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Abstract: In this paper, we propose a processing chain jointly employing Sentinel-1 and Sentinel-2

data, aiming to monitor changes in the status of the vegetation cover by integrating the four 10 m

visible and near-infrared (VNIR) bands with the three red-edge (RE) bands of Sentinel-2. The latter

approximately span the gap between red and NIR bands (700 nm–800 nm), with bandwidths of

15/20 nm and 20 m pixel spacing. The RE bands are sharpened to 10 m, following the hyper-

sharpening protocol, which holds, unlike pansharpening, when the sharpening band is not unique.

The resulting 10 m fusion product may be integrated with polarimetric features calculated from the

Interferometric Wide (IW) Ground Range Detected (GRD) product of Sentinel-1, available at 10 m

pixel spacing, before the fused data are analyzed for change detection. A key point of the proposed

scheme is that the fusion of optical and synthetic aperture radar (SAR) data is accomplished at level of

change, through modulation of the optical change feature, namely the difference in normalized area

over (reflectance) curve (NAOC), calculated from the sharpened RE bands, by the polarimetric SAR

change feature, achieved as the temporal ratio of polarimetric features, where the latter is the pixel

ratio between the co-polar and the cross-polar channels. Hyper-sharpening of Sentinel-2 RE bands,

calculation of NAOC and modulation-based integration of Sentinel-1 polarimetric change features

are applied to multitemporal datasets acquired before and after a fire event, over Mount Serra, in

Italy. The optical change feature captures variations in the content of chlorophyll. The polarimetric

SAR temporal change feature describes depolarization effects and changes in volumetric scattering

of canopies. Their fusion shows an increased ability to highlight changes in vegetation status. In a

performance comparison achieved by means of receiver operating characteristic (ROC) curves, the

proposed change feature-based fusion approach surpasses a traditional area-based approach and the

normalized burned ratio (NBR) index, which is widespread in the detection of burnt vegetation.

Keywords: change analysis; feature-based fusion; hyper-sharpening; polarimetric features; red-edge

(RE); Sentinel-1; Sentinel-2; synthetic aperture radar (SAR); vegetation status; visible and near-infrared

(VNIR) radiation

1. Introduction

The Sentinel-1 and Sentinel-2 missions are part of the European Space Agency (ESA)
Copernicus program. The Sentinel-2 twin satellite constellation (2A and 2B) provides
multispectral (MS) data in the visible and near-infrared (VNIR) and shortwave infrared
(SWIR) wavelengths at decametric spatial resolution with a 5-day revisit time at the Equator.
Sentinel-1 provides C-band synthetic aperture radar (SAR) data with either HH or VV
polarization, possibly with a cross-polar channel, either HV or VH. The ground resolution
of geo-coded multilooked Sentinel-1 products is comparable with the highest resolution
attained in the VNIR bands of Sentinel-2; the revisit time is also comparable for the two
systems, at least after the launch of Sentinel-1B. The routine availability of optical and
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microwave image data with large swaths (290 Km for Sentinel-2, varying with the acqui-
sition mode for Sentinel-1) constitutes a unique opportunity to perform environmental
monitoring tasks.

Monitoring changes in vegetation status is of chief importance [1]. This activity is
mainly based on observations taken at red, NIR and SWIR spectral regions [2]. In the
case of forest fires, spectral indexes based on red and NIR bands, such as the normalized
differential vegetation index (NDVI), increase their correlation with burn severity when
the upper part of the red spectrum, namely, the red-edge (RE), is considered [3]. Thus,
Sentinel-2, which provides three bands in the RE spectral region, has opened up new
horizons for accurate vegetation monitoring and the estimation of burned areas. Recent
studies have experimentally shown the usefulness of Sentinel-2 data when characterizing
fire-affected regions and estimating burn severity [4].

The growing severity of fire disturbances in forests is increasing interest in the mon-
itoring of fires and their effects. While in situ observations cannot provide a global and
frequent mapping of fire disturbances, remote sensing techniques represent a valuable tool
for this goal. Current large-scale fire-surveillance systems, however, do not accomplish
the timely detection of active fires due to the physical constraints concerning the spatial,
radiometric and time resolutions of spaceborne remote sensing systems.

