 1C
(L1C) and Level 2A (L2A). L1C data represents TOA reflectance and L2A provides atmospherically
corrected bottom-of-atmosphere (terrain-corrected and cirrus-corrected reflectance images) as per
sen2cor algorithm [45]. The global availability of L1C data starts from 2015, whereas L2A data are
available from 2017.

To conserve computation resources for our analysis, we opted to use L2A products whenever
available. Alternatively, we acquired L1C data and converted it into L2A using the sen2cor algo-
rithm [45]. In the case of Portugal, we aimed at reproducing similar model accuracy to that of an
earlier study [43]. Portugal experienced numerous fire events in August; especially in 2017, Portugal
experienced a record-breaking number of fire events, accounting for approximately 500,000 ha of total
burned area [47,48]. This dataset with unusually numerous burned areas can be useful to ensure
models can learn burn area features rigorously. In Portugal, we specifically examined periods of peak
fire activity during 2016–2017 to ensure a maximum burn area. Specifically, we targeted August for
Portugal (2016 and 2017). In Punjab, we particularly examined the post-monsoon burning season
October–November for Punjab (2020–2023). The data were downloaded using the Python API from
the Copernicus Data Space. The API used to download the data can be found in an earlier report of
the literature [49].

2.2. Preparation of Reference Data

ICNF provides a regional database in vector files. The ICNF burn area dataset is based on a
cartographic method by which burn area polygons are created using a semi-automatic classification
process using Sentinel, LANDSAT, and MODIS satellite images. Additional details can be found in
the literature [50]. The hand-labelled dataset has high quality, giving a good idea of burn extents.
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Moreover, it is publicly accessible. For our analyses, the ICNF data were acquired for August 2016 and
August 2017.

An important domain difference exists between Punjab and Portugal in terms of climate, topogra-
phy, and fire event types. To compensate for that gap, hand annotation of burn areas over 200 km2
(equivalent to two sentinel tiles) was performed. Our objective was to encompass various burn areas.
For that reason, we selected regions with a high density of MODIS and VIIRS fire hotspots. MODIS
fire hotspot data give a good approximate idea about where most fire events are occurring. Therefore
researchers have often relied on fire hotspot information to assess burn area [51,52].

To ensure good quality and better acclimatisation of the model, we considered several factors for
hand annotation of the data: a) use of RGB Sentinel images for visualisation and manual checking of
the presence and absence of burn scars, b) human capability based on past experience and observation
to distinguish burned and unburned areas, c) presence of active flame and smoke, d) cross-verification
of hand annotations with the closest available Google Earth (Alphabet Inc.) images. To consider
annotation over agricultural land explicitly, we used land use land cover data to exclude all other land
types, especially for urban areas and aquatic bodies. The annotation was performed in two sets (Figure
4). Annotation 1 (Ano1) and Annotation 2 (Ano2), over two adjacent areas covering 100 km2 each.
Ano 1 had more common features such as large uninterrupted patches of agricultural land, absence of
big water bodies and more observable burned agricultural fields, whereas Ano 2 had more diverse
features such as river streams and big urban areas and more observable non-burned agricultural
fields. The two sets of annotations were performed on close dates and during peak fire seasons. The
motive behind this step is to study the model’s learning and transferable capacity of learned features
while fine-tuning with different types of annotation data. The ultimate goal was to enhance model
robustness not only by making accurate predictions over burned areas but also to make minimum
false predictions over non-burned or non-agricultural areas.

Figure 3. Location and area for hand annotated data over Punjab.
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Figure 4. Example of Ano 1 data (left) showing the presence of agricultural burn areas (common
features) and Ano 2 (right) showing the presence of diverse features such as rivers, unburned areas
and non-agriculture areas.

Figure 5. Cross-verification of annotated burn areas using the closest available Google Earth (Alphabet
Inc.) images.

2.3. Data Pipeline

The data pipeline is divided into four stages, adapted from an earlier study [43]).
For these analyses, we are interested in exploiting the spectral properties of the following three

bands: near-infrared (8a), green (3), and shortwave–infrared (11). The bands are selected because of
their spectral sensitivity toward change in unburned and burned vegetation. Selected bands were
stacked together to create false-colour images for both Portugal and Punjab. Merged false-colour
images were extracted into patches of 128 × 128 pixels. Patch size of 128 × 128 was selected as a
good optimal middle ground between detailed retention of spatial context and the need for intensive
computational resources. Extracted patches were stacked along with the corresponding reference
dataset. Incomplete or broken patches were discarded.

