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Abstract

The limitations of existing indices, heavily depend on the shortwave infrared (SWIR) band for identifying burned areas—
a band not available in SuperDove satellite imagery. The study offers the novel SuperDove burned area index (SBAI)
for burned area identification using high-resolution SuperDove satellite imagery as existing indices fail to use available
SuperDove spectral bands. SuperDove satellite imagery with 3.7-m resolution was used to perform the analysis and the
study area was the burned region in Goizha Mountain in Sulaymaniyah, Iraq. Nine established indices and K-nearest
neighbor (KNN), support vector machine (SVM), random forest (RF), and maximum likelihood (ML) machine learning
techniques for burned area detection were compared to the performance of the SBAI. The investigations showed that SBAI
underscored high accuracy with 80.7% in detecting areas burned by fire, which outperformed 8 out of 9 traditional indices
and all used machine learning algorithms. SBAI showed lower noise and false detections compared to the established
techniques. The difference normalized burn ratio INBR was the only index among all techniques which slightly surpassed
the performance of SBAI, with 83.4% accuracy, while the majority of indices showed poor performance when applied
to SuperDove images. The research also underscored that well-designed indices could outperform advanced machine
learning techniques in specific conditions of earth observation applications. The developed novel index significantly
contributes to monitoring fire events and post-fire assessment by using high spatial and temporal resolution multispectral
imagery, which offers valuable insights to geospatial analysts and land managers for accurate fire event mapping. This
novel index fills the gap in using SuperDove satellite imagery accurately to detect burned areas, which previously was
challenged by existing indices.
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Introduction

Millions of hectares burn annually which leads to severe
environmental and economic damages. Around one-thou-
sandth of the world's green areas are affected by fires each
year globally, making wildfires a significant global issue
(Zhang et al. 2020). Due to the change in climate conditions
and human activities, wildfires have significantly increased
in recent years. The mountainous terrain and increasing
drought conditions in the region, contributed significantly
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to the rapid spread of fires, leading to substantial dam-
age to the ecosystems and the loss of biodiversity (Skin-
ner et al. 2022). The wildfire also threatens local citizens
due to the proximity to settlement areas and farming areas.
In the Kurdistan region, significant economic losses were
recorded which significantly affected the local communities
because they rely on the resources. Addressing the wildfire
challenges in the Kurdistan region of Iraq is significant for
sustainable development and understanding the environ-
mental impacts better by accurate and efficient mapping of
fires (Garcés and Pires 2023). Limited researches have been
done for burned area detection using the Normalized dif-
ference vegetation index (NDVI) and Normalized Burned
Ratio (NBR) (Mustafa and Habeeb 2016; Rasul et al. 2021).
Additionally, multiple researches have been conducted to
identify vulnerable areas to fire in the Kurdistan region of
Iraq in recent years using remote sensing and Geographic
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information system technologies (Salar 2019; Khwarahm
2022). Mapping burned areas accurately contributes signifi-
cantly to assessing the air quality, fire emissions and post-
disaster analysis, which offers significant information for
climate change studies and resource management (Neves
et al. 2024). Having accurate maps of affected areas by fires
allows researchers and policymakers to better analyse the
source of fires and develop strategic planning for reducing
the effects of wildfires on ecosystems and human health (Sali
et al. 2021; Liu et al. 2023).

There are multiple spectral indices that have been used to
map and detect burned areas using different types of satel-
lite imagery. Burned areas have unique spectral signatures
that could be captured by satellite imagery using spectral
bands, and the unique spectral signatures would be used by
these indices to identify the burned areas accurately. The
Normalized Burn Ratio (NBR) and Burned Area Index
(BAI) are the two most commonly used methods to classify
burned and unburned areas using both the near-infrared and
shortwave infrared bands. However, there are limitations
and challenges within the existing indices in the context of
accuracy and applicability across different environments and
burn degrees (Roy et al. 2002; Chuvieco et al. 2019). Liu,
Maeda et al. indicated that the BAI can detect burned areas
with 90-95% accuracy (Liu et al. 2021). Moreover, a study
used near-infrared and short-wave infrared bands to identify
burned areas using Normalized Burn Ratio (NBR) with an
accuracy of 85-95% (Garcia and Caselles 1991). Moreover,
researchers developed a burned area detection index (BADI)
with 92.15% accuracy, which is specifically designed for
sentinel 2 imagery (Farhadi et al. 2023). Holden, Smith
et al. used the enhanced normalized burn ratio using ther-
mal bands in normalized burn ratio thermal 1 (NBRT1)
with an accuracy of 90-95% (Holden et al. 2005). How-
ever, another research used the analytic Burned Area Index
(ABAI) to detect forest fire severity by using Landsat and
Sentinel imagery with 80-90% accuracy (Guo et al. 2024).
Additionally, Key and Benson integrated multiple factors to
identify the burned areas using the Composite Burn Index
(CBI) with an accuracy of 80-85% (Key and Benson 2005).