The intrinsic complementarity of optical and SAR imaging modalities makes multisen-
sor fusion extremely attractive: a fusion product should contain the easy interpretability
of optical data but incorporate features that can be appreciated in SAR but not in optical
data. The objectives are as follows: (a) to favor a more comprehensive display and visual
interpretation, and (b) to emphasize the thematic information of the multisensor images for
the subsequent analysis stage.

The Sentinel-2 bands in the RE regions, namely, B5 and B6, with a 15 nm spectral
width, and B7, with a 20 nm width (see Figure 1), are provided at 20 m spatial resolution.
The VNIR bands, specifically B2, B3, B4 and B8, have a higher spatial resolution of 10 m
and lower spectral resolution. The difference in spatial resolution is a consequence of the
fundamental trade-off in the design of electro-optical systems between spatial resolution,
spectral resolution and radiometric sensitivity [5]. Thus, MS resolution enhancement may
improve the spatial resolution of the Sentinel-2 bands acquired at 20 and 60 m and the
derived spectral indices, specifically those computed from the RE bands.

Figure 1. Sentinel-2 layout of spectral bands.

MS resolution enhancement refers to the joint processing of the data in order to
synthesize an image product that ideally exhibits the spectral characteristics of the observed
MS image at the spatial resolution, and, hence, spatial sampling, of the higher-resolution
image. When this higher-resolution image is a panchromatic band, spatial enhancement
is referred to as MS pansharpening [5]; when a panchromatic band is unavailable, hyper-
sharpening denotes the sharpening of the less spatially resolved bands by means of the
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proper selection or combination of the more spatially resolved VNIR bands [6,7] in order to
maximize a certain similarity function, either global or local, of the spatial/spectral patterns
between the sharpening and sharpened bands, as in advanced hyperspectral (HS) data
compression [8].

Since the spatially enhanced channels may not be spectrally encompassed by the
enhancing channel(s), a proper detail-injection model should be envisaged, possibly ex-
ploiting the knowledge of instruments, e.g., noise model [9], modulation transfer function
(MTF) [10], and atmosphere [11]. These methods adopt a modulation-based (multiplicative)
detail injection model, belonging to the spatial (multi-resolution analysis, MRA, either sep-
arable [12] or not [13]), or the spectral (component substitution, CS) sharpening approach.
MRA fusion may comprise a decimator/interpolator pair to achieve a Laplacian pyramid
decomposition [14]. The multiplicative injection model can be interpreted in terms of the
radiative transfer model [15]: a low-spatial-resolution spectral reflectance, preliminarily
estimated from the MS bands and a lowpass version of the Pan image, is sharpened via
multiplication by the high-spatial-resolution Pan image [16]. In this context, the estimation
of atmospheric path radiance and its correction in the multiplicative model plays a major
role [17,18], especially concerning phenological changes in the vegetation cover [19].

Whenever both the spectral coverage and the imaging mechanism are different, e.g.,
reflectivity and emissivity, fusion may be targeted to provide an increment in spatial
resolution without penalizing the radiometry of the coarser dataset, typically a thermal
image [20] or a SAR image. The fusion of optical and SAR images acquired on the same
scene is strongly affected by the different imaging mechanisms and acquisition geometries
of the instruments. The nadiral, i.e., vertical view of Sentinel-2 clashes against the side-
looking, or lateral view, specific to all SAR systems. Furthermore, in the presence of steep
terrain, even if data products that are not only geo-referenced but also ortho-rectified
are considered, registration errors usually appear as local misalignments between such
“heterogeneous” images. Therefore, the pixel-based fusion of SAR and optical images has
seldom been investigated, while feature-based methods have been pursued, as they are
less sensitive to misalignment problems. In the most widely investigated case, the image
being enhanced is optical, and the enhancing one is from SAR [21]. A classical approach
preserving the signal-to-noise-ratio (SNR) of the original optical image is based on the use of
noise-robust spatial/temporal/polarimetric features extracted from the SAR image, either
based on information-theoretic [22,23] or statistical [24,25] approaches. Although learning-
based approaches have recently been developed [26], intensity modulation represents a
viable solution for merging heterogeneous datasets, such as those provided by optical and
SAR systems [27].

