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Abstract: Forest fires are considered to be an important part of numerous terrestrial ecosystems and
vegetation types, being also a significant factor of ecosystem disruption. In this sense, fires play
an important role in the structure and function of the ecosystems. Biomes are characterized by a
specific type of fire regime, which is a synergy of the climate conditions and the characteristics of
the vegetation types dominating each biome. The assessment of burned areas and the identification
of the fire regimes can be implemented with freely available low- to high-resolution satellite data
as those of Landsat and Sentinel-2. Moreover, the biomes are characterized by the phenology, a
useful component for vegetation monitoring, especially when time series of satellite images are
used. Both the identification of fire regime by reconstructing the fire history and the monitoring
of the post-fire evolution of burned areas were studied with remote sensing methods. Specifically,
the present paper is a pilot study implemented in a Mediterranean biome, aimed at establishing
the methodological framework to (i) define fire regimes, (ii) characterize the phenological pattern
of the vegetation (pre-fire situation) of the fire-affected areas, and (iii) compare the phenology of
the recovered fire-affected areas with the corresponding one of the pre-fire situation. At the global
level, based on MODIS fire perimeters, we found that fires are occurring at 70% in the tropical and
subtropical grasslands, savannas, and shrublands, followed by fires at tropical and subtropical moist
broadleaf forests by 7% and by fires at deserts and xeric shrublands by 6.5%.

Keywords: fire regimes; post-fire recovery; burned areas; vegetation phenology; time series; satellite
images; satellite remote sensing; dynamic time warping; Mediterranean

1. Introduction

Fire has always been a way for human beings to manage both natural and artificial
ecosystems [1,2]. There is a mutual relationship between fire activity and ecosystems at
various scales, through the regulation of ecosystem dynamics and the carbon cycle [1],
supporting the hypothesis of the interaction between patterns and processes. Forest fires are
an important part of numerous terrestrial ecosystems and vegetation types [3,4], but they
are also a significant factor of ecosystem disruption. Thus, fires play an important role in the
ecosystems’ functionality and in the identification of their biodiversity patterns [5]. In the
existing relative literature, it is often assumed that fires of various sizes and locations favor
the creation of a vegetation mosaic [6]. However, the role of fire in landscape heterogeneity
is rather complex since spatial heterogeneity depends on scale [7]. Fire generally has a dual
role in the pattern of the landscape, either as a mechanism of homogenization on a small
scale or as a mechanism of differentiation on a larger scale [8]. However, the relationship
linking fire history, vegetation succession, and landscape composition is poorly understood
in some vegetation types [9].
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The biomes and the associated climate zones are characterized by a specific type of
fire regimes, which can be identified by the historical fire records of an area. Beyond
the human component, the fire regime is a synergy of the climate conditions and the
characteristics of the vegetation types that are dominant in each biome [10–12]. Moreover,
the biomes are characterized by the phenology of the vegetation types, representing a
useful characteristic for the monitoring of the vegetation, especially when remote sensing
methods are involved [13,14]. Both the identification of the fire regime by reconstructing
the fire history of an area [15,16] and the monitoring of the post-fire evolution of burned
areas [17] can be studied with existing remote sensing methods using time series of satellite
images as main data source [18].

The relationship between the expansion of vegetation and the climate on a global scale
can be described by analyzing the expansion of biomes whose concept is an approach to
organizing the ecological diversity on a large scale. The terrestrial plant formations are
classified on the basis of the dominant plant functional groups [19], and the number of
identified plant formations varies depending on the classification system adopted. The
distribution of vegetation, although not completely identical, is related to the various
climatic classifications proposed, such as the Köppen–Geiger classification (adjusted by
Kottek et al. [20]). This confirms the strong relationship between the spatial distribution of
macroclimatic parameters and the spread of vegetation on a global scale [21]. Moreover,
biogeographical models correspond to the expansion of potential vegetation with climatic
variables that describe the energy and water balance—mainly temperature and rainfall [22],
as well as soil parameters [19].