There are multiple researches that used advanced machine
learning techniques to detect fire events and burned areas
using satellite imagery, showing different classes of accu-
racy. The K-nearest neighbors (KNN) and random forest
(RF) machine learning classifiers were used effectively to
assess the burned areas using multispectral imagery of Land-
sat 8, Sentinel 2 and MODIS datasets, showing excellent
performance between 93 and 96% accuracy (Pacheco et al.
2021). Moreover, Support Vector Machine (SVM) accu-
rately classified and differentiated land covers with burned
areas in different researches. Additionally, more advanced
techniques such as deep learning tools of Uni-Temporal were
used as an effective approach to detect burned areas with
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97% accuracy using Sentinel 2 satellite imagery. There are
also specific tools and models designed for burned areas
which showed reliable results, such as the Burnt-Net model
(Seydi et al. 2022). Using advanced techniques of artificial
intelligence technology, substantially changed the fire moni-
toring in both accuracy and reliability of the mapped areas.

The majority of existing indices primarily depend on
shortwave infrared (SWIR) to identify burned areas, which
is a band not available in SuperDove satellite imagery, fail-
ing to use the existing indices for SuperDove datasets. The
gap highlighted the necessity of developing a new effec-
tive and useful index specifically designed for burned areas
using SuperDove available bands. The study offers the novel
SuperDove burned area index (SBAI) for burned area iden-
tification using high-resolution SuperDove satellite imagery
to fill the gap. Additionally, increasing the frequency and
intensity of wildfires globally underscores the urgent need
for a new and more accurate spectral index that addresses the
challenges and limitations. With the limitations of current
indices which cannot be used for SuperDove imagery, this
new index provides enhanced capabilities and offers more
detailed and precise burn detection. By developing a novel
multi-spectral index that considers the before and after the
event and uses multiple ranges of spectral bands including
near-infrared, red, green, yellow, red edge, coastal blue, and
blue, we aim to improve the accuracy and reliability of the
burned area mapping, which this approach significantly con-
tribute in better management and restoration strategies (Sali
et al. 2021).

Materials and methods
Study area

Goizha Mountain is one of the valuable places in Sulay-
maniyah, Kurdistan region of Iraq, which is near to the
urbanized areas. Located at an elevation of 1500 m and
known for its rich biodiversity and recreation significance
for the city. However, there were several fires that caused
severe damage to the ecosystem. The mountain has
diverse cover types, with the majority of oak trees along-
side grasslands. 600 different plant species have been
registered in recent years in the mountain. Emphasizing
the ecological significance of the mountain. However,
urbanization and land cover changes lead the mountain
to face significant environmental challenges, resulting
in threatening its natural habitats (Muhamad and Rasul
2024). Recently, on July 29, 2024, a critical fire caused
substantial damage to the ecological diversity and valua-
ble region, burning around 100 hectares and more than 20
thousand trees. Using high-resolution SuperDove satellite
imagery with its 3.7 m spatial resolution and daily revisit
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capability, it’s a significant study site for burned area
detection using multiple indices. Planet imagery was used
in this study which provides imagery with very high spa-
tial and temporal resolution, offering valuable insights for
assessing the extent and severity of the damaged places.
12 field surveys were used to assess the accuracy of the
results by providing ground truth data. The ecological
significance and biodiversity of Goizha Mountain make
it a critical resource which needs protection for a more
sustainable environment (Fig. 1).

Burned area detection approaches

Multiple spectral indices by different studies having different
characteristics and applications, which significantly facili-
tated the process of burn area detection in the past (Table 1,
Fig. 2). NBR is one of the most common indices which uti-
lize the near-infrared (NIR) and shortwave infrared (SWIR)
bands. The main application of this index is that used effec-
tively for large fire zones, to classify the burned areas with
unburned areas using before and after data. The idea of the
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Fig. 1 Burned area of the study area in Sulaymaniyah (a), Iraq (b)
Table 1 Common burned area indices from literature
Index Formula Used Bands Reference
NBR NBR =(NIR—SWIR) / (NIR + SWIR) NIR, SWIR (Tichouiti 2024)
Differenced Normalized Burn Ratio dNBR =NBR_pre—NBR_post NIR, SWIR (pre and post-fire) (Ramayanti et al. 2024)
(dNBR)

Relative differenced Normalized Burn
Ratio (RANBR)

BAI
Mid-Infrared Burn Index (MIRBI)
Char Soil Index (CSI)

Normalized Difference Moisture Index
(NDMI)

Burned Area Index Modified (BAIM)

Global Environmental Monitoring Index
(GEMI)

RANBR =dNBR / 1/( NBR pre fire)