In this paper, we propose a processing chain jointly employing Sentinel-1 and Sentinel-
2 data, aiming to monitor changes in the status of the vegetation cover by integrating the
three RE bands of Sentinel-2 with polarimetric features calculated from the Interferometric
Wide (IW) Ground-Range-Detected (GRD) product of Sentinel-1, available at 10 m pixel
spacing. Unlike solutions based on unmixing, [28] or plain nearest-neighbor resampling, [4]
the spatial enhancement of the 20 m RE bands is performed through hyper-sharpening,
using VNIR bands at 10 m. For the change analysis of vegetated landscapes, multimodal
fusion between optical and SAR data was performed at the level of change by merging
separately calculated proper optical and SAR change features: the optical change feature
was modulated by the SAR change feature to emphasize subtle variations in vegetation
over time.

2. Proposed Method

The proposed processing chain, integrating Sentinel-2 (optical) and Sentinel-1 (SAR)
data, aiming to monitor changes in the status of vegetation cover can be summarized by
the following steps:

1. The three Sentinel-2 20 m RE bands are hyper-sharpened to 10 m by a combination of
the 10 m VNIR bands. For each RE band, the sharpening band is a linear weighted
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combination of the 10 m VNIR bands, with least squares (LS) weights between the
lowpass-filtered sharpening band and the RE band interpolated to 10 m.

2. Maps of normalized indexes are calculated from the hyper-sharpened RE bands.
3. Maps of polarimetric features are extracted from the 10 m multilook backscatter of

Sentinel-1 [29].
4. The differential maps of the optical index are modulated by polarimetric SAR change

features, with unity means, to yield the maps of changes. In the presence of known
events (e.g., fires, but also floods or droughts), it will be possible to relate the amount
of temporal change to the severity of the event that originated this.

2.1. Hyper-Sharpening of Sentinel-2 Data

Our attention is focused on the three RE bands, whose relevance to the analysis of
vegetation characteristics has been largely recognized [30]. Originally produced at 20 m
resolution, these bands are hyper-sharpened by means of the four 10-m VNIR bands.

While pansharpening increases the geometric resolution of a multi-band image by
means of a panchromatic observation of the same scene with greater resolution, whenever
the sharpening image is not unique, hyper-sharpening deals with the synthesis of a unique
sharpening image, the source of the spatial details, to obtain the best-fused products [6].
This synthetic Pan is generally different for each band that shall be sharpened.

Let {Mk}k=1,...,N denote the higher-resolution VNIR bands, {Hi}i=1,...,M the lower-
resolution RE bands, and R the scale ratio between the spatial resolutions of H and M

(N = 4, M = 3, and R = 2, for Sentinel-2), the enhancing band P∗
i , i = 1, . . . , M, of the ith

lower-resolution band, Hi, is synthesized according to the following procedure.
First, the Mk bands are lowpass-filtered with a cutoff frequency 1/R, providing the

bands MkL degraded at the resolution of the RE bands. Then, the relationship between
the RE band interpolated by R, H̃i, and MkL is modeled through a multivariate linear
regression [31]:

H̃i = w
(i)
0 +

N

∑
k=1

w
(i)
k · MkL + ǫi i = 1, . . . , M (1)

in which ǫi is the space-varying residue. The set of space-constant optimal weights,

{ŵ
(i)
k }k=0,...,N , is calculated as the minimum MSE (MMSE) solution of Equation (1). The

weights, ŵ
(i)
k , are used to synthesize the set of enhancing bands, {P∗

i }i=1,...,M:

P∗
i = ŵ

(i)
0 +

N

∑
k=1

ŵ
(i)
k · Mk i = 1, . . . , M. (2)

Finally, the sharpened RE bands Ĥi, at a 10 m resolution for Sentinel-2, are computed
by applying a contrast-based fusion algorithm to H̃i and P∗

i :

Ĥi = H̃i ·
P∗

i

P∗
iL

, i = 1, . . . , M. (3)

in which P∗
iL is the lowpass-filtered version of P∗

i , or, equivalently,

P∗
iL = ŵ

(i)
0 +

N

∑
k=1

ŵ
(i)
k · MkL i = 1, . . . , M. (4)

