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Abstract: Wildfires pose a direct threat when occurring close to populated areas. Additionally,
their significant carbon and climate feedbacks represent an indirect threat on a global, long-term
scale. Monitoring and analyzing wildfires is therefore a crucial task to increase the understanding of
interconnections between fire and ecosystems, in order to improve wildfire management activities.
This study investigates the suitability of 232 different red/near-infrared band combinations based on
hyperspectral imagery of the DESIS sensor with regard to burnt area detection accuracy. It is shown
that the selection of wavelengths greatly influences the detection quality, and that especially the
utilization of lower near-infrared wavelengths increases the yielded accuracy. For burnt area analysis
based on the Normalized Difference Vegetation Index (NDVI), the optimal wavelength range has
been found to be 660–670 nm and 810–835 nm for the red band and near-infrared band, respectively.
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1. Introduction

Imagery for Improving Burnt Area

Disastrous wildfires, such as the ones occurring in New South Wales/Australia in
2019/2020 or in California/USA in 2020, have gained wide recognition in the global media.
While the endangerment of human lives and property is the primary point of concern,
global wildfire activity is also a significant contributor to the greenhouse effect through
CO2 emissions, thus fostering global warming [1,2]. Studies showed that forest loss has
increased substantially over the past two decades in many parts of the world, and that the
underlying dynamics can be largely attributed to fire activity [3]. A better understanding
of interactions between ecosystems, climate, humans and wildfire is therefore a constant
aim in fire science [4].
Multispectral remote sensing allows the observation of large-scale fire activity patterns
with high temporal resolution, which has significantly improved the knowledge in this domain in the past few decades. Monitoring wildfires using satellite-based Earth Observation
imagery has become an essential tool for wildfire analysis and mitigation management.
The assessment of burnt areas through remote sensing imagery is usually based on a
combination of information of either the red/near-infrared (NIR) or the near-infrared/short
wave infrared (SWIR) domain. This is done by utilizing a normalized difference index
such as the Normalized Difference Vegetation Index (NDVI) [5], or the Normalized Burn
Ratio (NBR) [6], often through a comparison of different points in time. A comprehensive
overview of burnt area mapping indices was compiled by Veraverbeke [7]. The concept of
the exploitation of synergetic effects between burnt area indices and thermal anomaly data,
which is also employed in this study, has been proposed by Fraser et al. and Li et al. [8,9].
The MCD64A1 [10] dataset by the National Aeronautics and Space Administration
(NASA), and the Fire_cci BA 5.1 dataset [11] by the European Space Agency (ESA), represent the two most widely used, globally available burnt area datasets. Both are derived from
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multispectral imagery of the moderate-resolution Imaging Spectroradiometer (MODIS) instrument onboard the NASA Aqua and Terra satellites. Another dataset, based on imagery
of the Ocean and Land Color Instrument (OLCI) sensor onboard the ESA Sentinel-3A/B
satellites, is currently prepared by the German Aerospace Center (DLR) [12]. This latter
dataset comprises global burnt area data for recent years, and also near-realtime information in the form of a wildfire monitoring service. The service is available for the area of
Europe, and is updated twice a day. It is developed and maintained by the department
for Geo-Risks and Civil Security (GZS) of the German Remote Sensing Data Center (DFD)
at DLR.
Recently, several hyperspectral instruments have been developed as part of spaceborne
missions, such as the Hyperspectral Infrared Imager (HyspIRI) of the NASA, the Precursore
Iperspettrale Della Missione Applicativa (PRISMA) of the Agenzia Spaziale Italiana (ASI),
and the DLR Earth Sensing Imaging Spectrometer (DESIS) of the DLR. The Environmental
Mapping and Analysis Program (EnMAP), another hyperspectral sensor developed by
DLR, is scheduled to be launched in 2022. Contrary to multispectral sensors, which
feature a small number of non-contiguous bands with a bandwidth wider than 20 nm,
such hyperspectral instruments provide a multitude of spectrally contiguous bands with
a bandwidth below 20 nm [4]. This high radiometric resolution can be leveraged to
extract valuable information about vegetation type, biomass, chlorophyll, and leaf nutrient
concentration. This, in turn, allows deeper insights into ecosystem functions, vegetation
growth, and nutrient cycling than were formerly possible [13].