BAI=1/((0.1—RED)? + (0.06—NIR)?)
MIRBI =10 * SWIR2—9.8 * SWIR1 +2
CSI=NIR / SWIR

NDMI = (NIR—SWIR) / (NIR + SWIR)

BAIM=1/(NIR * SWIR)

GEMI =1(1—0.251)—(RED—0.125)
/ (1—RED), where n=(2(NIR*>—
RED?) + 1.5NIR +0.5RED) /

(NIR +RED +0.5)

NIR, SWIR (pre and post-fire)

RED, NIR
SWIRI1, SWIR2
NIR, SWIR
NIR, SWIR

NIR, SWIR
NIR, RED

(Gupta et al. 2024)

(Suresh Babu et al. 2024)
(Zhang et al. 2024)
(Novo et al. 2024)
(Mofokeng et al. 2024)

(Han et al. 2024)
(Fan et al. 2024)
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Fig.2 The flowchart of the study
NBR formula is similar to the NDVI but uses different bands
(Liu et al. 2021).

_ Near Infrared — Short Wave Infrared
Near Infrared + Short Wave Infrared

NBR ey

BAl is also one of the commonly used index in literature
which calculates the spectral distance of pixels in burned
areas. Red and near-infrared are the only two bands that
need to calculate the BAI, which proved its performance in
detecting burned areas (Liu et al. 2021).

1
BAI = )

(0.1 — RED)? + (0.06 — Near Infrared)?

NBRT1 is another index that was developed to enhance
the NBR index by adding a thermal band in the formula to
improve the classification of burned areas more accurately.
Thermal infrared (TIR) offers more reliability, especially
for landscapes with complex structures where temperature
differences can offer effective information for detecting burn
areas accurately. The near-infrared (NIR) and short-wave
infrared (SWIR) are also two other bands that are used in
the NBRT1 index for burn area calculation (Liu et al. 2021).

NIR + (SWIR = TIR/10000.0)

NBRT1 = 3)
NIR — (SWIR # TIR/10000.0)

Besides the most commonly used indexes, there are
various studies that used other spectral indices for burn
area assessments, such as Soil Adjusted Vegetation Index
(SAVI) and the Modified Normalized Difference Water
Index (MNDWI), which showed effective performance in
identifying burned areas. Near-infrared, red bands and soil
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brightness correction factors are the parameters needed for
SAVI calculation, however, green and short-wave infrared
are only two bands needed for MNDWI calculation (For-
nacca et al. 2018).

Near Infrared — RED
Near Infrared + RED + SB

NBRT1 = ( ) % (1 + SB)
(€]

where SB is Soil brightness correction factor

MNDW = Sreen — short wave ¥nfrared s
Green + short wave infrared

The literature showed the effective performance of tradi-
tional indices like NBR and BAI, however, there are limita-
tions in specific environments or conditions. The accuracy
and reliability of these indices face challenges and fluctu-
ate based on the types of vegetation, burn levels, and the
time passed since the fire event. There are researches that
indicated that using the average of multiple spectral indices
significantly improves the accuracy and reliability of burn
area mappings compared to individual indices.

The improvement and generating the new spectral indi-
ces for burn area extraction still are the significant field for
researchers. Understanding the strengths and limitations
of previously developed indices offers scientists valuable
insights to enhance the performance of indices and develop
new approaches of burn area detection and fire monitor-
ing. Furthermore, the integration of indices with advanced
analytical techniques, such as fuzzy classification methods,
provides more accuracy and reliability to monitor burned
area and offers valuable information for better sustainable
management (Kavzoglu et al. 2016).

There are limitations of existing indices such as soil,
water and atmospheric effect sensitivity which significantly
reduce the accuracy of detected burned area (Liu et al.
2021). Also, the characteristics of the vegetation have an
impact on the spectral responses to the fire, which some indi-
ces like NBR could not perform well in different environ-
ments, resulting in less accurate mapping of burned areas.
Moreover, the majority of the indices were developed based
on specific temporal and spectral conditions or post fire
assessments, which may not be possible for all conditions.
The temporal resolution of satellite imagery since fire-events
may significantly change the response of the burned (Kav-
zoglu et al. 2016).