The dataset was split into a 70% for training, 20% for validation and 10% for testing. Details on the
four stages are discussed hereinafter. Merge bands (Stage 1): Combine the atmospherically corrected
Green, NIR, and SWIR bands of Sentinel-2 data to create false-colour images that emphasize burned
areas. Normalize the values to the 0–255 colour scale. Extract patches (Stage 2): Match ground truth
data to false-colour images based on area and date. Extract small 128 × 128 patches from both datasets
to reduce memory usage during training. For Portugal, we set a time frame of 30 days to consider a
maximum observation by Sentinel-2. Filter patches (Stage 3): Remove empty or damaged patches
from the datasets to ensure data quality. Split patches (Stage 4): Randomly split training patches into a
70% training dataset and a 20% validation dataset and 10% test dataset.
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2.3.1. Baseline Model

To put the model performance into context, a baseline model was tested on the same validation
dataset as the DL model. The baseline model is based on calculation of the NBR index method [53].
The NBR is a popular index to calculate burn area and burn severity along with its derivatives dNBR
and rNBR [54]. NBR is based on the spectral response difference between Near Infrared (NIR)
and Shortwave Infrared (SWIR). In this experiment, we applied NBR as baseline model to the same
validation dataset used for the DL model. The NBR value for each pixel was calculated using the
following formula:

NBR = NIR − SWIR/NIR + SWIR. (1)

The NBR values range from -1 to +1. Higher NBR values indicate healthy vegetation, while lower
values suggest recently burned vegetation or bare ground. To generate the baseline prediction, we
initialized an array and iterate over each validation image. For pixels meeting the burn threshold (NBR
< 0.3) [55], the baseline prediction array was updated to classify the pixel as burned. The baseline
predictions for the entire dataset were then evaluated using the IoU and Dice coefficient metrics,
similarly to the DL model evaluation.

2.4. Model Framework

We used a deep learning segmentation model based on U-Net architecture from the PyTorch
lightning framework. The training of the model was conducted using specific parameters and strategies
to ensure the optimal performance and generalisation. The model has an encoder–decoder structure,
with an encoder based on Resnet [56] and a decoder based PSPnet [57], a popular choice for image-
related tasks because of its balance between performance and computational efficiency. The decoder
parameters included a scaling factor (multiple: 2) and the number of output classes (n_classes: 1),
indicating a binary segmentation task (e.g., burn area vs. non-burn area).

Training Environment: The model training was conducted using computational resources of Fu-
jitsu PRIMEHPC FX1000 and FUJITSU PRIMERGY GX2570 (Wisteria/BDEC-01). Details are presented
in the literature [58].

This powerful computing environment, equipped with (A100-SXM4-40GBs; NVIDIA Corp.),
provided the necessary computational resources to accommodate the intensive demands of deep
learning. Regarding the model hyperparameters, training was conducted initially with batch sizes of
16 and 32. This smaller batch size might present implications for the stability of batch normalisation,
but it allows for higher-resolution images or deeper models within the same memory constraints. The
epoch size was set to 50, but it was later increased to 60. We set the learning rate at 0.0003. The training
utilised the Adam optimizer, known for its efficiency in handling sparse gradients and adaptive
learning rate capabilities [59]. Weight decay of 0.0001 was set, helping in regularising the model and
preventing overfitting. A step scheduler was used, which adjusts the learning rate based on the rate of
change of validation loss.

2.5. Evaluation Metrics

To evaluate the model performance, the spatial accuracy of the semantic segmentation task was
evaluated using the IoU and Dice score method. These two metrics are used frequently in semantic
segmentation tasks [60,61].

2.5.1. Intersection over Union

The Jaccard Index, also known as IoU, is a commonly used metric for evaluating segmentation
tasks [62]. IoU is calculated as the ratio of the intersection to the union of the ground truth data and
the model’s predictions. Mathematically, it is defined as
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IoU =
|A ∩ B|
|A ∪ B| , (2)

where A represents the set of ground truth pixels and B represents the set of predicted pixels. The
importance of IoU lies in its ability to provide a clear measure of how well the predicted segmentation
matches the ground truth. A higher IoU value (close to 1) represents a greater degree of overlap,
signifying that the model’s predictions are closely aligned with the actual data. IoU handles cases with
class imbalance, which is common in segmentation tasks, by particularly addressing the regions of
interest (i.e., the intersection).

2.5.2. Dice Similarity Coefficient

The Dice Similarity Coefficient (DSC), commonly designated as the Dice Score, is another standard
metric used to evaluate the accuracy of the image segmentation mode [63]. It represents the spatial
overlap between two segmentations: the ground truth data and the model predictions. Mathematically,
the Dice Score is defined as

DSC(A, B) =
2|A ∩ B|
|A|+ |B| . (3)

The Dice Score can quantify the overlap between two binary sets, making it particularly useful
for assessing segmentation performance [61]. A higher Dice Score (close to 1) shows greater similarity
between the predicted segmentation and the ground truth, reflecting more accurate and precise model
predictions. The IoU and Dice score metrics often penalise the zero overlap, which can misrepresent the
segmentation accuracy [64]. Therefore, to ensure a balanced evaluation system and to avoid possibly
penalising the model for correct non-detection. We assign a perfect score of 1 to cases of zero overlap
based on the fact that not detecting non-burned areas as burned is also a good model performance
indicator.