Note that the sharpening bands (VNIR) and the sharpened bands (RE) are simul-
taneously acquired by the same platform, while, for VHR/EHR MS scanners, such an
acquisition is not simultaneous and may lead to local shifts between the two datasets [32]
in the presence of some relief of the ground. The absence of spatial shifts between VNIR
and RE entails the use of MRA or spatial methods based on the spatial filtering of the
sharpening image [33].
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The coefficients of determination (CD) of the multivariate regressions in Equation
(1) determine the histogram-matching between each of the low-resolution bands and the
enhancing image synthesized from the 10 m VNIR bands [34]. It is noteworthy that the
use of a multivariate regression to synthesize the sharpening band makes the method
independent of the data format [35], which is either floating-point or packed fixed-point.
However, while the math derivation of the sharpening bands does not depend on the
physical format of the data, e.g., spectral radiance or surface reflectance, the fusion rule
in Equation (3), derived from the radiative transfer model [15], would assume that all the
band data are in the surface-reflectance format.

The surface reflectance is a level-two (L2) product and is only distributed for global-
coverage systems (OLI, Sentinel-2) when an instrument network is available for atmospheric
measurements [36], which are usually carried out by means of lidar instruments [37]. If
only the spectral radiance format is available, the band data should be haze-corrected, that
is, each should be diminished by the corresponding term of atmospheric path radiance,
a.k.a. haze, when they are used in Equation (3). Path-radiance estimation may follow
image-based approaches [38,39] or rely on radiative transfer models of the atmosphere
and its constituents [40], as well as knowledge of acquisition parameters, such as actual
Sun–Earth distance, solar zenith angle and satellite platform observation angle. The haze
term is trivially zero for data in surface reflectance format whenever they are available.

2.2. Normalized Area over Reflectance Curve

A unique optical feature that is suitable for the analysis of vegetation cover can be
defined from the three RE bands of Sentinel-2. Originally introduced for HS data with
several bands in the (700–800) nm RE wavelength interval, the normalized area over
reflectance curve (NAOC) [30] can be extended to Sentinel-2 data:

NAOC , 1 −

∫ λNIR
λRED

ρ(λ) dλ

ρNIR · (λNIR − λRED)
(5)

in which the integral is calculated from the available bands as a zero-order approximation.
NAOC in Equation (5) is the one complement of the integral of the surface reflectance
function normalized to the product between the reflectance of the NIR channel and the
difference of center wavelengths of the NIR and RED channels, as shown in Figure 2.

Figure 2. Illustration of NAOC for two sample reflectance spectra. The area shaded in blue corre-

sponds to the NAOC of vegetation. The red edge, corresponding to the point, in which the spectral

reflectance of vegetation attains the maximum of its slope, is clearly visible at approximately 730 nm.

The maximum of reflectance, ρmax, is attained in the NIR wavelengths.
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Equation (5) can be rewritten for Sentinel-2 bands as:

NAOCS2 = 1 −
∑

8
i=4 ρi ∆λi

ρ8 · ∑
8
i=4 ∆λi

(6)

in which ρi is the pixel reflectance value of the ith band and the five bands used for NAOC
calculation are described in Table 1.

Table 1. Band name, spatial resolution, center wavelength and spectral width of the Sentinel-2 bands

used for NAOC calculation.

S2 Band B4 B5 B6 B7 B8

resolution (m) 10 20 20 20 10

center λ (nm) 665 705 740 783 842

∆λ (nm) 30 15 15 20 115

All the data should be expressed as surface reflectances; de-hazed spectral radiances,
however, provide a good approximation, thanks to the normalization of the integral in
Equation (5) and of the summation in Equation (6), which roughly removes the dependen-
cies on solar irradiance and atmospheric transmittance [15]. NAOC is directly related to the
chlorophyll content of the scene [30] and seems ideal for assessing damage to vegetation
after a fire.

2.3. Polarimetric Features from Sentinel-1 Data

In the context of analysis of the vegetated areas, especially trees and forests, the use
of SAR observations with polarization diversity, such as those provided by the dual-pol
ability of Sentinel-1, seems adequate to investigate not only the volumetric scattering of
canopies [41] but also cross-polar scattering mechanisms [42,43]. The automated analysis
and classification of forests, however, would require an inversion of the scattering model of
canopies, whose complexity and mathematical intractability has recently fostered the use
of artificial intelligence tools [44].