Additionally, four different advanced machine learn-
ing techniques from ArcGIS Pro were used for burned
area detection in this research, such as K-nearest neighbor
(KNN), Random Forest (RF), Support Vector Machine
(SVM), and Maximum Likelihood (ML). The machine
learning techniques alongside the existing indices were com-
pared together with the novel index to assess the accuracy
and performance of each technique.
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SuperDove burned area index (SBAI)

7 out of 9 indices analysed in this study, were relying primar-
ily on shortwave infrared (SWIR) to identify burned areas,
which is a band not available in SuperDove satellite imagery,
failing to use the existing indices for SuperDove datasets.
Having the limitations in previous indices, there is a neces-
sary need for a new index which more accurately detects
burned areas effectively and integrates more spectral bands,
such as green, red edge and coastal blue and blue bands. The
objective of this comprehensive method is to develop a new
burned area detection index specifically for SuperDove satel-
lite imagery using the available bands, resulting in capturing
more characteristics and details which existing indices may
overlook. SBAI is the proposed new index which utilizes
additional spectral bands which is more sensitive to unique

SBAJ = < (NIRpost

Rpost + Rpost  Gllpost 4
NIRPre  Rpre RPre Gllpre

CBpre  Rpost |
- *
CBpost  Rpre

spectral signatures of burned regions and offers more accu-
racy. The SBAI offers valuable insights for policymakers
which contributes significantly to fire management ecologi-
cal studies and post-fire recovery strategies. Developing a
novel multi-spectral index for detecting accurately burned
areas is critical to face the challenges of existing indices.
The SBAI improves the accuracy and reliability of burned
area mapping which offers valuable insights for better fire
management and ecological restoration planning.

The SBAI index uses multispectral bands primarily
designed for SuperDove planet satellite imagery (Fig. 3).
Spectral bands used in this index are: Near-Infrared (NIR),
Red (R), Green II (G2), Coastal Blue (CB), and Blue (B).
SBALI is based on the pre and post-fire assessment to accu-
rately differentiate the changed spectral details after the fire
(Eq. 6).

Bpost (6)
Bpre

The ArcGIS Pro and Google Earth Engine (GEE) were
used to detect burned areas using multiple indices and
performing the comparison analysis between them. Two
images from before and after fire of both SuperDove and
Sentinel 2 were used for the analysis (Fig. 4, Table 2).
SBAI results were compared with 13 other burned area
detection techniques using geographic information tech-
niques (GIS).

The components used in SBAI were selected based on
the ability to detect unique spectral characteristics that
contributed to burned areas. The NIR band is one of the
commonly used bands in previous indices also, which is
crucial for vegetation health detection, as healthy vegeta-
tion reflects significant amounts of NIR light. In contrast,

after burning there would be a substantial decrease in NIR
reflectance due to the loss of chlorophyll and structural
changes. The difference of the post-fire to pre-fire reflec-
tance of NIR band provides valuable information and can
be used as a main indicator of occurred damages by fire,
making it a significant parameter of the SBAI. Moreover,
multiple researches showed the effectiveness of NIR in
burned area detection.

Moreover, the red band is also another significant spec-
tral band which significantly used for vegetation assess-
ment. By the comparison of post and pre-fire reflectance
values of the red band, SBAI can identify regions effec-
tively where vegetation has been significantly reduced due
to fire. The Green II band offers valuable information
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Fig.3 8 bands of multispectral PlanetScope SuperDove imagery (Vanhellemont 2023)
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Table 2 Satellite imagery used

> Satellite
for burned area detection

Bands

Resolution (m) Time

Sentinel 2

Shortwave infrared

Coastal Blue
Blue

Planet (SuperDove)

Red
Near infrared

10 Pre-fire: 26-Jul-2024

Post-fire: 31-Jul-2024

60

3.7-4.1 Pre-fire: 28-Jul-2024

Post-fire: 29-Jul-2024

Green |
Green 11
Yellow

Red

Red Edge

NIR

about the density and health of vegetation. Using post and
pre-fire assessment using green II bands increases the sen-
sitivity of the index to subtle changes in vegetation that
may not be as apparent in the Red band alone (Guo et al.
2024). Additionally, the Coastal Blue band is included in
the index which offers significant detail of the moisture
content or specific soil types in the region. Using coastal
blue helps to differentiate the land covers which have simi-
lar spectral characteristics (Martin et al. 2005). The limita-
tion of the SBAI is that in specific regions there is noise
and some areas which are not burned are identified as
burned areas, using blue band significantly reduces the
noise and makes the index more accurate and reliable by
using the difference in pre and post fire. The blue band
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__ Bluepost
Bluepre
the impact of fire on soil and ash, specifically in regions

with sparse vegetation (Kavzoglu et al. 2016).

The SBALI offers a novel approach for detecting burned
areas by integrating the multispectral high-resolution bands
which significantly increase the accuracy and reliability.
The index addressed the challenges faced by the limitation
of existing indices, contributing to enhanced detection of
various environmental and ecological conditions. SBAI
primarily utilized high-resolution satellite imagery from
PlanetScope SuperDove satellites, which provide frequent
and detailed earth observations. The constellation of Plan-
etScope consists of 240 microsatellites providing the daily

used in the term (1 ) is effective for identifying
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Table 3 The accuracy of
indices and machine learning