This study analyzes the suitability of each red/NIR band combination possible with
the DESIS sensor bands regarding burnt area detection accuracy. Using the 4× binning
variant of the product, this comprises eight bands in the red domain, which are located
between between 624 and 705 nm, and 29 bands in the NIR domain, located between 705
and 1000 nm. The DESIS data are analyzed using the tested and proven methodology
employed for the operation of the DLR-GZS wildfire monitoring service, as proposed by
Nolde et al. [12]. The primary aim of the study is to identify the red/NIR band wavelength
combination best suited for burnt area monitoring. These findings are applicable to
other hyperspectral sensors, but also support the selection of suitable bands regarding
multispectral sensors, such as Sentinel-3 OLCI.
2. Materials and Methods
The DESIS sensor provides information in the blue, green, red, and part of the NIR
wavelengths. Pereira et al. stated that the NIR domain can be considered to be the best
suited one for burnt area detection and mapping [14]. The same was found by Pleniou and
Koutsias, who thoroughly investigated differences in spectral reflectance values between
burnt and unburnt vegetation regarding various wavelengths. Their results showed that
the red band features differences in signal strength twice as high compared to the blue and
green band, while the NIR band even showed differences which were six times stronger [15].
Veraverbeke et al. compared 16 common spectral indices regarding burnt area detection
accuracy. Of these, 15 utilized information from the NIR domain, while the red domain
was used in eight indices. The blue band was used for one index only, and the green band
was not used at all. Bands from longer wavelengths were used for 10 of the 16 investigated
indices [7].
Since the blue and green wavelengths can be regarded as unsuited for the purpose of
burnt area detection, this study is only concerned with the red and NIR domains of the
spectrum offered by DESIS.
While the MCD64A1 and Fire_cci BA 5.1 datasets utilize information from different
spectral ranges including the SWIR domain, the DLR-GZS monitoring service is restricted
to red and NIR bands. This is due to the fact that Sentinel-3 OLCI only covers the spectral
range from 385 nm to 1040 nm, which does not include the SWIR range [16]. The level
1 product comprises 21 bands with varying band widths (between 2.5 and 40 nm) in the
visible and near-infrared wavelengths between 385 and 1040 nm. Only two of these bands,
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numbers 8 and 17, are utilized in the final level 2 product. Band 8 covers the electromagnetic
spectrum between 660 and 670 nm, while band 17 covers 855 to 875 nm [16].
Since the wildfire monitoring service must necessarily operate in near-realtime, the
information is acquired from the level 1 product. The level 2 product is only available at a
later point in time.
The service is based on bands 8 and 17 because they represent a suitable basis for
general purpose applications including burnt area monitoring. Furthermore, selecting the
bands of the level 1 data which are also included in level 2 allowed the flawless transition
to this higher processing level, in cases when timeliness is not an issue. However, no
inter-comparison of the available level 1 bands has been undertaken during the initial
phase of the service development to ascertain that the selected bands really are the most
suited ones for the purpose of burnt area monitoring.
This study undertakes this effort but uses a more comprehensive approach. Firstly,
it identifies the optimal wavelengths for burnt area detection within the red and NIR
domain, using hyperspectral data with high radiometric resolution. Consecutively, this
range is compared to the range of the Sentinel-3 OLCI bands currently used in the wildfire
monitoring service, to determine if using different bands from the OLCI level 1 product
would be beneficial.
The DESIS instrument features an radiometric coverage of the electromagnetic range
from 402 nm to 1000 nm, and thus almost entirely covers the range from the lower limit in
band 1 to the upper limit in band 21 of the OLCI instrument (385 and 1040 nm, respectively).
This circumstance makes DESIS well suited for this kind of analysis. The DESIS sensor
is operated by Teledyne Brown Engineering/USA, and the DLR [17]. It is integrated
within the Multi-User-System for Earth Sensing (MUSES) platform, which is installed on
the International Space Station (ISS). Its intended fields of application primarily are the
analysis of vegetation health and stress, water quality and pollution as well as the Earth’s
mineral resources. The instrument is built as a pushbroom imaging spectrometer, with a
ground sampling distance of 30 m at nadir and a swath width of about 30 km. Table 1 lists
a selection of the sensor’s technical specifications.
Table 1. DESIS design specifications, from Müller et al. [18], edited.