It is, thus, understood that the climatic parameters which determine the fire regime
also determine the special characteristics of the various plant formations and, accordingly,
the plant formations are characterized by different fire regimes [23]. This differentiation
can be distinguished at various spatial scales, from forest formations at national [24] and
continental level [25] to vegetation on a global scale [26]. For instance, in the coniferous
forests in northern areas, the period of recurrence of natural fires (fire rotation) is estimated
at 50–500 years [10,27,28], while the same variable in tundra can be estimated to up to
7000 years [27]. Conversely, in savannas, where the rapid and intense growth of fine
biomass is favored [29], extensive low-intensity fires can occur up to twice a year [11]. The
Mediterranean ecosystems occupy an intermediate position showing more fires of a smaller
extent in comparison to those of the northern forests, but less than those of savannah. So far,
relatively few studies [30–33] have investigated fire regimes comparing different vegetation
and climatic zones, as well as their time changes, although it is known that the synthesis
of fire statistics from many different types of fires together with climate may obscure the
relationship linking climate, fuel type, and fire regime [34].

The methodology developed and presented here aims to define fire regimes, as well
as to assess post-fire patterns of burned areas in selected biomes across the planet by
studying the landscape phenology with time series of satellite images. The availability at
no cost to the final user of (i) Landsat satellite imagery by the US Geological Survey (USGS),
(ii) Sentinel-2 satellite imagery, provided by ESA, and (iii) MODIS (or Moderate Resolution
Imaging Spectroradiometer) imagery provided by NASA/USGS, allows for a low-cost
obtaining and processing of time series of satellite images (i.e., 1984–today). Under other
circumstances, this would be a considerable cost that could be prohibitive to research. In
the current work, the methodology is applied in the Mediterranean biome as represented
by the Peloponnese, Greece.

Specifically, the research objectives applied consist of three distinct parts:

1. Spatially explicit reconstruction of the recent fire occurrence history starting from 1984
and identification of the fire regimes with Landsat and Sentinel-2 satellite data.

2. Identification and description of the phenology of the pre-fire vegetation using spectral
bands and vegetation indices from time series of MODIS satellite images.
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3. Observation and comparison of post-fire evolution patterns of burned areas by com-
paring the phenology of the fire-affected areas with the phenology of the vegetation
before the fire using time series of MODIS satellite images.

2. Material and Methods

The implementation of this pilot research study includes five distinct parts. The
first two, belonging to the materials section, are (i) the sampling design that concerns
the organization and selection of sampling areas, and (ii) the acquisition of time series
of satellite images including the selection, download, and pre-processing of the required
satellite images. The last three, belonging to methods section, are (iii) the reconstruction
of recent fire history that is the mapping of burned areas and the determination of fire
regimes with Landsat and Sentinel-2 satellite data, (iv) the determination of vegetation
phenology in the pre-fire situation using satellite observations, and (v) the monitoring of
post-fire recovery patterns in the selected biomes by assessing the vegetation phenology of
fire affected areas with MODIS satellite data.

2.1. Materials
2.1.1. Sampling Design

We adopted the classification system proposed by Olson et al. [35], which identifies
and describes 14 plant formations (Figure 1). The climatic conditions that characterize each
plant form also affect the composition and structure of vegetation while they determine
the fire regimes. Out of all the identified formations, fires are common in some of them,
while, in others, they are very rare, either due to the lack of fuel or because of climatic
constraints. By using archived data of global fire incidents resulting from the analysis
of MODIS satellite data [36] and by implementing spatial analysis methods including
the kernel density interpolation method [37], global fire density maps have been created
worldwide to identify fire-affected areas. The kernel density interpolation method was first
used in forest fires by Koutsias, Kalabokidis, and Allgöwer [37], in order to minimize the
uncertainty of the location of forest fire outbreaks, and has been applied to various topics
including the creation of forest fire zones at multiple scales [38–40].
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By taking into account the fire-affected areas, 1–3 frames (path/row) were selected
from the Worldwide Reference System (WRS-2) corresponding to a LANDSAT scene and
a Sentinel-2 granule that coincides to each Landsat scene for each biome. Each of these
frames corresponds to a satellite image of Landsat with dimensions of 175 × 180 km
or to a Sentinel-2 granule with dimensions of a 100 × 100 km, in which the recent fire
history with Landsat and Sentinel-2 images was reconstructed. The selection of multiple
sampling areas per biome (1–3) ensures that the reconstruction of the fire history will take
into account some of the geographical differentiation of vegetation (i.e., Mediterranean
vegetation spreads to Europe, North and South America, Africa, and Australia). For the
Landsat images, a square of 100 × 100 km centered in each Landsat scene was considered
to reconstruct the recent fire history as shown in Figure 2.
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Figure 2. The study area was the Peloponnese, Greece (left), which experienced large wildland
fires in 2007 that have been recognized as the most extreme natural disaster in the country’s recent
history [41], as seen in the MODIS image (“NASA/GSFC, MODIS Rapid Response”) (right). The box
in red is the square of 100 × 100 km centered in each Landsat scene used to reconstruct the recent fire
history. The coordinate system is the Greek Grid (EGSA87).