2.6. Training and Fine-Tuning

As discussed in section 2.3, we used the Adam optimizer for training with an initial learning
rate of 0.003. Other hyperparameters were kept at their default values. Validation and testing were
performed after each training epoch, with the corresponding loss calculated and monitored through
Wandb [65]. To avoid overfitting, training was stopped if the validation loss did not improve after
30 epochs or earlier. The model with the lowest validation and training loss was saved. The DL
experiment was conducted in two main phases: 1) model initial training over source domain (Portugal)
and 2) transfer learning and fine tuning over target domain (Punjab). During the first phase, the model
was trained for two consecutive fire seasons in Portugal: 2016 and 2017. The model associated with
the lowest training loss was saved. In the second phase, we used transfer learning of the features
learned during initial training and fine-tuned the pretrained model for the Punjab region under varying
hyperparameters and weight update conditions.

The first phase involved Experiments A and B. In Experiment A, a raw CNN network was trained
over Portugal for 2016. In Experiment B, the network was trained further with more data from 2017.
Our goal in this was to reproduce similar accuracy by the experiment conducted by[43]. This step was
crucially important to instil the model with a general capability to segment burned and unburned
areas. The second phase involved numerous experiments with the aim of monitoring the sensitivity
and precision over detection of small burn areas. Experiment C involved direct application of transfer
learning to the pretrained model to analyse how well the pretrained model can capture burn areas
over Punjab. Experiment D involved fine tuning of the pretrained model over Portugal using the first
set of hand-annotated data over Punjab, where the learning rate was reduced to 0.0003, while other
parameters were left at their default values. For Experiment E, the batch size was reduced to 16 to
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analyse its effects on model accuracy, particularly addressing small delineations of burned areas. For
Experiment F, the batch size was reduced further to 8 while other parameters were kept the same.

Experiment G, we used model weights from experiment E and a second set of annotation data
(Ano 2). For experiment H, we used model weights from experiment B and both sets of annotation
data together (Ano1 and Ano2). From Experiments I–K, all hyperparameters were kept at default
values. For Experiment I, we used model weights from Experiment B and the first set of annotation
data (Ano 1), froze the layers of encoder for the 25 epochs and unfroze the last layer of the encoder
and ran fine tuning for another 5 epochs. For Experiment J, we also used the model weights from
Experiment B and Ano1 data. The encoder layers were kept frozen for the whole 30 epochs.

Experiment K was identical to Experiment J, except that Ano2 was used as the input data. For the
final Experiment L, we used the model weights from Experiment B and used Ano1 as an input and
trained model with 45 epochs where the encoder layers were kept frozen for 15 epochs followed by
unfreezing of the last layer and retraining of the whole network for another 25 epochs. For the final
Experiment M, we used the model weights from Experiment L and used Ano2 as an input. The model
was trained for a total of 40 epochs, where the encoder layers were kept frozen for the first 15 epochs
followed by unfreezing of the last layer and training of the whole network for the remaining 25 epochs.

The main goal of running the experiment in different phases and conditions was to monitor the
transferability of learned features, effectiveness in capturing the boundaries of small fires, the ability
to distinguish between aquatic and burned areas, and sensitivity towards other diverse features in
the classification process. This multistage training process allowed us to explore different training
configurations and their effects on model performance, leading to an optimised approach for burned
area detection. Details of all the experiments discussed above are presented in Table 1.

Table 1. A comprehensive overview of all the experiments conducted, highlighting the different stages,
conditions, and key parameters modified during the training process.

Expt. Descr. Domain GT-Data lr batch size w Encoder layers Epochs

A raw model Portugal (2016) ICNF 0.0003 32 0.0001 unfrozen 50
B Pretrained Portugal (2017) ICNF 0.0003 32 0.0001 unfrozen 50
C Pretrained Punjab (2020) ICNF 0.0003 32 0.0001 unfrozen 60
D TL-Pretrained Punjab (2020) Ano 1 3E-5 32 0.0001 unfrozen 60
E TL-Pretrained Punjab (2020) Ano 1 0.0003 16 0.0001 unfrozen 50
F TL-Pretrained Punjab (2020) Ano 1 0.0003 8 0.0001 unfrozen 50
G TL-Pretrained Punjab (2020) Ano 2 0.0003 16 0.0001 unfrozen 45