Instrument Design Parameters
Telescope F#/Focal length
Field of View
Instantaneous Field of View
Ground Sample Distance (nadir)
Swath (nadir)
Spectral range
Spectral sampling
Number of spectral channels

3/320 mm, telecentric
4.4◦
0.004◦
30 m (reference flight altitude: 400 km)
∼30 km (reference flight altitude: 400 km)
400–1000 nm
2.55 nm/235 bands
235 (no binning)
117 (2× binning)
78 (3× binning)
58 (4× binning)

The methodology of this study follows an approach sometimes referred to as the
so-called “brute force approach”. In this context, this means that every single possible
wavelength combination in the red and near-infrared domain is analyzed regarding its
suitability for burnt area derivation. Each result is evaluated using a variety of common
metrics. This proceeding is performed regarding each DESIS scene available for the
study area.
To evaluate the performance, the results are compared against a reference, for which
the Sentinel-3 based DLR-GZS wildfire monitoring service is utilized. To ensure that
differences in results can clearly be attributed to the differing inputs, the DESIS data
are analyzed following the exact methodology of the wildfire monitoring service. This
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methodology is shown in Figure 1 and briefly described consecutively. An extensive
documentation can be found in the literature [12].

Figure 1. Schematic workflow for the burnt area derivation, from Nolde et al. [12].

The methodology has primarily been designed for monitoring continental scale regions in near-real time. However, it can as well be applied to archived data in order
to perform retrospective time series analyses. The generated product contains the exact
perimeter of each burnt area, as well as the date of detection, and the burn severity by
means of the differential NDVI (NDVIdiff , see Equations (1) and (2), respectively).
NDVI =

NIR − Red
NIR + Red

NDVIdiff = NDVIpre − NDVIpost

(1)
(2)