Actual burned area=108.56 hectare

algorithms for detected burned Type Burned area False burn area  Area discrepancy  Accurate detected Accuracy %

areas (hectare) (hectare) (hectare) area (hectare)
dNBR 104.3 2.1 -4.3 90.5 83.4
SBAI 102.3 9.7 -6.3 87.7 80.7
KNN 82.8 8.9 -25.8 77.4 71.3
SVM 81.3 7.1 =273 76.6 70.6
RF 79.7 11.6 —28.8 75.0 69.1
ML 70.0 0.6 —-38.6 67.8 62.5
CSI 71.9 18.3 -36.7 64.4 59.3
BAIM 83.1 261.4 =255 64.2 59.2
NBRT1 61.1 13.4 -47.5 59.2 54.5
RANBR 38.5 32.7 —-70.1 57.9 534
NDMI 49.8 5.7 —58.8 51.6 47.6
BAI 46.2 11.3 -62.4 43.4 40.0
NBR 43.4 5.8 —65.2 41.7 38.4
MIRBI 43.1 82.5 —65.5 39.8 36.6

Fig. 5

Detected burned areas using multiple indices: BAI, BAIM, RANBR, dNBR, CSI, SBAI, MIRBI, NBRT1, NDMI, and NBR
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revisit which covers the majority parts of the world. The
SuperDove offers imagery with daily temporal resolution
and a spatial resolution of up to 3.7 m. The high tempo-
ral and spatial characteristics and free availability of the
imagery are significantly helpful for different types of appli-
cations and provide detailed information on ground features.
The SuperDove satellites have eight multi-spectral bands,
including blue, green, red, near-infrared (NIR), coastal blue,
and red edge, which improves the reliability and accuracy
of identifying the detailed changes in vegetation and land
features caused by fires (Apollo 2024). These characteristics
provide valuable insights for SBAI to detect burned areas
with detail using multiple bands.
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Results and discussions

In this study, 9 commonly used indices and 4 machine learn-
ing techniques were compared with the proposed novel
SBALI, the result showed that the SBAI index was more accu-
rate than machine learning techniques and 8 out of 9 indices
with 80.7% accuracy. The outcome indicated that dNBR is
the most accurate index to detect the burned areas and it
has the smallest discrepancy between the detected area with
actual areas which was 108.56 hectares. Moreover, the study
emphasized that among the machine learning techniques,
KNN were the most accurate and all machine learning tech-
niques showed better performance than all indices except
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Fig.7 Comparisons between detected burned areas (black) with actual burned areas (green): BAI, BAIM, RANBR, dNBR, CSI, SBAI, MIRBI,

NBRT1, NDMI, and NBR

dNBR and SBAI. MIRABI, NBR, BAIM, BAI, and NDMI
were the indices which showed the least accurate results with
very high noise of areas detected as burned which were not
burned, and the outcome showed that they are not suitable
for accurate burned area detection using SuperDove imagery.
However, KNN, dNBR, SBAI, and RANBR showed the least
amount of noise and detected the burned areas with reliable
results, specifically the intense burned areas.

In this study, 9 commonly used indices and 4 machine
learning techniques were compared with the proposed novel
SBAI. The assessments were conducted using SuperDove
satellite imagery of the Goizha mountain area in Sulaymani-
yah, Kurdistan region of Iraq, comparing pre and post-fire
images (28-29-July-2024). We mapped the actual burned
area manually and generated the burned area using ArcGIS

Pro and SuperDove high-resolution satellite imagery. The
actual burned area for the region of interest was 108.56 hec-
tares. The SBAI index showed high accuracy ranking second
among all utilized techniques with an accuracy of 80.7%.
SBAI detected 103.3 hectares of areas burned by fire, with
only 9.7 false positive hectares, showing a relatively small
discrepancy of —6.3 hectares compared to the actual burned
area of 108.56 hectares. However, the Differenced Normal-
ized Burn Ratio (ANBR) indicated the highest accuracy with
83.4% slightly outperforming SBAIL. SBAI was better than 12
out of 13 other traditional approaches of burned areas detec-
tions including indices such as NBR, BAI, NDMI, MIRBI,
CSI, BAIM, NBRT1, and RdNBR, also KNN, SVM, RF, and
ML machine learning techniques. The MIRBI, NBR, BAIM,
BAI, and NDMI indices performed poorly in detecting

@ Springer
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Fig.8 Machine learning
techniques: SVM, RF, ML, and
KNN

45"20'0°E

burned areas, showing a high level of noise and false detec-
tion using SuperDove imagery (Table 3, Fig. 5).

The outcome indicated that dNBR is the most accu-
rate index to detect the burned areas and it has the small-
est discrepancy of detected area with actual areas which
was 108.56 hectare. Moreover, the study emphasized that
among the machine learning techniques, KNN were the most
accurate and all machine learning techniques showed bet-
ter performance than all indices except dNBR and SBAI.
MIRABI, NBR, BAIM, BAI, and NDMI were the indices
which showed the least accurate results with very high noise
of areas detected as burned which were not burned, and
the outcome showed that they are not suitable for accurate
burned area detection using SuperDove imagery. However,
KNN, dNBR, SBAI, and RANBR showed the least amount
of noise and detected the burned areas with reliable results,
specifically the intense burned areas Fig. 6.