H TL-Pretrained Punjab (2020)
Ano 1

+
Ano 2

0.0003 16 0.0001 unfrozen 60

I TL-Pretrained Punjab (2020) Ano 1 0.0003 16 0.001 frozen 25 + 5*
J TL-Pretrained Punjab (2020) Ano 1 0.0003 16 0.001 frozen 30
K TL-Pretrained Punjab (2020) Ano 2 0.0003 16 0.001 frozen 30
L TL-Pretrained Punjab (2020) Ano 1 0.0003 16 0.001 frozen 15 + 30*
M TL-Pretrained Punjab (2020) Ano 2 0.0003 16 0.001 frozen 15 + 25*

Note: *The last layer of the encoder was unfrozen and the whole network was retrained. For example, 25+5* means
the encoder layers were frozen for 25 epochs and the last layer was unfrozen and the whole network was retrained
for 5 more epochs.

3. Result and Discussion

During the first phase, when the model was trained over Portugal for 2016 with no pre-trained
weights, the average IoU was 0.51 and the average Dice was 0.60. Following that, we trained the
model again for 2017 with pre-trained weights from the previous training. This time we achieved
accuracy of IoU 0.52 and Dice of 0.61. Because we aim to capture small fires over Punjab and to
avoid too much generalization over Portugal, we decided not to train the model further over Portugal.
The second phase of the model experiment involves transfer learning, but before that, just to put the
performance of the present model into context, we tested the pre-trained model directly over Punjab
before fine-tuning. The testing accuracy was IoU 0.15 and Dice 0.13. This marked dip in the testing
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accuracy indicates that the model is struggling with the domain gap and the new domain has new
features which cannot be comprehended by the model.

As a result, we observed several over-predicted burned areas over Punjab (Figure 7(a) and (b)). In
addition, several false predictions were made, e.g., in Figure 7(c) an urban center is misunderstood as
burned by the model, most likely because of the similarity in the reflectance value. In another case, an
urban center (top right) and a large area of green vegetation (left) are falsely detected as a burned area
(Figure 7(d)). Finally, the model is tuned with annotated data and pre-trained weights, the accuracy
of the final best-performing model validation accuracy, after adjusting the hyperparameters (batch
size, weight decay, and learning rate) is IoU 0.48, with Dice of 0.64 over Punjab. The model’s overall
capacity to detect small and fragmented fire patches also improved.

3.1. Model Performance

(a)

(b)
Figure 6. Training history of the final model: (a) model best performance over Portugal and (b) model
best performance over Punjab.
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Table 2. Model accuracy assessment for all experiments.

Phase Expt. Domain IoU (Val) Dice (Val)

Model
Accuracy

IoU
(Test)

Dice
(Test) Val_loss Train_loss

I A Portugal 0.62 0.72 0.34 0.33
B Portugal 0.66 0.75 0.33 0.32

II C Punjab 0.10 0.13
D Punjab 0.44 0.60 0.45 0.60 0.42 0.42
E Punjab 0.48 0.64 0.45 0.60 0.38 0.38
F Punjab 0.49 0.64 0.46 0.61 0.38 0.37
G Punjab 0.49 0.60 0.52 0.64 0.51 0.43
H Punjab 0.40 0.53 0.42 0.54 0.45 0.40
I Punjab 0.40 0.55 0.39 0.54 0.44 0.51
J Punjab 0.44 0.59 0.43 0.59 0.48 0.49
K Punjab 0.47 0.57 0.48 0.58 0.58 0.56
L Punjab 0.43 0.59 0.43 0.58 0.44 0.45
M Punjab 0.49 0.60 0.54 0.64 0.56 0.51

(a)

(b)

(c)

Figure 7. Cont.
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(d)

Figure 7. Burn Area detection over Punjab (Before fine-tuning). Left panel shows Sentinel-2 false-color
images (Green, NIR, and SWIR) over Punjab. Middle panel display hand-annotated reference data.
Right panel present model predictions. IoU and Dice scores quantify similarities between ground truth
and the model output. (a) and (b): display the model’s overestimation of burn areas; (c) and (d): show
examples of false burn area predictions over urban areas (bottom right).

(a)

(b)

(c)

Figure 8. Cont.
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(d)

Figure 8. Burn Area detection over Punjab (After fine-tuning). Left panel shows Sentinel-2 false-color
images (Green, NIR, and SWIR) over Punjab. Middle panel display hand-annotated reference data.
Right panel present model predictions. IoU and Dice scores quantify similarities between ground truth
and the model output. (a) shows the model’s improvement, with less false detection over urban area.
(b) shows very precise capture of small fragmented burned crop fields, with less false detection over
bare/ ploughed ground. (c) and (d) show considerable improvement in fewer false predictions over
aquatic bodies.