Given a pair of dual-pol images, either HH and HV or VV and VH, depending on
the variable settings of the SAR system, the polarimetric features that emphasize burnt
vegetation can be defined as the pixel ratio of co-polar to cross-polar observations, either
HH/HV or VV/VH. Pixel ratios can be enforced by a preliminary despeckling step. In this
case, care should be taken of considering the spatial correlation introduced by the SAR
processor [45]. Alternatively, the pixel ratio of co-polar to cross-polar channels, which is
sensitive to noise, can be replaced by a noise-robust change feature [46]. Although the
geometrical accuracy of nonparametric change methods [47], which do not require prior
despeckling, is greater than that of pixel ratioing [48], the spatial correlation introduced by
the SAR processor may impair their change detection accuracy and should be preliminarily
removed [49].

The routine availability of SAR observations of the same scene every 4–7 days, specific
to the Sentinel-1 satellite constellation, entails the use of a simple temporal multilooking,
provided that pre-event and post-event observations are kept separate. In this case, there is
no need for despeckling and/or spatial decorrelation.

2.4. Optical-SAR Integration

Once the maps of optical and SAR features have been calculated from datasets taken
before and after the fire event, there are two ways of performing an analysis of change
through the products of a feature-based fusion:

1. The maps of optical and SAR features are separately merged for the two dates, and
the resulting fused maps are jointly analyzed to find changes;
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2. A map of optical change features is calculated from the pre- and post-event optical
feature and, analogously, a map of polarimetric SAR change features is calculated
from the maps of polarimetric features calculated before and after the event. The two
change maps are merged together to highlight changes.

The fusion rule for features calculated from heterogeneous datasets is the pixel-by-
pixel product, where the modulated feature can be negative and also zero-mean; the
modulating feature is strictly nonnegative and possibly normalized to obtain a unity mean.

In the first case, the optical feature is NAOC (see Equation (5)) calculated before or
after the event and the SAR feature is the pixel ratio of co-polar to cross-polar channels,
both in amplitude formats, calculated pre- or post-event:

F̂
pre

, F
pre
opt · F

pre
SAR

F̂
post

, F
post
opt · F

post
SAR

(7)

where F
pre
opt is NAOCpre and F

post
opt is NAOCpost, while F

pre
SAR is either VV

pre
SAR/VH

pre
SAR or

HH
pre
SAR/HV

pre
SAR, and analogously for the post-event polarimetric SAR feature. NAOC is

calculated from the RE bands that are hyper-sharpened to 10 m, the same resolution as
the SAR data. The final step is the computation of the cumulative change feature, which
can be defined as either a difference or a ratio of post- and pre-event cumulative features.
However, the difference is better suited to changes in optical features, as NAOC is; the ratio
is mandatory for change analyses using SAR data. For this reason, an alternative strategy
has been devised.

In the second case, the optical change feature is the difference in NAOC calculated
after and before the event; the polarimetric SAR change feature is the ratio of polarimetric
features calculated after and before the event. The optical and SAR change features are
multiplied together to yield the cumulative change feature. Note that the optical change
is never inflated or reversed in sign because the SAR change is always unity-mean and
non-negative.

The cumulative change feature is devised to balance the spectral information of the
optical observations encapsulated in the radiometric variability of NAOC and the spatial
information of polarimetric SAR. The combination of optical and SAR information is
expected to improve the visual assessment of possible changes in the vegetation cover.
Traditional, unsupervised, full-scale quality assessments [50] may not be applicable in the
context of feature-based multimodal data fusion.

3. Experimental Results

3.1. Dataset

Experimental tests were carried out on Sentinel-1 and Sentinel-2 data acquired on
Mount Serra (Italy) before and after a fire event occurred on 24 September 2018. The fire
burned more than 1400 hectares of forests, crops and olive trees. Tables 2 and 3 report the
dates of the five pre-event and five post-event Sentinel-1 SAR acquisitions and the two
pre/post-event Sentinel-2 MS acquisitions, respectively. Each S1A scene was thermal-noise-
filtered, radiometrically calibrated, and terrain-corrected. Figure 3 reports the geographic
location of the fire event. Figure 4 shows a true-color composite of the Sentinel-2 image
on the tested area. Figure 5 shows the detail, highlighted in Figure 4, of the Sentinel-2
true-color image over the fire-affected area.

