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Abstract

Remote sensing data indicates a considerable ability to map post-forest fire destructed areas and burned severity. In this research, the
ability of spectral indices, which are difference Normalized Burned Ratio (ANBR), relative differenced Normalized Burn Ratio
(RANBR), Relativized Burn Ratio (RBR), and difference Normalized Vegetation Index (dNDVI), in mapping burn severity was
investigated. The research was conducted with free access moderate to high-resolution Landsat 8 and Sentinel 2 satellite images for
two forest fires cases that occurred in 1zmir and Antalya provinces of Turkey. Performance of the burn severity maps from different
indices were validated by use of NASA Firms active fires dataset. The results confirmed that, RANBR showed more precise results
than the other indices with an accuracy of (89%, 93%) and (84%, 79%) for Landsat 8 and Sentinel 2 satellites over Izmir and Antalya
respectively. Moreover, in this research, the ability of machine learning classifiers, which are Support Vector Machine (SVM) and
Random Forest (RF), in mapping burned areas were evaluated. According to the accuracy metrics that are user’s accuracy, producer's

accuracy and Kappa coefficient, we concluded that both classifiers indicate reliable and accurate detection for both regions.

Keywords: Forest fire, Burn scar, Burn severity, Landsat 8, Sentinel 2

Introduction

Forest fire is a pivotal ecological disaster in many
forested areas, and the level of its severity noticeably
affects forest management and wildlife habitat (Herrando
and Brotons 2002; Herrando et al. 2003; Burak et al.,
2004; Erten et al., 2004; Ozcan et al., 2018). Although
there are numbers of forest disturbances that affect the
ecosystem, fire-induced changes are mentioned to be the
most destructive one (Seidl et al. 2017).

Most of the remote sensing-based burn scar and burn
severity detection studies rely on the unique spectral
response and changes in these responses after the fire
occurrence over the affected areas. The previous
detection studies were performed either with bi-temporal
or after fire satellite images (Miller and Thode 2007;
Parks et al. 2014; Evangelides and Nobajas 2020;
Gibson et al. 2020). Previous researches proved that,
spectral indices are powerful in burned area monitoring
(Chuvieco et al. 2002; Miller and Thode 2007; Mouillot
et al. 2014). Thematic information extraction and
boundary delineation requirements are mostly fulfilled
by the use of threshold-based clustering or classification
approaches.

One of the most effective and common ways to obtain
burn severity maps (Soverel et al. 2010; Fernandez-
Garcia et al. 2018) and assessment of damaged areas, is
threshold-based clustering of spectral indices, especially

the ones that use NIR and SWIR spectral regions (Lutes
et al. 2006). As an example, differenced Normalized
Burn Ratio (ANBR) seeks for decrease in near infrared
(NIR) region and an increase in shortwave infrared
(SWIR) region in the post-fire image analysis scenario
(Mallinis et al. 2018). In addition, the classification
approaches for detection is mostly performed in a
supervised manner, by feeding the algorithms with
spectral /index characteristics of the identifiable sample
regions. In the last decade, there is a general trend of
using pixel-based machine learning algorithms or object-
based image analysis (OBIA) classification approaches
(Sertel and Alganci, 2016).

On the data side, the free accessibility of Landsat-8 and
Sentinel-2 images opens a new era for medium
resolution global land surface monitoring (Drusch et al.
2012; Roy et al. 2014). It is proved that Landsat data can
map small and spatially fragmented burned areas that are
not visible in coarser spatial resolutions (Scholes et al.
1996; Laris 2005; Silva et al. 2005). Additionally,
studies have shown the suitability and even superiority
of Sentinel-2 data in natural resources applications (van
der Werff and van der Meer 2016; Shoko and Mutanga
2017). The effectiveness of Sentinel-2 twin satellites to
detect burned areas and reforestation with accuracy
improvement have been demonstrated in several studies
(Huang et al. 2016; Navarro et al. 2017; Rahman et al.
2019).