3.2. Model Prediction over Punjab (before Tuning vs. after Tuning)

As described in this section, we particularly examine the importance of fine tuning the DL
model and improved segmentation of burned areas by examining Punjab before and after fine-tuning.
Comparing these predictions highlights marked improvements in accuracy and precision when
detecting active fires and smoke in satellite imagery after tuning with hand-annotated data. Figure
9(a), (c) shows segmentation results obtained before fine-tuning, which suggests that the pre-tuning
model struggled with smaller fires, indicating a lack of sensitivity to finer details. Figure 9(b) and (d)
portray segmentation results for the same area after fine-tuning the DL - model, where the burn area
delineations have been captured better, resulting in high IoU and Dice scores.

In the pre-tuning predictions, the model overestimates fire presence, as indicated by the large
yellow patches. The poor overlap between predicted and target areas is reflected in the IoU (0.10) and
the Dice score (0.19). Although the model detects areas of fire and smoke, it fails to delineate boundaries
accurately, leading to numerous false positive results. Another case in Figure 9 (e) segmentation results
before fine tuning shows the detection of green and possibly bare ground as a burned area (right side
of the figure). Figure 9(f) is the segmentation result of the same area after fine-tuning. The model was
able to capture the small fragmented burned patch (lower right) with no severe false overlap with
more than green vegetation or urban areas, resulting in a high IoU (0.73) and Dice score (0.84). These
improvements indicate that fine-tuning of the model through various combinations of annotated data
and training environment indeed helped the model to reflect the burned and unburned features better.

A core objective of this study is to enhance the model’s ability to capture small fires and burn
patches. Figure 9(c) shows that the pre-tuning model struggled with smaller fires, indicating a lack
of sensitivity to finer details. The post-tuning prediction (bottom image) demonstrates significant
improvement in detecting small fires and burn patches, with an IoU score of 0.40 and a Dice coefficient
of 0.57.

The prediction map reflects the distribution and size of small fires more accurately, as indicated in
the target. The improved accuracy and precision of the post-tuning model are important because they
enhance the model’s ability to provide reliable data for monitoring and managing agricultural fires.
This improvement is crucially important for addressing environmental and public health concerns
associated with burn areas, as discussed in earlier sections of this paper.
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(a)

(b)

(c)

(d)

(e)

Figure 9. Cont.
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(f)

Figure 9. Comparison of burn area detection before and after tuning with the annotated data. Left
panel shows Sentinel-2 false-color images (Green, NIR, and SWIR) over Punjab. Middle panel display
hand-annotated reference data. Right panel present model predictions. (a) and (c) show predictions
from the pretuned model; (b) and (d) are predictions from the tuned model. (e) segmentation results
before fine tuning shows the detection of green and possibly bare ground as a burned area (right side
of the figure). (f) capture the small fragmented burned patch (lower right) with no severe false overlap
with more than green vegetation or urban areas

3.3. Model Prediction vs. Baseline Model (Normalized Burn Ratio Index Method)

This section presents comparison of the performance of the tuned DL model against the baseline
model that uses the NBR index method for detecting burn areas. Our comparative analysis highlights
the superiority and realistic approach of using the DL model, demonstrating how it overcomes the
limitations inherent in the baseline model. The images illustrate that the baseline model tends to
overestimate burn areas, particularly at the boundaries of small fires, whereas the tuned DL model
captures these details more precisely. For instance, the baseline model prediction (Figure 10(a), top
image) shows marked overestimation of burn areas, with large yellow patches indicating these regions.
This overestimation is reflected in the low IoU score of 0.04 and Dice coefficient of 0.07, indicating
poor overlap with the ground truth. The baseline model’s tendency to exaggerate the burn area extent
likely stems from its lower sensitivity to fine details and its inability to distinguish between burned
and unburned areas accurately, especially for smaller fires.

By contrast, the tuned DL model prediction (Figure 10(b), bottom image) exhibits more precise and
accurate detection of burn areas, including the details of small fires. The higher IoU score of 0.73 and
Dice coefficient of 0.85 demonstrate markedly better overlap with the ground truth, showcasing the DL
model’s enhanced performance. Another example (Figure 10(c)) further underscores the limitations of
the baseline model. The baseline model prediction (top image) identifies numerous small burn areas
scattered throughout the image, even in regions where the ground truth indicates healthy vegetation.
These false positives suggest that the baseline model suffers from spectral confusion, particularly
between burn areas, bare ground, and healthy vegetation. Conversely, the tuned DL model prediction
(bottom image) captures the burn areas with minimal false positives accurately, aligning well with the
ground truth. The improved IoU score of 0.35 and Dice coefficient of 0.52 emphasize the DL model’s
superior ability to identify burn areas correctly.