The investigation showed that SBAI outperformed all
four machine learning techniques that have been tested:
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KNN, SVM, RF, and ML. Moreover, among the machine
learning approaches, K nearest neighbors (KNN) indicated
the best accuracy with 71.3%, followed by support vector
machine (SVM) with 70.6%. Additionally, according to the
false detection and having noise, SBAI along with dANBR
KNN and RANBR showed the least amount of noise, how-
ever, traditional indices such as MIRBI, NBR, BAIM, BAI,
and NDMI detected very large areas as burned which actu-
ally not affected by the fire, showing a high level of noise.
Among all 14 indices, dNBR was the most accurate which
effectively detected 104.3 hectares out of 108.56 hectares,
followed by SBAI with 102.3 hectares (Fig. 7). The sub-
stantial performance of SBAI compared to the most com-
monly used technique for burned area detection can be the
contribution of the integration of multispectral bands of
SuperDove imagery with its high spatial resolution, which
offers more detailed information about the features on earth
before and after fire, addressing the limitation of traditional
approaches. Moreover, the performance of ANBR and SBAI
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over machine learning techniques is substantial, showing
that having effective and well-designed indexes can provide
accurate results and outperform complex algorithms in spe-
cific conditions and applications.

However, KNN and SVM performance showed that using
machine learning in burned area detection can be significant
and useful to address specific challenges in diverse ecosys-
tems. The research results emphasized the SBAI index as a
valuable tool for detecting affected areas by fires using multi-
spectral imagery from SuperDove. Future studies may use the
SBALI and test for more complex and diverse environments.
Moreover, the integration of SBAI and advanced machine
learning techniques could significantly reduce the noise and
enhance the accuracy and reliability of burned area mapping,
contributing significantly to fire management and ecological
restoration strategies Fig. 8.

Conclusion

A novel multi-spectral index, the SBAI, was offered in
this research to detect burned areas using high-resolution
SuperDove satellite imagery. 7 out of 9 indices assessed
in this research, were primarily based on shortwave infra-
red (SWIR) to detect burned areas, which this band is not
available in SuperDove satellite imagery, highlighting
the unsuitability of the existing indices for SuperDove
imagery. The study compared the performance of SBAI
with 9 traditional indices and 4 advanced machine learn-
ing algorithms, for Goizha Mountain in Sulaymaniyah,
Kurdistan region of Iraq for a fire event from 28-Jul-2024.
The analysis of the study demonstrated that SBAI showed
a great performance with 80.7% accuracy in detecting
burned areas, which outperformed 8 out of 9 traditional
and established indices and all four machine learning tech-
niques tested in this study. SBAI multi-band methodology,
using near-infrared, red, green II, coastal blue and blue
bands, showed substantial performance by identifying
the unique characteristics of the burned areas. However,
other indices showed poor performance using SuperDove
imagery which was inaccurate with a high level of noise.
While dNBR slightly was better than SBAI, the new novel
index’s performance showed valuable potential for accu-
rate and effective mapping of burned areas.

The process of generating the SBAI provides valuable
insights into the field of earth observation for fire monitor-
ing and management. Some of the limitations of traditional
indices were addressed with the novel indices in which
high-resolution imagery was used to assess the post-fire
accurately. The superior performance of SBAI over mul-
tiple approaches underscores the potential significance of
the index for policymakers and remote sensing analysts
which critically enhances the accuracy of burned area

mapping and better understanding of the impact of fire
events on the environment. Future studies could be focused
on using SBAI on various fire intensities and environmen-
tal conditions and different satellite platforms to investi-
gate its efficiency. Moreover, the integration of machine
learning with SBAI could enhance the precision mapping
of burned areas. The SBAI offers promising advancement
in the methodology of burned area detection, which sig-
nificantly contributes to the enhancement of tools to better
monitor the environment due to increased fire frequency
and intensity because of climate change impacts.

Author contribution K. C: Writing — original draft, Conceptualization,
Investigation, Methodology, data collection.

Funding The authors did not receive support from any organization
for the submitted work.

Data availability No datasets were generated or analysed during the
current study.

Declarations

Conflict of interest The authors declare no competing interests.