488


https://orcid.org/0000-0002-5693-3614
https://orcid.org/0000-0001-5120-5506

Masshadi and Alganci | 1IJEGEO 8(4): 488-497 (2021)

Supervised classification of remote sensing data through
machine learning approaches such as random forest (RF)
and support vector machine (SVM) have been widely
used in the context of burned forest areas to calculate the
precise amount of burned areas, which plays a prominent
role for managing forest cover landscapes (Cutler et al.
2007; Rodriguez-Galiano et al. 2012; Collins et al.
2018). With the inspiration from current advances in
satellite missions and analysis strategies for satellite
image-based forest fire detection and burn severity
mapping, this research mainly focused on a comparative
evaluation of detection accuracies with different satellite,
spectral index and  classification  algorithm
configurations.

The objective of the research can be considered two-
fold, first to evaluate the accuracy of fire severity
classification from spectral indices such as differenced
Normalized Burn Ratio (dNBR), Relativized Burn Ratio
(RBR), and Relative differenced Normalized Burn Ratio
(RANBR) that obtained from Landsat 8 and Sentinel-2
satellite images. The second objective is to evaluate the
efficiency of machine learning-based supervised
classifiers in burned area detection by taking the SVM
and RF algorithms as the candidates.

Study Area

The forest fires in lzmir and Antalya regions that
occurred in August 2019 and June 2016 respectively
were selected as the case fires of this research. The
Turkish General of Directorate of Forestry delineated
that the total forest area of the Izmir province is 475,779
ha and 146 forest fires occurred in 2019 (RTGDF, 2019).
One of these forest fires occurred on the 18th August
2019 in Gaziemir, Buca, and Karabaglar districts of
Izmir, and approximately 5,000 ha of forest areas were
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affected (Kesgin Atak and Ersoy Tonyalioglu, 2020).
For the second case, the forest fire that occurred on 24-
27 June 2016 in Adrasan and Kumluca regions of
Antalya province were investigated. The province of
Antalya is located in the Mediterranean climate zone,
where there is a risk of first-degree fire. The existing
forest area is 1,146,062 ha, covering 56% of the
province's surface area and correspond to 5.4% of the
forest areas of Turkey. The regions of interest for this
research are provided in Figure 1.

Materials and Methods
Data

The Sentinel 2 and Landsat 8 satellite images for post-
fire and pre-fire dates were downloaded from the Earth
Explorer archive. Images were selected from the
available cloud-free pre- and post-fire archives that were
closest to the date of the fire, aiming to avoid
phenological changes in the vegetation and to allow
comparison among remote sensing products in
estimating burn severity (Garcia-Llamas et al. 2019),
(Tablel).

The active fire point dataset was downloaded from
FIRMS NASA website and used to validate the burn
severity maps and burned area detection results derived
from Landsat 8 and Sentinel 2 images (Konkathi and
Shetty 2019; Bar et al. 2020). This dataset is produced
from Moderate Resolution Imaging Spectro-radiometer
(MODIS) and SUOMI NPP Visible Infrared Imaging
Radiometer Suite (VIIRS) images and distributed with
confidence information. The fire points were taken from
18th August 2019 to 20th August 2019 for lzmir and
were taken from 24th June 2016 to 26th June 2016 for
Antalya.
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Table 1. Satellite images information and date of acquisition

Study site Dataset Resolution Acquisition dates (Pre / post Fire)
Landsat 8 30m 07.08.2019 / 23.08.2019
Izmir
Sentinel 2 10m, 20m 11.08.2019 / 21.08.2019
Landsat 8 30m 22.06.2016 / 08.07.2016
Antalya
Sentinel 2 10m, 20m 21.06.2016 / 11.07.2016