As discussed in Section 2.3.1, both NIR and SWIR bands are sensitive to changes in vegetation and
soil moisture. Burned areas typically exhibit a distinct spectral signature in these bands, characterized
by lower NIR reflectance and higher SWIR reflectance compared to healthy vegetation. However, bare
ground and burned ground can exhibit similar spectral properties, particularly in the NIR and SWIR
bands. This similarity can then engender spectral confusion, where the baseline model misclassifies
bare ground as burned areas. Additionally, varying levels of vegetation cover can affect NIR and
SWIR reflectance. The NBR index’s sensitivity to chlorophyll and moisture content of the ground can
influence the spectral response, resembling that of burned ground and leading to false positives [66].
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(a)

(b)

(c)

(d)

Figure 10. Comparison of burn area prediction by fine-tuned model and baseline model (Normalized
Burn Area Index). Left panel shows Sentinel-2 false-color images (Green, NIR, and SWIR) over Punjab.
Middle panel display hand-annotated reference data. Right panel present baseline model and DL
model predictions. (a) shows a case of false detection over healthy vegetation by baseline model
whereas in (b) shows burn area prediction over the same area by DL model, burn area delineations
captured more precisely and fewer false predictions over healthy vegetation. In (c) burn area prediction
by the baseline model shows false detection over bare ground and healthy vegetation, (d) shows burn
area prediction by the DL model over the same area, small and fragmented burn patches captured with
few false predictions.

3.4. Site-Validation

On-ground verification is necessary to elucidate the model predictions in light of actual ground
truth data. To be certain that the burn area observed in the images is likely also to be detected by the
model, we conducted a buffer zone analysis. To assess the model’s effectiveness over the crop-burned
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area, we also conducted a site survey across the Punjab region. During this site survey, approximately
110 images were collected on the ground using a geolocated camera. The location and time of capture
were recorded meticulously for each image. Considering the quality of images and the presence and
absence of a potential burn area site, we selected 94 images suitable for site validation. All the selected
94 sites are shown in Figure 11.

Figure 11. On-ground validation sites in Punjab, India. Each point represents a geolocation of an
image captured during 9–11 November, 2020.

We conducted buffer zone analysis, a GIS technique by which a specified distance is applied
around a point, line, or area to create a zone for spatial analysis [67]. This analysis was used to verify
whether the burn area polygons detected by the model correspond to actual burn areas observed on
the ground. We created a 500 m radius buffer zone around each location where field images were
captured. The model-detected burn area data were then overlaid with these buffer zones, where the
centre of each zone represented the point where on-ground images were taken. Because of uncertainty
in the direction the images were taken, we assumed that if more than one burn area polygon fell within
a zone, it would be considered a positive detection. The assumption underlying this approach is that
any burn area detected within a 500 m radius from a given point is likely to fall within the field of view
of the camera used to capture the geolocated images.
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Figure 12. On-ground validation sites in Punjab, India. Red circles show buffer zones with the presence
of BA most likely detected by the model.

Figure 13. Buffer zone analysis. Red spots signify the presence of a burn area.

Of the 94 sites, 27 showed strong evidence of burned areas detected within the 500 m buffer zone.
Several factors contribute to this number. The survey images were captured during November 9–11,
2020, whereas the closest available Sentinel-2 images were taken on November 3 and 13, 2020. This
timing discrepancy suggests that burning might have occurred either before or after the available
satellite imagery, thereby affecting the validation accuracy. The positive observations from these 27
sites are important because they confirm the model’s capability to detect burned areas accurately in
real-world scenarios. However, the lower number of positive validations can be attributed to the
timing mismatch between ground truth data collection and satellite image acquisition. Despite these
challenges, the buffer zone analysis has been an important step in validating and refining our model,
ensuring its reliability and effectiveness in real-world applications.

3.5. Spatio-Temopral Distribution of Monthly Fire Activity for Post Monsoon Burning Season (2020–2023)

In this section, we analyse the spatial distribution of burn areas across Punjab during the post-
monsoon burning season, which extends from October through November. Our study examines the
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spatial distribution of burn areas over four consecutive years (2020–2023), particularly focusing on
village-level burn area patterns. We evaluated the DL-model predictions by calculating the total burn
area within each village in Punjab. For comparison purposes, we compared our findings against the
MODIS-based MCD64A1 product [31]. MCD64A1 is a global burn area product, integral to the Global
Fire Emission Database (GFED, ver. 4), which combines 500 m resolution observations with 1 km
MODIS active fire data. The burn area mapping algorithm uses a burn-sensitive vegetation index (VI)
derived from shortwave infrared bands 5 and 7 [68]. Detailed information related to the MCD64A1
algorithm can be found elsewhere in the literature [69]. Although MCD64A1 operates at a coarser
resolution of 500 m, this comparison provides a meaningful benchmark against an established dataset,
by allowing us to demonstrate the importance of Hi-resolution sentinel observation in capturing the
small and fragmented burn areas. We would also like to clarify that this compares the cumulative
extent of burn areas on the village level rather than the specific time or capture of active fire events.

