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ABSTRACT
Post-fire forest management is been increasingly based on fire damage maps derived from satellite imagery. Though
Landsat data have been the most commonly used at medium scale (<100m / pixel), Sentinel 2 satellites provide an
opportunity for post-fire damage analysis. MultiSpectral Instrument (MSI) onboard of Sentinel 2 satellites acquires data
in red-edge wavelengths, and has higher spatial (10/20m vs. 30m) and temporal (16 vs. 5 days) resolution. Thus, the aim
of this study is to check whether Sentinel 2 MSI spectral indexes that include red-edge bands allow a better
discrimination between burned and unburned areas than conventional spectral indexes based on red, near infrared and/or
short wave infrared. A large forest fire (79.5 km2) occurred in Sierra de Gata (Spain) in August 2015 acted as study area.
Official fire perimeter together to Copernicus Emergency Management Service information (ID: EMSR132) provided us
a terrain reference. Logistic regression models based on Sentinel 2 MSI spectral indexes (conventional and red-edge
based) showed that red-edge spectral indexes outperformed conventional ones in terms of discriminating burned from
unburned areas.
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1. INTRODUCTION
Remote sensing can be seen as a tool for post-fire management since last decades1. Classification of spectral indices
and/or synthetic variables from satellite data acquired by medium and high spatial resolution sensors is a real alternative
for burned area mapping (e.g.2,3). In this context, Copernicus European Environmental Monitoring program launched
Sentinel 2A (on 23 June, 2015) and Sentinel 2B (on 7 Mars, 2017) satellites within the frame of Sentinel mission. The
MultiSpectral Instrument (MSI) sensor on board of both Sentinel 2 satellites records data in red-edge spectral domain,
whose utility has been tested and proved in different applications as agricultural one4 or monitoring of forest cover5.
There are a very little number of studies6-11 relating red-edge spectral wavelengths to forest fires, possibly because the
lack of red-edge spectral bands in most sensors of medium and high spatial resolution, though all of them indicated that
red-edge bands reflect importantly the change in reflectance due to fire (similar or better than near-infrared –NIR- and
short wave infrared –SWIR- bands). Moreover, to our knowledge, only Huang et al.8 based their study on Sentinel 2 MSI
data. Their study areas, however, did not included Mediterranean ecosystems.
Thus, the main goal of our study is to check whether Sentinel 2 MSI red-edge bands are adequate to discern the
difference between burned and unburned areas in Mediterranean countries. In particular, we aim to evaluate the potential
of different red-edge based spectral indices and to determine the most suitable to discriminate burned areas.
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2. MATERIALS
Our study area is located in Sierra de Gata (central-western Spain) where a wildfire burned 79.50 km2 (according to the
European Copernicus program) from 6 to 11 August 2015 (Fig. 1). The study area is a mountainous zone with altitude
variations between 274 and 1420 m above mean sea level. Average slope is 25%, reaching in some areas extreme slopes
higher than 150%. Climate is Mediterranean, with hot and dry summers. The main affected land uses were scrubland
(25.65 km2, 30%), and Quercus pyrenaica (34.52 km2, 45%).
A Sentinel 2A MSI image (processing level 1C) acquired on November 29, 2015 was downloaded from the ESA
Scientific Data Center. The 1C processing level includes radiometric and geometric corrections with sub-pixel
precision12. The official fire perimeter was used as reference truth, previously contrasted with the fire perimeter provided
by Copernicus Emergency Management Service (EMS) (ID: EMSR132) which was based on the visual interpretation of
the satellite Pléiades-1A / 1B data acquired on 15 August.

Fig. 1 Location of study area with official fire perimeter. Sentinel 2A MSI RGB: 118a12.

3. METHODS
The author Pre-processing of Sentinel 2A MSI bands included conversion to surface reflectance by atmospheric
correction based on Dark Objects Subtraction (DOS)13, and spatial resolution homogenization at 20 m using nearest
neighbour method. Then, a set of spectral indices was calculated, focusing mainly on those indexes that use red-edge
bands. Our selection of spectral indices was based on the previous study of Fernández-Manso et al.7. In particular, we
computed the following 18 indices (Table 1): Normalized Difference Vegetation Index (NDVI)14; Normalized Burn
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Ratio (NBR)15; Normalized Difference Vegetation Index Red-edge 1 (NDVIre1)16; Normalized Difference Vegetation
Index Red-edge 2 (NDVIre2)7; their version using the narrow NIR band (B8a) (NDVIre1n, and NDVIre2n,
respectively)7; Plant Senescence Reflectance Index (PSRI)17; Chlorophyll Index Red-edge (CIre)18; Normalized
Difference Red-edge 1 (NDre1)16; Normalized Difference Red-edge 2 (NDre2)19; their modified versions (NDre1m and
NDre2m) (Sims and Gamon, 2002); Simple Ratio red-edge 1 and 2 (SRre1 and SRre2)20; Modified Simple Ratio rededge (MSRre)21; and its narrowed version (MSRren)7. The two first indices (NDVI and NBR) were included as a
reference to compare the performance of red-edge spectral indices to identify burned areas.
Table 1 Formulation of the spectral indices of the study