Preprocessing

The processing chain of this research is provided in
Figure 2. As a first step, Sentinel-2 data were
atmospherically corrected in SNAP (Zuhlke 2015) using
the sen2cor tool (Louis et al. 2016). Landsat 8 data were
atmospherically corrected in ENVI® software using the
Fast Line-of-sight Atmospheric Analysis of Hypercubes
(FLAASH) algortihm. The Sentinel 2A and Landsat 8
OLI images are provided as geometrically corrected,
thus, no geometric correction was performed (Sothe et

Antalya

al., 2017). For Sentinel 2 data, bands 11 and 12 with
20m resolution were resampled to 10m resolution in
SNAP. After Layer stacking, bands of the selected
Landsat-8 and Sentinel-2A images were standardized
using the following formula (Rahman, et al., 2019):

(Bi <0) x 0+ (Bi >10000) x 1 + (Bi > 0 and Bi <
10000)  float (Bi)/10000 (1)

where, Bi = Specific Band
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Fig. 2. Methodological flowchart.
Spectral Index Calculation and Burn Severity Mapping

Burn severity is a measure for evaluating the magnitude
of ecological alteration caused by a forest fire. This
research evaluates the performance of four spectral
indices that are dNDVI, dNBR, RANBR, and RBR in
burn severity detection and mapping. For this purpose, a
series of bi-temporal spectral indices were calculated
from satellite images (Mallinis, et al., 2018). Normalized
difference vegetation index (NDVI) is the most popular
vegetation index, as it provides a measure of vegetation

greenness and photosynthetic activity (Fraser, et al.,
2000). The NBR is specifically designed to extract the
burned areas and determine burn severity. It uses the
NIR and SWIR bands, which are different from the
NDVI (Red and NIR bands) in the calculation. The NBR
is also crucial for determining, measuring, and mapping
burn severity quantitatively and qualitatively (Key and
Benson, 2005). Post-fire NBR is subtracted from pre-fire
NBR to provide dNBR for assessing burn severity. NBR
index values theoretically vary from -1 to + 1, whereas
dNBR values can vary from — 2 to + 2. Relative
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difference Normalized Burn ratio (RANBR) was a
variant of the Differenced Normalized Burn Ratio
(dNBR) that considers the relative amount of pre-to post-
fire change by dividing dNBR by the pre-fire NBR value
This index was proposed to remove the bias due to the
pre-fire vegetation type and density (Miller, et al., 2009).

Table 2. Spectral indices for Landsat 8 and Sentinel 2 satellites

The list of all indices used in this study for each satellite
has been shown in Table 2. The burn severity indices
values were classified into different severity levels
according to the burn severity category indicated by the
US Geological Survey (USGS, 2016) (Table 3).

Spectral index Sentinel2 Landsat8 References
Normalized

Difference _(Band8—Band4) _(Band5-Band4)

Vegetation Index NDVI_(Band8+Band4) NDVI_(Band5+Band4—) Tucker, 1979
(NDVI)

Normalized Burn NBR:(Bands—BandlZ) NBR:(Bands—Band7) Key and
Ratio (NBR) (Bands+Band12) (Band5+Band7) Benson, 2005
Difference

normalized ANDVI=NDVIpre_fire — dNDVI=NDVIyre_fire —

vegetation index NDVI@yost—fire NDVIyost—fire

(ANDVI)

differenced

! dNBR =NBR e fire — Key and
Normalized Burn  dNBR =NBRyye—rire = NBRpost—ire vEm, o
Ratio (ANBR) post—fire !
Relativized Burn _ dNBR _ dNBR Parks, DI”OI’]

° RBR=—————— RBR=——————— and Miller,
Ratio (RBR) (NBRpre—fire+1.001) (NBRpre—fire+1.001)
2014
Relative
differenced _ dNBR _ dNBR Miller et al.,
Normalized Burn RdNBR_(abs(NBRpre_ﬁre/l000))0-5 RdNBR_(abs(NBRpre_ﬁre/l000))0-5 2009

Ratio (RANBR)

Table 3. Severity category definitions (OUSGS)

Range Burn severity

<-0.25 High post-fire regrowth
-0.25t0-0.1 Low post-fire regrowth
-01to+0.1 Unburned