Punjab is a vast region, making it challenging to pinpoint emission sources and their transport
dynamics without detailed spatial analysis. Figure 14(a) portrays the burn area distribution at the
village level as detected using our DL model. Both the DL model and MCD64A1 show a high
proportion of burn areas in the villages of northwest Punjab (Amritsar, Taran Taran, Ferozpur) and the
southern central part of Punjab (Ludhiana, Barnala, Sangrur, Maler Kotla, Bhathinda) during October.
In 2022 and 2023, less burning activity was detected by both the DL model and MCD64A1. This trend
is consistent with the lower MODIS and VIIRS fire counts for the same years [70].

The peak burning activity can be observed from late October to mid-November. During this
period, the southern part of Punjab (mainly Sangrur, Barnala, Mansa, Moga, and Bathinda) shows
high number of burn areas during this period. These observations are also consistent with high fire
detection counts in southern districts reported by the [70] during an intensive observation campaign.
Recently, another study currently under review based on the Fire Detection Counts (FDC) by VIIRS
S-NPP and PM 2.5 observations, [71] reported a continuous spike in FDC in Punjab from 2022 - 2021
and then observed a decline in FDC from 2022 - 2023. Both the DL model and MCD64A1 follow
this trend of increasing FDC and show higher burning activity in 2020 and 2021. This increase can
be attributed to the introduction of the Farmer’s Bill (Indian Agricultural Act), which led to excess
crop residue burning by farmers. The decline in FDC from 2022 - 2023, is also evidently observed
by both MCD64A1 and DL model. This reduction in FDC can be attributed to the strict regulation
and monitoring of the burning activity by the authorities and improvement in alternative residue
management practices [72]. However, the DL model has surprisingly even lower burning activity,
especially for the year 2022 (October), the burning activity observed by the DL model shows fewer
burning activity. Several factors such as cloud cover and temporal gaps can be the possible reason.
Additionally, for the year 2022 (October), the total number of sentinel tiles processed with less than 20%
cloud cover was significantly lower. Applying robust cloud and cloud shadow masking techniques
such as [73] in the data preparation can be useful to overcome this issue. Our analysis reveals marked
spatial and temporal variations in burn area activity across Punjab, highlighting the importance of
using high-resolution data and advanced models to capture small and fragmented burn areas. The
DL model shows superiority against the MCD64A1 when detecting smaller burn areas, particularly
during periods with lower overall activity.
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Figure 14. Village areas level spatial distribution of burn areas during October–November by DL-
Model.
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Figure 15. Village areas level spatial distribution of burn areas during October–November by
MCD64A1.
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3.6. Comparison with MCD64A1 Burn Area Product

(a) 2020

(b) 2021

(c) 2022

Figure 16. Cont.
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(d) 2023

Figure 16. Time series of burn area distribution by size for DL-Model and MCD64A1

As described in this section, we compare the time series of burn area data from MCD64A1 and our
DL) model for the post-monsoon burning seasons during October–November over four consecutive
years (2020–2023). Despite considerably large differences in the scales of burn areas captured by
MCD64A1 and the DL model, both datasets generally follow the conventional trend of burning, which
peaks gradually from mid-October to mid-November. The primary objective of this comparison is to
understand how the trends and patterns of small fires change throughout the burning season. The
MCD64A1 dataset can capture fires up to 1000 m2 under regular conditions and upto 50 m2 under
very clear, cloud-free conditions. However, MCD64A1 has been reported to have low capability for
detecting smaller fires (<250 m2), especially those related to crop burning [11]. For 2020, the peak for
small fires captured by the DL model coincides with the peak observed in the MCD64A1 dataset. It
remains inconclusive why the peaks differed in 2023, comparison with active fire counts might shed
light on this point.

Given the fragmented and small nature of agricultural fields, burn areas smaller than 50 m2 are
often overlooked by MCD64A1. This likely explains the high peaks observed in early October and
late November from the smaller fires detected using the DL model, which are not clearly captured
by MCD64A1. A recent study by [74] analysed the spatial accuracy of several MODIS-based burn
area products, including MCD64A1 and FireCCI51, against fire size. They reported that fires smaller
than 250 ha (2.5 m2) had Dice scores of 0.22 for MCD64A1 and 0.24 for FireCCI51. In contrast, the DL
model showed overall accuracy with a Dice score of 0.64 for fire sizes up to 250 m2. A summary of
recent burn area algorithms and their respective accuracy can be found in Table 4. [11] also highlighted
the challenges in mapping crop fires using MODIS-based burn area products because of the coarse
resolution of MODIS and the short duration of fires and subsequent land changes. The high accuracy of
burn area mapping by the DL model demonstrates its significant potential to overcome these existing
limitations.
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Table 3. Sentinel-2 spectral bands characteristics (adapted from [46]).