Table 2. S1A data: 10 scenes (VV and VH polarizations; Ground-range detected).

pre-event 29 August 2018 3 September 2018 10 September 2018 15 September 2018 22 September 2018

post-event 4 October 2018 9 October 2018 16 October 2018 21 October 2018 28 October 2018
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Table 3. S2A data: 2 scenes [L2A format].

pre-event 27 August 2018

post-event 21 October 2018

   6°E    9°E   12°E   15°E   18°E 

36°N 

 38°N 

  40°N 

  42°N 

  44°N 

  46°N 

0

100

200

300

400 km

Figure 3. Geographic position of the fire event.

Figure 4. True-color representation of the Sentinel-2 image after the fire event (Mount Serra, Pisa,

Italy, 24 September 2018). The investigated area is highlighted by the red box.
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(a) (b)

Figure 5. True-color close-ups: (a) pre-event; (b) post-event.

3.2. Fusion Results

The experimental results on the multitemporal optical-SAR dataset acquired in the
Mount Serra area are visually presented. Figure 6 reports pre- and post-event color com-
posites from the three RE Sentinel-2 bands, namely B7, B6 and B5. Both the image at the
original 20 m resolution and the 10 m hyper-sharpened image show that detection and
delineation of the fire-affected areas, completely or partially burnt, are possible, and that
hyper-sharpening improves spatial resolution without introducing any significant spectral
distortion.

(a) (b)

(c) (d)

Figure 6. Pre-event (left) and post-event (right) color composites of B7-B6-B5 RE bands: (a,b) at 20 m

GSD; (c,d) hyper-sharpened at 10 m GSD.
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NAOC before and after the fire is shown in Figure 7, together with differential NAOC,
i.e., NAOCpost–NAOCpre. As it appears, the NAOC index abruptly drops to zero in areas
where the forest was completely burned. Overall, this provides a clear representation
of vegetated and non-vegetated areas, either before or after the fire. The differential
NAOC mostly highlights negative changes due to the fire, which dramatically abated the
chlorophyll content of vegetation; positive changes, however, occurred in the left part,
below the inhabited center, due to the presence of new crops that were missing on the pre-
event date. Note that the spatial sharpening step may influence the outcome of a vegetation
index [51]; however, while pansharpening may not affect normalized differential indexes
based on the ratios of spectral pixels [16], e.g., NDVI, the sharpening band being unique,
this does not hold for hyper-sharpening, because there are as many sharpening bands as
there are bands to be sharpened. Hence, the NAOC map calculated from hyper-sharpened
RE bands is not only spatially more resolved but also spectrally more informative than
if it were calculated from plain 20 m RE data or from 10 m pansharpened RE data in the
case where a 10 m panchromatic image was hypothetically available. This is an asset of
hyper-sharpening, in which a different synthetic sharpening band is tailored to each of the
available 20 m RE bands.

(a) (b)

(c)

Figure 7. NAOC computed on hyper-sharpened bands: (a) pre-event; (b) post-event; (c) differential

NAOC, i.e., (b) minus (a).

The polarimetric features defined in Section 2.3 were calculated for the pre- and post-
event SAR images. The phenological evolution was sacrificed in favor of a reduction in the
speckle noise by pixel-averaging the intensities of the five pre-event observations and the
five post-event observations reported in Table 2. The amplitudes of the temporal multilooks
are shown in Figure 8. They are a little noisy, notwithstanding that the ratio operation
tends to increase the noisiness. Unlike the optical image, in which the severity of the fire
stands out, neither the co-polar (VV) nor the cross-polar (VH) channels seem to show any
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particular ability to detect the burnt area after the fire. Even the VV and VH channels are
hardly distinguishable from one another, both before and after the fire.