0.1t00.27 Low-severity

0.27t0 0.44 Moderate-low severity

0.44 to 0.66 Moderate-high severity
>0.66 High-severity

Burned Area Detection with Classification

According to the objective of this study, post-fire
supervised classification of Sentinel 2A and Landsat 8
OLI satellites for both study areas were performed by the
use of pixel-based machine learning algorithms that are
Support Vector Machine (SVM) and Random Forest
(RF). Support Vector Machines are an efficient statistical
classification method that determines how to define the
boundary line (hyperplane) that can best distinguish two
or more classes from each other (Huang et.al., 2002).
The RF algorithm generates an ensemble of regression
trees, through a bootstrap aggregated (bagging) sampling
of training data (Breiman, 2001). At each node in a
decision tree, a random selection (parameter entry) of
predictor variables is evaluated for their ability to split
training data into response classes, with the variable
leading to the most homogeneous classification being
selected.

491

In this research, a stratified random training sample
dataset was created for classification, based on the
number of classes for each study area. For making a
comparison between SVM and RF classification
algorithms, the same training samples were used for each
of the algorithms according to the number of classes for
the study areas (Izmir and Antalya). The open-access
software QGIS 3.10, classification tool (dzetsaka) plugin
was used for process.

Accuracy Assessment

Point data for burned and unburned areas were used to
test classification algorithms. The test points for
unburned areas were randomly generated and assigned to
each class by using the satellite image as the base map.
The burned areas were tested using NASA FIRMS active
fire point data. As this dataset is generated from MODIS
and VIIRS images that have coarse spatial resolution, it
faces difficulties in detecting the spatial extent of smaller
fires. The main limitation of such a technique is the low
spatial accuracy of the hotspot detections that causes
false correspondences between vegetation changes and
active fires (Roteta, et al., 2019). Considering these
limitation, only the fire points with a confidence level
higher than 90% were used for both regions. A set of
accuracy assessment metrics such as User Accuracy
(UA), Producer Accuracy (PA), Kappa (K) and Overall
Accuracy (OA) were used for the assessment (Foody,
2010).
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Results and Discussion

According to the initial aim of this research, spectral
indices dataset classified into different severity levels
based on burn severity categories provided by USGS to
produce burn severity maps for each study area (Fig. 3).
To evaluate the accuracy of these maps produced from
different indices, active fire points from NASA FIRMS
were overlaid on binary classified (burned vs unburned)
burn severity maps. The overall accuracy results and the
amount of burned area derived from different indices and
for each satellite were graphed in Figure 4. In general,
without considering dNDVI data set, the Sentinel 2
image-based analysis provided higher accuracy than the
analysis with Landsat 8 dataset in Karabaglar, Izmir.
Besides, RANBR represented a high level of accuracy for
both S_2 and L_8 satellites, 93% and 89% respectively.

In Kumluca and Adrasan, Antalya, dNDVI and RANBR
L_8 showed the same accuracy of 84%. However, in S_2
both dNBR and RdNBR represented 79% overall
accuracy. Thus, the relativized RANBR index, which
provides information on the changes induced by fire
regardless of pre-fire land cover (Miller and Thode,
2007), may more accurately predict burn severity in
heterogeneous landscapes (Miller, et al.,, 2009).
Moreover, the burned area analysis provided different
values for satellites and bi-temporal indices. The dNDVI
with L_8 provided a higher burned area than S_2 over
Karabaglar, Izmir, whereas other indices represented a
higher amount of burned area with S_2 satellite images
for this region. Besides, the same result can be observed
in Adrasan and Kumluca regions, Antalya. Classification
results from two machine-learning algorithms for both
satellites over the study areas were given in Figure 5
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A comparison of burned area estimation between two
ML classifiers (SVM and RF), over the two study areas

by using the post-fire images derived from L_8 and S_2
is represented in Table 4. According to this table, the RF
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classifier provided a higher amount of burnt area than
the SVM classifier in Adrasan and Kumluca, Antalya for
both satellites. Moreover, in this area with respect to
relative difference L_8 approximately represented
similar results, however, S_2 showed a 4.5% difference
for different classifiers. In Karabaglar, Izmir SVM
classifiers indicated more amount of burned areas in
comparison with RF. Moreover, the amount of burned
areas derived from SVM and RF-based on S 2, more
close to each other in comparison with L_8.