Acronym
NDVI
NBR
NDVIre1
NDVIre1n
NDVIre2
NDVIre2n
NDVIre3

Equation
(b8 − b4)
(b8 + b4)
(b8 − b12)
(b8 + b12)
(b8 − b5)
(b8 + b5)
(b8a − b5)
(b8a + b5)

(b8 − b6)
(b8 + b6)
(b8a − b6)
(b8a + b6)
(b8 − b7)
(b8 + b7)

Acronym

Equation

CIre

b7
−1
b5
(b6 − b5)
(b6 + b5)

NDre1
NDre1m

(b6 − b5)
(b6 + b5 − 2b1)

NDre2

(b7 − b5)
(b7 + b5)

NDre2m

(b7 − b5)
(b7 + b5 − 2b1)

SRre1

(b6 − b1)
(b5 − b1)

SRre2

NDVIre3n

(b8a − b7)
(b8a + b7)

MSRre

PSRI

(b4 − b3)
b6

MSRren

(b7 − b1)
(b5 − b1)
(b8 b5) −1
(b8 b5) +1
(b8a b5) −1
(b8a b5) +1

NDVI: Normalized Difference Vegetation Index; NBR: normalized ratio of burned area; NDVIre1, NDVIre2 and NDVIre3: Red-Edge Normalized
Difference Vegetation Index (with b5, b6 and b7); NDVIre1n, NDVIre2n and NDVIre3n: Modified Red-edge Normalized Difference Vegetation Index
(b8a); PSRI: Plant Senescence Reflectance Index; CIre: Red-edge Chlorophyll Index; NDre1y NDre2: Red-edge normalized difference; NDre1my
NDre2m: Standardized difference Red-edge modified; SRre1 and SRre2; Ratio simple red-edge 1 and 2; MSRre: Modified Simple Ratio red-edge;
Sentinel 2 MSI bands: b1: 443 nm; b3: 560 nm; b4: 665 nm; b5: 705nm; b6 740 nm; b7: 783 nm; b8 (842 nm), b8a (865 nm), and b12 (2190 nm)

Next, a total of 400 plots (300 burned and 100 unburned) were defined by random sampling in the reference image
(rasterized official fire perimeter) and the values of the spectral indexes for the sampling plots were extracted. Logistic
regression analysis was chose to rank the spectral indexes in relation to their ability to distinguish burned from unburned
areas. Binary logistic analysis fits a regression model where the response variable Y characterizes an event with only two
possible outcomes (in our research: ‘burned’ is represented by ‘Y=1’ and ‘unburned’ represented by ‘Y=0’). It relates the
probability of occurrence of the outcome counted by Y (P(‘burned’)) to the explanatory variables X (spectral indexes)22.
Equation 1 shows the form of the model:

1
P('burned ') =
1+ exp [−(β0 + β1 X1 + β2 X 2 +... + βk X k )]

(1)

where βi are coefficients of the model, Xi the spectral indexes and k the number of computed spectral indexes.
We did not utilize the whole dataset for fitting the regression model; conversely the dataset was randomly split into two
groups, the training set (70% of sampling plots) and the validation set (30%). As in other studies23-24 we applied the
forward stepwise method to the training dataset to find the explanatory variables that predict better the response variable.
Deviance allowed us to measure the goodness-of-fit of the binary logistic model. It can be defined as the likelihood ratio
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test statistic when the full model is the saturated model or a model which includes all possible terms (including
interactions) so that the predicted values from the model equal the original data (see equation 2).

D = −2(Lsubset − Lsaturated )

(2)

where Lsaturated is the log-likelihood of the saturated model and Lsubset is the log-likelihood of a subset of the full model.
In our research, the performance of the different spectral indices as predictor variables for fire affectation was based on
the percentage of deviance (PD) because it ranges from 0% to 100% in a similar way as an R-squared statistic in multiple
regression models. Higher PD values represent a better goodness-of-fit. Mean square error (MSE) and mean absolute
error (MAE) were also taken into account.