The burnt area derivation method basically exploits the synergetic effects of information from the red and NIR wavelengths, combined through the application of the NDVI.
The pre-processing includes the preparation of pre- and post NDVI mosaics, from
which the NDVIdiff is calculated as a basis for the segmentation algorithm. The generation
of the pre-mosaic is initialized with the earliest available scene for the area of interest within
a 30 day time range before the post scene date. Sections either not covered or affected by
clouds in this area are then progressively complemented with cloud-free information from
more recent scenes. The generation of the post-mosaic is performed accordingly, with the
difference that pixels featuring low NDVI values are overwritten by pixels with higher
values in consecutive scenes. This is done in order to mitigate false detections due to cloud
shadows. In addition, the utilized time range is shorter compared to the pre-mosaic.
To segment a given area into burnt and unburnt portions, the concept of Morphological Active Contours without Edges (MorphACWE) [19,20] is utilized. This method
is closely related to Geodesic Active Contour Level Sets [21]. The algorithm generates a
dynamic curve, which grows starting from seed locations and converges when an optimal
segmentation of the actual burnt area is reached. This proceeding was shown to yield
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results of high geometric accuracy when having been inter-compared with the NASA
MCD64A1 dataset [12].
As seed information, thermal anomaly locations from the MODIS MOD14A1/MYD14A1
product [22] as well as the Visible Infrared Imaging Radiometer Suite (VIIRS) VNP14A1
product [23] are used.
Both products are based on a contextual algorithm, which utilizes brightness temperature differences between the mid-infared (MIR) and thermal infrared (TIR) domain to
identify biomass burning locations [24,25]. While the MODIS product is available with
a spatial resolution of 1 km, the product based on VIIRS features a ground resolution of
375 m at nadir.
This study analyses which wavelength ranges in the red and NIR domain are best
suited for the task of burnt area derivation. A substantial obstacle for this kind of study is
source data scarcity. DESIS does not continuously monitor the Earth’s surface, but needs
to be tasked for each desired data acquisition. Studies incorporating a multitude of input
scenes thus require careful acquisition planning and execution, or need to be based on
already available, archived data.
For this study, information from different points in time is required due to the pre/postapproach used in the derivation methodology. Ideally, these time steps should be located in
close temporal proximity to the actual fire event, with the pre scene being acquired shortly
before and the post scene shortly after a fire. Furthermore, an extended geographical region
should be covered, in order to enable the derivation of statistically relevant performance indicators.
Preconditions for the selection of the study region were thus the availability of DESIS
data with sufficient geographic and temporal extent, and the presence of significant fire
activity. To that purpose, the DLR EOWEB GeoPortal [26] was inspected for DESIS data in
regions regularly affected by wildfires. The region of Northern California could finally be
established as a suitable study site. This region experienced dramatic wildfire outbreaks
in the 2020 fire season, particularly in the month of August. In total, 56 DESIS scenes are
available for the site, distributed over the time range from 2018 to 2021. The area of interest,
together with geometric footprints of the available DESIS scenes, is depicted in Figure 2.
An exemplary pair of a pre and a post scene, both partly overlapping a huge burnt
area in the western part of the area of interest, is shown in Figure 3. The red, green and blue
channels have been used for visualisation, instead of the red and NIR channels utilized
for the actual analysis. The pre scene was acquired on 9 June 2020 and the post scene on
8 April 2021. The Sentinel-3 based burnt area reference is depicted in dark gray in the
background, with the outline shown additionally in orange above the DESIS scenes. The
post scene, placed above the pre scene, shows darkened areas caused by burning within
the area indicated by the reference. The large temporal distance between the two DESIS
scenes is due to the scarcity of available DESIS data. A value of 12 months was chosen as
the maximal allowed distance between pre and post scenes in this study.
The DESIS level 2A product is available in its original form, as well as three postprocessing variants. The original variant provides a totality of 235 bands, each covering
a wavelength range of 2.55 nm [27]. The other variants are binning products, for which
several bands are combined. These post-processed products feature an improved signal-tonoise ratio. For this study, all available 56 scenes for northern California were retrieved in
their 4× binning variant, which contains 58 bands.
Eight of these bands, the ones with numbers 22 to 29, belong to the red domain. They
feature wavelength centers from 629.5 to 700.9 nm. The bands with numbers 30 to 58 are
attributed to the NIR domain. Their wavelength centers range from 711.1 to 996.7 nm.
To identify the band combination with the most favorable properties regarding burnt
area derivation, each available red band is combined with each NIR band. This results in 232
(8 red * 29 NIR) combinations for each individual hyperspectral scene of the scenes available.
Since 56 scenes are used, this yields a totality of 12,992 multispectral input variants for
the processing. Every single combination is used to calculate the respective NDVI. The
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NDVIdiff , calculated from the NDVI of a pre and a post scene, operates consecutively as an
input for the burnt area processing mechanism.

Figure 2. Area of Interest: Northern California. The footprints of available DESIS scenes are shown
in orange. Burnt area reference perimeters, derived from Sentinel-3 OLCI data, are depicted in dark
gray. The footprints with blue contours depict the region exemplary visualized in Figure 3.

Figure 3. Exemplary pre scene (left) and post scene (right) from 9 June 2020, and 8 April 2021,
respectively.