This sampling design created sampling plots that are representative of all biomes
considered, although, in this paper, we use the Mediterranean as a pilot study to show the
whole methodology as captured by the study area of the Peloponnese, Greece.

2.1.2. Study Area

The Peloponnese (Figure 2), located in the southern part of Greece, covers an area of
approximately 21,549 km2, with 638,942 people living in the area, whereby most of them
are employed in agricultural activities. Various vegetation zones associated with specific
climatic zones are present, because of the diverse terrain, the altitude of which ranges from
sea level to 2407 m. The western part of the Peloponnese is more wet than the eastern
one since higher annual precipitation is usually observed in the western part. The main
land-cover categories in the Peloponnese are dense and sparse forests (Sulla-Menashe and
Friedl, 2019) according to the MODIS/Terra + Aqua Land Cover Type Yearly L3 Global
500 m product for 2018. A detailed description of vegetation categories, associated with the
diverse topography featuring the typical Mediterranean Aleppo pine (Pinus halepensis Mill.)
forests and the phryganic and evergreen sclerophyllous shrublands in the lowlands, can be
found in Koutsias et al. (2012). Fire activity is evident in the Peloponnese, experiencing the
biggest fires ever recorded in Greece in the year of 2007 [41].
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2.1.3. Satellite Remote Sensing Data

The three research objectives we set up in this work were examined exclusively on
the basis of satellite data at various spatial and temporal scales by using the spectral
information content of the original spectral channels and estimated vegetation indices. The
basic assumption is that there are changes due to fire in the vegetation and ground (destroy
of vegetation, ash disposal, etc.), and these changes are reflected in the spectral information
content and in the estimated vegetation indices. Phenology allows for the estimation of
the time that the signal after the fire becomes similar to the signal before the fire and, thus,
might be considered as an indication regarding the level and the time of the recovery.

The satellite data used in the current work are composed of Landsat, Sentinel-2, and
MODIS satellite images. Their spectral characteristics are depicted in Figure 3, where it is
obvious that there is a spectral consistency across the sensors, since their spectral bands
correspond to the same or similar parts of the electromagnetic spectrum. Concerning
their differences in spatial and temporal resolution, it seems that these do not create any
incompatibilities in the research objectives of our study, since each satellite is used for a
different research question. Firstly, Landsat is used to reconstruct the fire history from 1984
that guarantees an extended period being able to characterize the fire regime. Secondly,
Sentinel-2 is only used to show that the rule-based approach can be used successfully
to map the burned areas, thus guaranteeing that fire mapping can be implemented in
future with Sentinel-2 images given the possibility of capturing smaller fires because
of the higher spatial resolution. Lastly, MODIS images are used only to characterize
vegetation phenology in the pre-fire situation and post-fire phenology patterns of fire-
affected areas, taking advantage of the high-temporal-resolution data, which are important
for the phenology.
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Landsat satellite images: The main satellite data used in the current work are Landsat
Level-2 archived data of surface reflectance for the period 1984–2015, provided free of
charge by the US Geological Survey (USGS), and processed to Standard Terrain Correction
(Level 1T). Landsat data are systematically corrected (i.e., radiometrically and geometrically)
by incorporating ground control points while employing a digital elevation model (DEM)
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(http://landsat.usgs.gov (accessed on 1 September 2017)). Therefore, we did not proceed to
perform any further corrections to eliminate errors induced by different sources including
the irregular terrain. These data were ordered and downloaded free of charge from the
USGS for all Landsat series sensors (5, 7, and 8).