References

Apollo (2024) from https://apollomapping.com/blog/introducing-
medium-resolution-3-meter-planetscope-satellite-imagery-2

Chuvieco E, Mouillot F, van der Werf GR, San Miguel J, Tanase
M, Koutsias N, Garcia M, Yebra M, Padilla M, Gitas I, Heil A,
Hawbaker TJ, Giglio L (2019) Historical background and cur-
rent developments for mapping burned area from satellite Earth
observation. Remote Sens Environ 225:45-64

Garcés A, Pires I (2023) The hell of wildfires: the impact on
wildlife and its conservation and the role of the veterinarian.
Conservation 3(1):96-108. https://doi.org/10.3390/conservati
on3010009

Fan J, Yao Y, Tang Q, Zhang X, Xu J, Yu R, Liu L, Xie Z, Ning J,
Zhang L (2024) A hybrid index for monitoring burned vegeta-
tion by combining image texture features with vegetation indices.
Remote Sensing 16(9):1539

Farhadi H, Ebadi H, Kiani A (2023) Badi: a novel burned area detec-
tion index for sentinel-2 imagery using google earth engine plat-
form. ISPRS Annals Photogrammetry, Remote Sensing Spatial
Info Sci 10:179-186

Fornacca D, Ren G, Xiao W (2018) Evaluating the best spectral indi-
ces for the detection of burn scars at several post-fire dates in a
mountainous region of Northwest Yunnan, China. Remote Sens-
ing 10(8):1196

Garcia ML, Caselles V (1991) Mapping burns and natural reforestation
using Thematic Mapper data. Geocarto Int 6(1):31-37

Guo R, Yan J, Zheng H, Wu B (2024) Assessment of the analytic
burned area index for forest fire severity detection using sentinel
and landsat data. Fire 7(1):19

Gupta P, Shukla AK, Shukla DP (2024) Sentinel 2 based burn severity
mapping and assessing post-fire impacts on forests and buildings
in the Mizoram, a North-Eastern Himalayan region. Remote Sens
Appl: Soc Environ 101279. https://doi.org/10.1016/j.rsase.2024.
101279

@ Springer


https://apollomapping.com/blog/introducing-medium-resolution-3-meter-planetscope-satellite-imagery-2
https://apollomapping.com/blog/introducing-medium-resolution-3-meter-planetscope-satellite-imagery-2
https://doi.org/10.3390/conservation3010009
https://doi.org/10.3390/conservation3010009
https://doi.org/10.1016/j.rsase.2024.101279
https://doi.org/10.1016/j.rsase.2024.101279

53 Page 12 of 12

Earth Science Informatics (2025) 18:53

Han Y, Liu X, Tian Y, Dong Z (2024) Burned area and burn sever-
ity mapping with a transformer-based change detection model.
IEEE J Selected Topics Appl Earth Observations Remote Sensing
17:13866—13880

Holden Z, Smith A, Morgan P, Rollins M, Gessler P (2005) Evalua-
tion of novel thermally enhanced spectral indices for mapping
fire perimeters and comparisons with fire atlas data. Int ] Remote
Sens 26(21):4801-4808

Kavzoglu T, Yildiz M, Tonbul H (2016) Evaluating performances of
spectral indices for burned area mapping using object-based image
analysis. In: 12th International symposium on spatial accuracy
assessment in natural resources and environmental sciences, pp 5—8

Key C, Benson N (2005) Landscape assessment: remote sensing of
severity, the normalized burn ratio and ground measure of sever-
ity, the composite burn index. In: FIREMON: Fire effects moni-
toring and inventory system. USDA Forest Service, Rocky Moun-
tain Res Station, Ogden, Utah, p 108

Khwarahm NR (2022) Modeling forest-shrubland fire susceptibility
based on machine learning and geospatial approaches in moun-
tains of Kurdistan Region, Iraq. Arab J Geosci 15(13):1184

Liu J, Maeda EE, Wang D, Heiskanen J (2021) Sensitivity of spec-
tral indices on burned area detection using landsat time series in
Savannas of Southern Burkina Faso. Remote Sensing 13(13):2492

Liu P, Liu Y, Guo X, Zhao W, Wu H, Xu W (2023) Burned area detec-
tion and mapping using time series Sentinel-2 multispectral
images. Remote Sens Environ 296:113753

Martin M, Gémez I, Chuvieco E (2005) Performance of a burned-
area index (BAIM) for mapping Mediterranean burned scars from
MODIS data. In: Proceedings of the 5th International Workshop
on Remote Sensing and GIS Applications to forest fire manage-
ment: fire effects assessment. Universidad de Zaragoza, GOFC
GOLD, EARSeL, Paris, pp 193-198

Mofokeng OD, Adelabu SA, Durowoju OS, Adagbasa EA (2024)
Grass curing-driven fire danger index in a protected mountainous
grassland using fused MODIS and Sentinel-2. Int J Remote Sens
45(16):5359-5384

Muhamad AA, Rasul HQ (2024) Land cover change and its causes in
Goizha Mountain. Sci J Cihan University-Sulaimaniya 8(1):24—45

Mustafa YT, Habeeb HN (2016) Landsat LDCM imagery for esti-
mating and mapping burned forest areas caused by jet attacks
in Duhok Governorate, Kurdistan region-Iraq. J Univ Duhok
19(1):683-690