Remote Sens. 2021, 13, 5029

7 of 11

3. Results
Exemplary results for two different red/NIR band combinations are shown in Figure 4.
The red/NIR band combinations used are 22/30 and 25/40.
a

b

Figure 4. Results utilizing different red/NIR combinations. Subfigure (a) depicts the results gained
with combination 22/30, while subfigure (b) shows the results for combination 25/40 (4× binning).

The term True Positives (TPpix ) subsequently refer to the number of burnt area pixels
which are derived for a specific DESIS band combination regarding a single scene, which
overlap with the burnt area pixels contained in the Sentinel-3 OLCI reference. Consecutively, the term False Positives (FPpix ) addresses the number of derived burnt area pixels
which do not overlap with the burnt area pixels in the reference. For the accuracy assessment, these values are set in relation to the number of total burnt area pixels in the
reference, in the form of a ratio.
It can be seen in Figure 4 that both combinations yield very similar results regarding
the True Positives, meaning that they cover most parts of the reference area. However,
they feature extensive differences regarding the falsely determined area (False Positives).
The metric primarily used in this study to evaluate the quality of the results combines
these two factors, by building the average of the True Positive ratio and the inverse False
Positive ratio. Equation (3) shows the determination of the TP/FPinv value for a single
scene. Equation (4) illustrates the weighting of the individual results by integrating the
size of the reference burnt area in each scene. The ratios are calculated based on the
respective sums of True Positive pixels, False Positive pixels, and Reference burnt area
pixels regarding all scenes. This results in a weighted average value. If the accuracy for
each scene would be determined individually instead and then consecutively used to
calculate an “average of averages”, the scenes with a small number of burnt area pixels
would be greatly over-represented, and thus the result would be significantly distorted.

TP/FPinv =

TP/FPinv =

TPpix
Refpix

∑ TPpix
∑ Refpix

+ (1 −

FPpix
Refpix )

2

+ (1 −

∑ FPpix
)
∑ Refpix

(3)

(4)
2
The yielded weighted averages regarding all 232 band combinations for each of the
56 scenes regarding the TP/FPinv metric are depicted in Table 2. To allow a more complete
overview, the evaluation is also performed with a variety of alternative metrics, namely
the F1-Score, Intersect over Union, Accuracy, Kohen’s Kappa, Precision, and Recall. Since
each metric weights the inputs of True Positives and False Positives differently, the results
vary within a reasonable range.
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Each cell in Table 2 represents the accuracy result for a specific red/NIR band combination. As can be seen, the highest accuracy achieved is 0.74, while the lowest is 0.6.
Several regions are specifically expressive, and are thus highlighted with black and colored boundaries, respectively: The black rectangle circumscribes the red/NIR wavelengths
used in the bands 8 and 17 contained in the Sentinel-3 OLCI level 2 product. As stated,
these are also the bands utilized as a basis for the DLR-GZS wildfire monitoring service.
The corresponding accuracy results using DESIS band information yields an average value
of 0.67, meaning an accuracy of 67%.
The blue rectangle shows the best available alternative, when the same red/NIR
wavelength width is postulated. The rectangle depicts the optimal wavelengths indicated
with the TP/FPinv , F1-Score and Intersect over Union metrics. Using these wavelengths,
corresponding to the DESIS bands 40–42 in the NIR and 25/26 in the red domain, results
in an averaged accuracy value of 0.72, indicating a performance gain of 5%. The further,
dotted rectangles depict the regions identified when other metrics are used. The violet box
marks the optimal wavelengths according to the Accuracy and Cohen’s Kappa metrics.
Cyan refers to the Precision metric, while dark blue addresses the Recall.
Table 2. Accuracy results for each red/NIR band combination, derived using the TP/FPinv metric.
The cell values represent the total accuracy of all 56 input scenes. The colored rectangles indicate the
optimal wavelengths for burnt area detection according to different metrics, while the black rectangle
marks the region of the Sentinel-3 OLCI bands used in the DLR-GZS wildfire monitoring service.