The ratio of co-polar to cross-polar channels in Figure 9a,b is more informative and
highlights that the effect of fire on the response of vegetation is an increment of the polar
ratios, mainly due to (i) the destruction of tree canopies and consequent reduction in their
volumetric scattering contribution, and (ii) the significant decrement in depolarization
effects caused by vegetation after it has burnt. The post-event to pre-event polar ratios,
displayed in Figure 9c, carefully outline the burnt vegetation and separate it from the
urban settlements. Thanks to its ability to jointly describe the depolarization effects and
volumetric scattering of canopies, the polarimetric SAR feature was tailored to the charac-
teristics of vegetation, with a specific focus on tree canopies. This can be regarded as the
microwave counterpart of the differential NAOC, used as an optical change feature in the
RE wavelengths.

In a parallel experiment, two Sentinel-1 images taken before the fire and two after
(see Table 2) were separately processed for change analysis. The polarimetric features on
the two dates before the fire are shown in Figure 10, together with the ratio measuring
the amount of change. It appears that the polarimetric ratios are mostly similar, especially
in the forest area, and the temporal ratio of polarimetric ratios is almost unitary, apart
from small glitches originating from speckle noise, which were removed by the temporal
multilooking performed in the previous experiment, whereas the focus now is on the
phenological variations that occurred before the fire. Analogously, Figure 11 presents the
polarimetric changes in the two dates after the fire, and their ratio. In this case, small
phenological changes only occurred outside the burned area, where the disturbance to the
surrounding vegetation is slowly vanishing. The latter experiment is significant for the
constant monitoring of vegetation recovery in the burned areas [52].

(a) (b)

(c) (d)

Figure 8. Pre-event (left) and post-event (right) Sentinel-1 amplitude images: (a,b) VV-pol; (c,d)

VH-pol.
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(a) (b)

(c)

Figure 9. Ratio of VV to VH amplitudes: (a) pre-event Rpre; (b) post-event Rpost; (c) ratio Rpost/Rpre.

(a) (b)

(c)

Figure 10. Ratio VV/VH: (a) pre-event (time 1) Rpre1; (b) pre-event (time 2) Rpre2; (c) ratio Rpre2/Rpre1.
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(a) (b)

(c)

Figure 11. Ratio of VV to VH amplitudes: (a) post-event (time 1) Rpost1; (b) post-event (time 2) Rpost2;

(c) ratio Rpost2/Rpost1.

The last step merges the microwave and optical change features. The fusion model
considers the change in NAOC (see Figure 12a) modulated by the temporal polarimetric
change feature (see Figure 12b). This feature is strictly non-negative and exhibits a mean
approximately equal to one; hence, the spatial variation trends of Figure 12a are never
reversed. The two change features and their coupling law were chosen in such a way
that the optical and SAR change features are often anti-correlated: volumetric scattering
and depolarization decrease as the chlorophyll content decreases, but the cross-polar term
appears as a denominator in the polarimetric feature. Therefore, optical changes are
emphasized after the product by the SAR change feature; optical changes not captured by
SAR are preserved and vice-versa. Optical and SAR changes that follow opposite trends
and cancel each other never occur, at least in the test dataset.

The availability of the ground truth (GT) map of burnt areas entails a quantitative
evaluation of the discrimination ability of the novel change feature, compared with earlier
methods by some of the authors [53], in which no polarimetric information is used and the
change feature is calculated after a separate fusion of the hyper-sharpened RE and some
spatial features of VV SAR. Addirionally, the widespread normalized burn ratio (NBR) [54],
calculated from all the bands of Sentinel-2, was included in the comparison. Figure 13 shows
the receiver operating characteristic (ROC) plots of the four methods. What immediately
stands out is that the change in optical bands separately modulated by SAR, determined
using traditional methods for optical change analysis, provided the worst results. The
difference in NBR, which uses both the VNIR and SWIR bands of Sentinel-2, is effective
in outlining burnt areas. The proposed method, dNAOC × dPolSAR, is slightly better
than dNAOC. The increment in performance between dNBR and dNAOC is presumably
due to hyper-sharpening, because the GT map is very detailed and fragmented, beyond
the original 20 m resolution of RE bands. Considerations regarding spatial resolution
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may explain why the advantages of SAR are limited. The IW-GRD product of Sentinel-1,
delivered at a 10 m pixel spacing, was the sole polarimetric product available for the test
site. However, this derives from a wide-swath acquisition mode, in which the beam is
steered across the track to enlarge the swath width. The true resolution is 20 m × 22
m, but the distributed product is resampled to 10 m × 10 m, analogously to the other
Sentinel-1 products. Thus, while the RE bands are hyper-sharpened to 10 m, the SAR
data are intrinsically oversampled and the resulting polarimetric change feature has few
details and is unable to match the extremely detailed GT map of the burnt area. Thus,
the spatial discrimination ability largely depends on the sharp optical data and has little
dependence on the smooth SAR data. Nevertheless, there is still an improvement when
using the polarimetric SAR data.