Several machine-learning algorithms have been used for
burned area assessment, however the RF algorithm was
mostly employed widely to identify burnt vegetation
(Bar et al., 2020). In this research, two different ML
classifiers (i.e. SVM and RF) were applied with the same
set of training data over two study areas for both
satellites to make a comparison and evaluate the
performance of each in burned forestry areas. Producers
Accuracy (PA), User Accuracy (UA), Overall Accuracy
(OA), and Kappa coefficient were employed to evaluate
the performance of these classifiers on different satellite
images (Table 5 and Table 6). For the PA scores for the
burned areas, the SVM provided slightly higher scores

than the RF, and with a slightly better result for the L_8
satellite for both algorithms in the Izmir region. For the
Antalya region, the RF provided slightly better scores
than the SVM again in favour of the L_8 satellite image.
For the UA metric, both algorithms and satellite images
provided a 100% score for Izmir, while all the
configurations except the RF classification of L_8 image
provided efficient scores over 90% for the Antalya
region. The OA metric for all configurations provided
acceptable performances around 85%. The amount of
Kappa coefficient in test regions was varied between
0.8-0.87. Tran et al (2018) claim that kappa values
greater than 0.77 represent substantial agreement for the
accuracy of burned areas.

Table 4. Burned area estimation over study areas for
SVM and RF based on S_2 and L_8 (ha)

Antalya Izmir
diff. diff.
Sat. SVM RF (%) SVM RF (%)
L 8 219996 221238 0.28 5895.63 572256 1.50
S 2 209520 229417 450 5863.25 5790.83 0.62

Table 5. Accuracy assessment of ML algorithms on Sentinel 2 and Landsat 8 surface reflectance images for Karabaglar,

Izmir
Sentinel 2 Landsat 8
SVM RF SVM RF

Class name Producers  Users  Producers Users  Producers Users  Producers Users

acc. acc. acc. acc. acc. acc. acc. acc.
Agriculture 80% 81% 80% 80% 86% 7% 84% 82%
Bare soil 82% 7% 88% 78% 76% 82% 70% 72%
Excavation 89% 78% 89% 74% 89% 79% 89% 73%
Urban 73% 79% 69% 92% 75% 77% 77% 7%
Water 100% 100% 100% 100% 100% 100% 100% 100%
Burned forest 78% 100% 76.5% 100% 82% 100% 79.5% 100%
Forest 100% 82% 100% 86% 100% 87% 100% 88%
Overall acc. 89% 86% 84% 85%
Kappa 0.87 0.85 0.80 0.82

Table 6. Accuracy assessment of ML algorithms on Sentinel 2 and Landsat 8 surface reflectance images for Adrasan

and Kumluca, Antalya

Sentinel 2 Landsat 8
SVM RF SVM RF

Class name Producers Users Producers Users Producers Users Producers Users

acc. acc. acc. acc. acc. acc. acc. acc.
Greenhouse 86% 100% 88% 98% 84% 98% 88% 100%
Agriculture 92% 88% 86% 54% 90% 80% 86% 47%
Forest 96% 74% 96% 76% 96% 75% 96% 7%
Burned forest 66% 95% 72% 98% 70% 91% 2% 62%
Water 100% 100% 100% 100% 100% 100% 100% 100%
Bare soil 94% 85% 92% 90% 90% 88% 92% 90%
Impervious 90% 83% 90% 80% 80% 80% 78% 42%
Overall 86.5% 87% 85% 85%
Kappa 0.84 0.84 0.81 0.82