30 (711.1)
31 (721.3)
32 (731.5)
33 (741.7)
34 (751.9)
35 (762.1)
36 (772.3)
37 (782.5)
38 (792.7)
39 (802.9)
40 (813.1)
41 (823.3)
42 (833.5)
43 (843.7)
44 (853.9)
45 (864.1)
46 (874.3)
47 (884.5)
48 (894.7)
49 (904.9)
50 (915.1)
51 (925.3)
52 (935.5)
53 (945.7)
54 (955.9)
55 (966.1)
56 (976.3)
57 (986.5)
58 (996.7)

22
(629.5)
0.7
0.7
0.64
0.67
0.72
0.72
0.72
0.7
0.71
0.73
0.68
0.69
0.71
0.66
0.7
0.66
0.66
0.63
0.64
0.67
0.66
0.65
0.61
0.65
0.67
0.66
0.64
0.66
0.65

23
(639.7)
0.7
0.66
0.68
0.69
0.67
0.71
0.7
0.72
0.71
0.72
0.72
0.73
0.72
0.67
0.72
0.69
0.67
0.64
0.64
0.65
0.66
0.68
0.61
0.68
0.71
0.65
0.65
0.67
0.66

24
(649.9)
0.73
0.64
0.66
0.72
0.69
0.7
0.71
0.69
0.7
0.73
0.7
0.68
0.69
0.7
0.67
0.65
0.66
0.65
0.64
0.64
0.69
0.63
0.65
0.65
0.66
0.65
0.69
0.67
0.67

25
(660.1)
0.69
0.68
0.68
0.68
0.67
0.68
0.71
0.67
0.71
0.72
0.72
0.73
0.74
0.7
0.72
0.65
0.65
0.65
0.63
0.64
0.68
0.63
0.6
0.68
0.71
0.7
0.64
0.66
0.65

26
(670.3)
0.67
0.68
0.65
0.68
0.69
0.67
0.69
0.7
0.67
0.72
0.69
0.73
0.72
0.63
0.69
0.66
0.64
0.62
0.65
0.67
0.68
0.67
0.63
0.68
0.67
0.69
0.66
0.64
0.66

27
(680.5)
0.73
0.65
0.69
0.68
0.69
0.66
0.71
0.69
0.72
0.69
0.71
0.74
0.67
0.71
0.72
0.72
0.68
0.68
0.67
0.72
0.7
0.7
0.64
0.69
0.7
0.66
0.66
0.65
0.62

28
(690.7)
0.64
0.73
0.69
0.72
0.68
0.69
0.68
0.72
0.68
0.67
0.69
0.68
0.69
0.7
0.65
0.68
0.68
0.66
0.66
0.68
0.68
0.69
0.67
0.71
0.7
0.72
0.69
0.67
0.64

29
(700.9)
0.66
0.65
0.7
0.71
0.69
0.7
0.7
0.69
0.7
0.7
0.69
0.67
0.7
0.72
0.71
0.68
0.69
0.65
0.64
0.68
0.7
0.71
0.66
0.71
0.7
0.66
0.69
0.66
0.67

Table 3 provides an overview of the utilized metrics, listing the derived optimal
wavelengths together with the metric’s average value for the identified spectral range.
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Table 3. Optimally suited wavelengths for burnt area detection, regarding different metrics.
Metric
TP/FPinv
F1-Score
Intersect over Union
Accuracy
Cohen’s Kappa
Precision
Recall

Color

Optimal Wavelength Range (nm)
Red Domain
NIR Domain
655.0–675.4
655.0–675.4
655.0–675.4
634.6–655.0
634.6–655.0
624.4–644.8
655.0–675.4

808.0–838.6
808.0–838.6
808.0–838.6
777.7–808.0
777.7–808.0
797.8–828.4
757.0–787.6

Average Score for Optimal
Red/NIR Wavelength Range
0.721
0.703
0.542
0.779
0.524
0.759
0.685