Band Description Bandwidth (nm) Central wavelength (nm) Spatial resolution (m)

1 Aerosol 20 443 60
2 Blue 65 490 10
3 Green 35 560 10
4 Red 30 665 10
5 Vegetation edge 15 705 20
6 Vegetation edge 15 740 20
7 Vegetation edge 20 783 20
8a NIR 115 842 10
8b Narrow NIR 20 865 20
9 Water vapor 20 945 60
10 Circus 30 1380 60
11 SWIR1 90 1610 20
12 SWIR2 180 2190 20

Table 4. Accuracy comparison with other burn area detection algorithms.

Model Fire size Dice score Source

MCD64A1 2.5 km2 0.22 [74]
FireCCI51 2.5 km2 0.24 [74]

BA-Net >5 km2 0.90 [41]
MCD64A1C6 >5 km2 0.90 [41,69]

DL-Model >250 m2 0.64

3.7. Limitations

The fine-tuned model demonstrates great capability for delineating small agricultural burn areas
and consistently achieves higher accuracy than the baseline model based on conventional methods,
but it does have some limitations. One important limitation is the model’s specificity to agricultural
burn areas. Because it is deliberately tuned for this purpose, its performance might not be as effective
when capturing other fire types such as grassland or peat fires, which have different features. Another
major shortcoming is the model’s sensitivity to cloud and cloud shadow presence. Cloud interference
can strongly affect the model’s ability to detect burns because the burning efficiency is reduced. To
address this point, we plan to apply robust cloud masking techniques in future analyses to achieve
more consistent burn area mapping. Additionally, the model’s temporal coverage is limited by the
Sentinel-2 satellite’s five-day revisit period. Given the unpredictable nature of burning practices during
the post-harvest period, it is likely that some fire events are missed within this interval. Integrating
observations from other satellites such as Landsat might help improve the maximum capture of burn
areas.

4. Conclusion and Future Scope

This study demonstrated the effectiveness of high-resolution Sentinel-2 observations, DL models,
and transfer learning approaches for accurately mapping small agricultural burn areas. Initially
trained on data from Portugal, the model showed reliable capability in capturing large fires and
delineating burn areas. After fine-tuning with data from Punjab, the model’s ability to detect small burn
patches in agricultural areas improved considerably. This enhanced accuracy is crucially important for
quantifying the contribution of small fires to overall emissions. Additionally, the DL model exhibited
superior burn area mapping efficiency compared to the baseline NBR index method. One salient
benefit of this study is its promising methodology for assessing burn areas and their effects in regions
with limited ground truth data. Furthermore, the model’s adaptability allows it to be applied to
detect burn areas in other similar agricultural regions worldwide. This study specifically addressed
a single deep learning architecture, but future research might benefit from a comparative analysis
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of different neural networks in burn area mapping. Exploring advanced neural networks such as
U-Net++, Diffusion models, and one-shot learning might be particularly useful in scenarios with scarce
data. Given the model’s accommodation of multiple datasets, integrating higher-resolution datasets
such as Planetscope might provide even more precise burn area mapping. Additionally, modifying
the network architecture, especially during the transfer learning step, by adjusting the final layers of
the neural network might enhance overall model accuracy further. In summary, this study not only
highlights the methodological advancements in using DL models for detecting small agricultural burn
areas: it also paves the way for additional research and application in various agricultural regions
worldwide.
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Abbreviations

The following abbreviations are used in this manuscript:

DL Deep Learning
CNN Convolutional Neural Networks
NBR Normalized Burn Ratio
MODIS Moderate Resolution Imaging Spectroradiometer
VIIRS Visible Infrared Imaging Radiometer Suite
NIR Near Infrared
SWIR Shortwave Infrared
ICNF Institute for Nature Conservation and Forests
MSI Multispectral Instrument
TOA Top of Atmosphere
IoU Intersection over Union
Ano1 Annotation 1
Ano2 Annotation 2
FDC Fire Detection Counts
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Figure A1. Cont.
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(e)

(f)

Figure A1. Left panel shows Sentinel-2 false-color images (Green, NIR, and SWIR) over Portugal.
Middle panels display ground truth data from ICNF. Right panels present model predictions. IoU
and Dice scores quantify similarities between ground truth and the model output. (a), (b), and (d):
demonstrate high similarity and the model’s capability to capture the full extent of large fires. (c):
shows the detection of a small fire with high similarity in unburned areas. (e): highlights a potential
error in the ground truth data, but the model accurately identifies unburned areas. (f): represents
the model’s difficulty in capturing some small burn patches, leading to lower IoU and Dice scores,
although it detects large fires with some fragmentation.
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