Neves AK, Pereira JMC, Silva JMN, Catarino S, Oliva P, Chuvieco
E, Campagnolo ML (2024) Active fire-based dating accuracy for
Landsat burned area maps is high in boreal and Mediterranean
biomes and low in grasslands and savannas. ISPRS J Photogramm
Remote Sens 209:461-471

Novo A, Fernandez C, Miguez C, Suérez-Vidal E (2024) Analysing the
capacity of multispectral indices to map the spatial distribution
of potential post-fire soil losses based on soil burn severity. Ecol
Inform 83:102793. https://doi.org/10.1016/j.ecoinf.2024.102793

Pacheco AD, Junior JA, Ruiz-Armenteros AM, Henriques RF (2021)
Assessment of k-nearest neighbor and random forest classifiers
for mapping forest fire areas in Central Portugal Using Landsat-8,

@ Springer

Sentinel-2, and Terra Imagery. Remote Sensing. 13(7):1345.
https://doi.org/10.3390/rs13071345

Ramayanti S, Kim B, Park S, Lee C-W (2024) Wildfire susceptibility
mapping by incorporating damage proxy maps, differenced nor-
malized burn Ratio, and deep learning algorithms based on senti-
nel-1/2 data: a case study on Maui Island, Hawaii. GIsci Remote
Sensing 61(1):2353982

Rasul A, Ibrahim GRF, Hameed HM, Tansey K (2021) A trend of
increasing burned areas in Iraq from 2001 to 2019. Environ Dev
Sustain 23(4):5739-5755

Roy DP, Lewis PE, Justice CO (2002) Burned area mapping using
multi-temporal moderate spatial resolution data—a bi-directional
reflectance model-based expectation approach. Remote Sens Envi-
ron 83(1):263-286

Salar SG (2019) Identification of forest fire risk zones in the Sartak
watershed, Kurdistan region, Iraq: GIS and Remote sensing appli-
cations. Iraqi Bull Geol Mining 15(1):105-122

Sali M, Piaser E, Boschetti M, Brivio PA, Sona G, Bordogna G, Strop-
piana D (2021) A burned area mapping algorithm for Sentinel-2
data based on approximate reasoning and region growing. Remote
Sensing 13(11):2214. https://doi.org/10.3390/rs13112214

Seydi ST, Hasanlou M, Chanussot J (2022) Burnt-Net: Wildfire burned
area mapping with single post-fire Sentinel-2 data and deep learn-
ing morphological neural network. Ecol Ind 140:108999

Skinner R, Luther M, Hertelendy AJ, Khorram-Manesh A, Sgrensen
J, Goniewicz K, Ranse J (2022) A literature review on the impact
of wildfires on emergency departments: Enhancing Disaster Pre-
paredness. Prehosp Disaster Med 37(5):657-664

Suresh Babu K, Singh S, Gulzhiyan K, Kabzhanova G, Baktybekov
G (2024) Burned area mapping based on KazEOSat 1 satellite
datasets. Environ Sci Proc 29(1):82

Tichouiti K (2024) NVDI-and NBR-based comparison for burnt areas
characterization using Sentinel-2 imagery. In: IEEE mediterra-
nean and middle-east geoscience and remote sensing symposium
(M2GARSS), Oran, Algeria, pp 187-190. https://doi.org/10.1109/
M2GARSS57310.2024.10537321

Vanhellemont Q (2023) Evaluation of eight band SuperDove imagery
for aquatic applications. Opt Express 31(9):13851-13874

Zhang Z-M, Long T, He G-J, Wei M, Tang C, Wang W, Wang G-Z, She
W, Zhang X (2020) Study on global burned forest areas based on
landsat data. Photogramm Eng Remote Sens 86:503-508

Zhang S, Zhang Y, Zhao H (2024) Integration of multiple spectral data
via a logistic regression algorithm for detection of crop residue
burned areas: A case study of songnen plain, Northeast China.
Chin Geogra Sci 34(3):548-563

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds
exclusive rights to this article under a publishing agreement with the
author(s) or other rightsholder(s); author self-archiving of the accepted
manuscript version of this article is solely governed by the terms of
such publishing agreement and applicable law.


https://doi.org/10.1016/j.ecoinf.2024.102793
https://doi.org/10.3390/rs13071345
https://doi.org/10.3390/rs13112214
https://doi.org/10.1109/M2GARSS57310.2024.10537321
https://doi.org/10.1109/M2GARSS57310.2024.10537321

	A novel multi-spectral index for burned area detection using high-resolution satellite imagery
	Abstract
	Introduction
	Materials and methods
	Study area
	Burned area detection approaches
	SuperDove burned area index (SBAI)

	Results and discussions
	Conclusion
	References