4. Discussion
The scarcity of the DESIS data can be regarded as the biggest problem in preparing a
study of this kind. While the DLR-GZS wildfire monitoring service profits from Sentinel-3
OLCI data being provided twice a day for the area of Europe, DESIS data are only available
for dates and regions the sensor was specifically tasked for. For the existing scenes, a
corresponding earlier scene which could be used for pre information is often unavailable.
Even if this is the case, the temporal distance between pre and post scene might span
several months or even years. For the presented task of wildfire burnt area monitoring, this
circumstance represents a considerable obstacle, since vegetation affected by fire will in
most cases recover over extended time periods, which prohibits the derivation of accurate
burnt area perimeters. This can be seen in Figure 4, where an exact reproduction of the
reference perimeter was not possible with both depicted band combinations. A large
region in the northern half of the analyzable area has recovered so completely that it was
evaluated in both cases as not being affected by fire at all. While the initial conditions for
this kind of analysis are not optimal, however, these same conditions apply to all analyzed
red/NIR band combinations in the same way. This study shows which combinations yield
better results under difficult circumstances than others, and thus still allows the drawing
of robust conclusions. With data from further hyperspectral sensors such as PRISMA and
EnMAP being available, the problem of data scarcity will diminish in the near future.
Since DESIS products are offered in four variants, the original version together with
three binning products, the question arises as to which of the products provides the most
beneficial properties for analyses. While the original variant offers the highest radiometric
resolution, Müller et al. could show that it has a comparatively low signal-to-noise (SNR)
ratio. The SNR of the 4× binning product is almost twice as high compared to the original
version for nearly all wavelengths [18]. This study therefore uses to 4× binning variant, in
which groups of four bands are aggregated into one, thus significantly improving the SNR.
Table 2 enables a straightforward comprehension of the achieved results. The coloring,
firstly, shows that it is of considerable importance which wavelengths of the red and NIR
spectra are used for the task of burnt area derivation. The accuracy values range from
60% to 74%. A color gradient is discernible from the lower right to the upper left corner,
showing a transition from lower to higher accuracy values. This indicates that wavelengths
in the lower part of the NIR spectrum, between 700 to 850 nm, are clearly better suited
for the task than higher wavelengths. A similar, while less distinguished trend can be
observed for the red spectrum, where the analyses based on wavelengths between 630
and 670 nm yielded slightly better results compared to higher wavelengths. Based on the
utilized DESIS data, it can be stated that the combination of these mentioned ranges for
red and NIR information is the preferable choice for the NDVI based derivation of burnt
area information. It is interesting to note that three of the employed seven metrics coincide
in the indication of the optimal wavelengths, while the remaining four metrics propose
three slightly different regions. However, they are all in accordance with indicating that
the lower parts of the red and NIR spectrum, respectively, are superior to the remaining
wavelengths for the given task.
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5. Conclusions
This study analyzes the suitability of various red/NIR band combinations from the
DESIS sensor regarding wildfire burnt area detection accuracy. Fifty-six hyperspectral
scenes are each subdivided into 232 band combinations, yielding a data basis of 12,992 multispectral input datasets. These are analyzed using a tested and proven methodology, which
is used in the DLR-GZS wildfire monitoring service for burnt area detection with Sentinel-3
OLCI. The most accurate results are achieved when the wavelengths from 660 to 670 nm
are used for the red band (corresponding to DESIS bands 25/26 with 4× binning) and 810
to 835 nm for the NIR band (DESIS bands 40–42). The accuracy for this combination is
calculated to be 72% on average. While the optimal red band wavelength coincides with the
one already used in the DLR-GZS wildfire monitoring service, which is based on Sentinel-3
OLCI data, the optimal NIR range differs from the one currently in operation. The accuracy
gained with the proposed NIR wavelength is increased by 5% compared to the current
setting. Since the OLCI sensor does not feature a NIR band in this better suited wavelength
region, however, this range cannot be leveraged in the monitoring service. However, the
results of this study are generally applicable to multispectral and hyperspectral sensors
featuring the proposed wavelengths.
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