(a) (b)

(c) (d)

Figure 12. Optical and SAR change features and their combination. (a) Differential NAOC; (b): Ratio

Rpost/Rpre; (c): differential NAOC modulated by the Ratio Rpost/Rpre, i.e., (c) = (a) × (b); (d) ground

truth.

Furthermore, the proposed approach of performing fusion at the change level, an
alternative to measuring changes in fused RE and SAR images, allows for the specificity
of each type of change, difference for optical and ratio for SAR, to be retained in the
cumulative change feature. The theoretical soundness of this approach is expected to be
strengthened once the map of changes is forwarded to expert agronomists to obtain their
feedback and possible suggestions to improve the steps of the processing chain.
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Figure 13. ROC curves calculated from the GT in Figure 12d. The four compared methods are:

change vector of hyper-sharpened RE bands modulated by spatial feature of VV SAR [53], d(RE ×

SAR); difference in NBR [54], dNBR, calculated from Sentinel-2 bands; difference in NAOC, dNAOC,

calculated from hyper-sharpened Sentinel-2 bands (Figure 12a); dNAOC modulated by polarimetric

SAR change feature, dNAOC × dPolSAR, (Figure 12c).

4. Conclusions

This paper presented a processing chain that jointly employs Sentinel-1 SAR and
Sentinel-2 MS data to monitor vegetation changes after a fire by integrating the three
RE bands of Sentinel-2 with polarimetric features calculated from Sentinel-1. The RE
bands were first hyper-sharpened from a 20 m to 10 m resolution using the 10 m VNIR
bands. Dense maps of polarimetric change features were extracted from the 10 m multilook
backscatter of Sentinel-1 to modulate the optical change. Namely, the difference in the
areas overlying the spectral responses in the RE wavelength interval before and after the
fire event are measured on the hyper-sharpened RE bands. The optical and polarimetric
change maps, together with their fusion, highlight changes in the status and disturbances
of the vegetation cover. The results of this analysis will be forwarded to experts to obtain
their feedback on vegetation studies. Therefore, changes in land cover will be related to
changes in biophysical parameters originating from the fire event. Specifically, the burn
severity and disturbance of vegetation in burned and nearby areas will be investigated.

A key point of the proposed processing chain is that the multimodal fusion step
between optical and SAR datasets is performed at the change level: a generalization of
fusion at the feature level in which the optical and SAR features are separately designed
before being merged together. The optical change feature (master) is modulated by the
polarimetric SAR change feature (slave). Thus, a new approach is proposed to standardize
the fusion of optical and SAR data and provide new achievements with an exact placement
in terms of expected features, e.g., the spatial resolution, SNR and spectral diversity of
fusion products and their suitability for expediting solutions to fire-impact evaluation. Thus,
the fire damage assessment goal will provide a benchmark for unimodal and multimodal
change detection methods, where multimodal change detection highlights that the change
map is obtained from the fusion of optical and SAR observations at pre- and post-event
dates.

The emphasis throughout this paper is on an assessment of damage to vegetation
originated by fires. The proposed integrated processing chain of Sentinel-1/2 data is thor-
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oughly general in its applications, which include not only fires, but also floods, hailstorms
and droughts, provided that the analysis is restricted to vegetated areas, for example, tree
canopies and herbaceous crops, such as corn, sunflower, rice, etc.

Future developments of the proposed procedure will concern the following: try-
ing different optical indexes, e.g., NBR, NDVI and leaf area index (LAI), depending on
the application; devising other SAR change indexes relying on polarimetric models of
vegetation [41,43].

As a final consideration, we wish to underline that the proposed change analysis
procedure is fully reproducible in results and makes use of routinely available data, whose
Earth coverage is global with short repeat times, and whose geometric and radiometric
consistency is guaranteed, as the MS and SAR data are provided by the same organization.
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