The correlation analysis between fire severity metrics
(dNDVI, dNBR, RANBR, and RBR) were calculated to
evaluate the level of agreement between these bi-
temporal indices and to define the best pairs for fire

severity detection. According to the results are provided
in Figure 6, for Landsat 8 in Karabaglar, Izmir there is a
strong correlation between RBR with dNBR, and
RANBR However there is a with a strong scattering of
dNDVI that indicates lower correlation. The high
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correlation (0.95-0.99) indicates that related indices
would be effective to determine forest fire severity.
Landsat 8 indicated a similar result over Adrasan and
Kumluca, Antalya with a high correlation (0.92-0.99)
between these bi-temporal indices. For Sentinel 2 image
dataset, the reduced correlation of dNDVI with other
indices due to its scattered characteristics becomes more
obvious. This finding can be supported by Figure 3b,

Landsat § Izmir

RBR 0.99 0.97 096
RINBE 0.98 0.96
dNBR 0.95
dNDVI

Landsat 8 Antalya
RBR 0.99 0.99 0.93
RINBE 0.99 0.92
. 1 A dNBR | 093
dNDVI

where dNDVI failed to detect high severity areas. From
the sensor aspect, the function lines are in much linear
characteristics for Landsat 8, indicating higher similarity
between indices, on the other hand Sentinel 2 data
related graphs provided non-linear characteristics, which
indicate special attention requirement when designing
threshold based analysis from these indices.

Sentinel 2 Izmir
RER 0.01 0.98 0.92
RANBR 0.02 0.85
| dNBR 0.94
dNDVI
Sentinel 2 Antalya
RBR 0.01 0.94 0.78
RANBR 0.02 0.99
dNBR 0.80
dNDVI

Fig. 6. The correlation graphs of fire severity indices produced from bi-temporal images

When the results are discussed, it can be asserted that
burn severity indices that use SWIR bands provided a
successful determination of burn scar; however, dNDVI
faced some problems especially for the Sentinel 2
images. It is worth noting that, the index-based analysis
results in different severity levels over burn scars.
According to the burned area calculation results, it is
observed that most of the index-based analysis tends to
overestimate the total burned area when compared to
image classification results.

The point-based accuracy metrics provided higher
accuracies for index-based results from the Sentinel-2
image. Moreover, RdANBR provided the highest
accuracies in both regions and for both sensors, which
can be also verified from burn scar maps of this index
provided in Figure 3. When the performance of ML
classifiers is investigated, it can be observed that both
SVM and RF classifiers provided similar and acceptable

accuracies in terms of burned area mapping and overall
classification performance. The burned area results are
also comparable for these classifiers. On the other hand,
these post-fire classification analyses can effectively
map the burn scars, but cannot provide a quantitative
result for burn severity levels.

Conclusion

The study investigated the performance of using
moderate to high-resolution multispectral sensors such as
Landsat 8 (OLI) and Sentinel 2 to evaluate burned forest
area over two test sites. As a first step, we estimated the
potential of four burn sensitive indices to ascertain the
fire severity. Estimating the accuracy of binary
classifications of these indices by employing active fire
points from MODIS and VIIRS satellites represented
that RANBR assigned a higher percentage of accuracy
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over both satellite image sets in both study areas.
Additionally, dNDVI provided higher burned area
estimations for Landsat 8 images of both regions,
whereas Sentinel 2 assigned RANBR and dNBR for
Karabaglar, Izmir, and Adrasan and Kumluca, Antalya
respectively. Moreover, out of two widely used ML
classifier algorithms, SVM and RF represented efficient
performance in accuracy assessment for Adrasan and
Kumluca, Antalya region. SVM classification of both
satellite images provided relatively higher burned area.
However, for Karabaglar, Izmir RF classification
provided higher burned area estimations for Landsat 8
and Sentinel 2. The results conclude that RANBR can be
used as a reliable burn severity index and both machine
learning-based classifiers can effectively map the burn
scars.
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