4. RESULTS
NDVIre1 displayed the highest PD (68.07%, Table 2), followed by NDVIre1n, NDVI and NDre2 that had similar PD
values (65%). Five red-edge spectral indices outperformed to NBR whose PD was 57.45%. CIre and MSRre displayed
higher MSE value than the rest of indexes, though their MAE value was similar to all spectral indexes’ value. Table 2
also shows the coefficients of the estimated regression models.
Table 2 Main results of the logistic regression

PD (%)
NDVIre1
NDVIre1n
NDVI
NDre2
CIre
NDre1
NBR
MSRre
MSRren
PSRI
NDre1m
NDre2m
SRre1
SRre2
NDVIre2
NDVIre3n
NDVIre3
NDVIre2n

68.07
65.37
65.10
65.05
59.59
59.14
57.45
57.16
57.02
48.23
28.32
28.23
22.43
21.08
12.47
3.28
3.21
3.00

Regression model
βo
β1
18.09
-30.62
5.40
-18.45
15.43
-38.61
11.54
-21.81
16.22
-36.64
11.41
-18.62
11.67
-29.72
7.64
-5.82
10.13
-30.62
-0.47
40.53
5.99
-11.91
7.11
-125
5.00
-1.57
4.61
-1.19
2.79
-19.65
-0.27
22.18
1.29
-9.74
3.18
-15.54

Residual analysis
MSE
MAE
0.01
0.35
0.01
0.38
0.01
0.37
0.01
0.37
0.12
0.34
0.01
0.33
0.01
0.33
0.01
0.32
0.01
0.33
0.02
0.37
0.03
0.39
0.03
0.38
0.02
0.33
0.02
0.35
0.03
0.38
0.03
0.37
0.03
0.38
0.03
0.37

NDVI: Normalized Difference Vegetation Index; NBR: normalized ratio of burned area; NDVIre1, NDVIre2 and NDVIre3: Red-Edge Normalized
Difference Vegetation Index (with b5, b6 and b7); NDVIre1n, NDVIre2n and NDVIre3n: Modified Red-edge Normalized Difference Vegetation Index
(b8a); PSRI: Plant Senescence Reflectance Index; CIre: Red-edge Chlorophyll Index; NDre1y NDre2: Red-edge normalized difference; NDre1my
NDre2m: Standardized difference Red-edge modified; SRre1 and SRre2; Ratio simple red-edge 1 and 2; MSRre: Modified Simple Ratio red-edge;

PD: Percentage of deviance; Estimated model: β0: intercept, β1: slope; MSE: Mean Square Error, ME: Mean Absolute Error

5. DISCUSSION
This study evaluated the suitability of Sentinel 2 MSI red-edge spectral indexes for discriminating burned areas. It
supported the findings of previous studies8-9,11 that showed a high effectiveness of red-edge bands to differentiate burned
areas. As observed by Korets et al.9 and Oliva et al.11 working with Medium Resolution Imaging Spectrometer (MERIS)
data, the bands located in the 700–800 nm region (red-edge) showed a significant ability to distinguish burned areas from
other covers. Similarly, Huang et al.8, who examined the performance of Sentinel 2 MSI bands and derived spectral
indices to differentiate between unburned and burned areas, concluded that individual 20 m NIR, red-edge, and SWIR
bands were most sensitive to the change in reflectance caused by fire.
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Previous research works6-7,10 found a strong relationship between red-edge spectral wavelengths and forest fire damage,
though they focused on burn severity. Chuvieco et al.6 used simulate reflectance, but both Fernandez-Manso et al.7 and
Navarro et al.10 based their studies on Sentinel 2 MSI data. In particular, the present study and the work of FernandezManso et al.7 share study area, so it is possible compare the usefulness of each Sentinel 2 MSI red-edge spectral index to
discriminate burned from unburned areas and to differentiate burn severity levels. Thus, the NDVI versions based on
red-edge wavelengths (NDVIre1, NDVIre1n) showed the highest effectiveness in both applications (burned area and
burn severity). The performance of CIre was quite similar in both scenarios. MSRre and MSRren demonstrate a higher
usefulness to burn severity levels discrimination. On the contrary, NDre1 and NDre2 showed a higher ability to identify
burned area. NDVI and NBR displayed a higher ability to discriminate burned area than severity levels.
No significant differences between broad- and narrow-band versions of the spectral indices were found in any of the two
studies. Conversely Huang et al.8 found that for all their study sites the broad-band implementation (b8) of NBR
provided comparable or higher separability between burned and unburned than the NDVI (what supports the broad
adoption of the NBR for burned area mapping), what did not happen when the narrow-band implementation (b8a) of
NBR was taken into account. Future research should validate our results in other study areas with different fire regimes.

6. CONCLUSION
The functionality of the new Sentinel-2 MSI data to discriminate burned from unburned areas has been assessed. The
most suitable Sentinel 2 MSI spectral indexes to discriminate the burned area are based on NIR and red-edge
wavelengths. Sentinel 2 MSI sensor data, with higher spectral, spatial and temporal resolution than Landsat-8 OLI sensor
data, can contribute to accurately evaluate post-fire burned area and increase the adequacy of the strategies for the
quantification of damages. However, further research is recommended to deep on the evaluation of the effectiveness of
Sentinel 2 MSI red-edge bands to estimate burned areas.
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