Sentinel-2: Sentinel-2 satellite images were also used mainly to check the method-
ology that we developed to map burned areas originally using Landsat images with
the rule-based approach [15,42]. The Copernicus Sentinel-2 mission consists of two sun-
synchronous satellites providing satellite data every 5 days. There is a certain improvement
on some characteristics compared to Landsat, and it also provides data in very similar
spectral regions to those of Landsat. This gives the opportunity for a very general spectral
consistency between the two sensors, allowing the application of techniques, originally
developed for Landsat data, to Sentinel-2 data without significant modifications.

Surface Reflectance 8-Days MODIS: According to MODIS (or Moderate Resolu-
tion Imaging Spectroradiometer) information, MODIS Surface Reflectance products can
be an estimate of the surface spectral reflectance at ground level that is free of atmo-
spheric scattering or absorption (https://modis.gsfc.nasa.gov/data/dataprod/mod09.php
(accessed on 1 September 2017)). The 8-days products are composed by the best possible
L2G observation during an 8 day period, as selected on the basis of high observation
coverage, low view angle, the absence of clouds or cloud shadow, and aerosol loading. All
available 8-days composites from the beginning of the operation of both satellites Terra
(2000–) and Aqua (2002–) were downloaded from the USGS.

2.1.4. Vegetation Indices

A vegetation index (VI) is usually a linear transformation of two or more spectral
bands aimed at enhancing the spectral signal of the original spectral channels by creating a
new spectral space. This is sensitive to variations of vegetation attributes such as leaf area
index (LAI), percentage green cover, chlorophyll content, green biomass, and absorbed
photosynthetically active radiation (APAR). In our study, we chose a few that are considered
typical and have been extensively applied for vegetation studies or in remote sensing of
wildland fires. It is beyond the scope of this study to make an extensive evaluation of
vegetation indices concerning their phenology between low and high fire-prone areas. The
vegetation indices selected are described below.

Normalized difference vegetation index (NDVI): The normalized difference vegeta-
tion index (NDVI) [43,44] is one of the most used and well-known vegetation indices that
is sensitive to live green plants in multispectral remote sensing data. Conceptually, the
index is based on (a) the absorption of visible light, especially in the range 0.4 to 0.7 µm
(red—MODIS band 1) by the pigment in plant leaves, and (b) the reflection of near-infrared
light, in the range 0.7 to 1.1 µm (NIR—MODIS band 2) because of the cell structure of the
leaves. The index, which varies between −1 and +1, minimizes topographic effects.

NDVI =
NIR − Red
NIR + Red

(1)

where Red is MODIS band, 1 and NIR is MODIS band 2.
Ratio vegetation index (RVI): The ratio vegetation index (RVI) [45] simply divides

the near-infrared (NIR—MODIS band 2) by the visible spectral values (red—MODIS band
1). Both RVI and NDVI measure the slope of the line between the origin of red–NIR space
and the red–NIR value of the image pixel.

RVI =
NIR
Red

(2)

where red is MODIS band 1, and NIR is MODIS band 2.
Normalized burn ratio (NBR): The normalized burn ratio (NBR) index [46,47], which

is a modification of the normalized difference vegetation index (NDVI), was originally
proposed by Lopez-Garcia and Caselles [48], who underlined the post-fire radiometric

http://landsat.usgs.gov
https://modis.gsfc.nasa.gov/data/dataprod/mod09.php
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changes occurring in the shortwave infrared part of the electromagnetic spectrum that
was later verified by Koutsias and Karteris [49]. The NBR index results from NDVI by
replacing red with SWIR, which is sensitive to leaf water content because of the absorption
of electromagnetic energy at this wavelength [50]. There is a unique spectral behavior of
burned areas in the NIR and SWIR region of the electromagnetic spectrum as described in
Koutsias and Karteris [49,51]. In many burned land mapping studies, NBR, which attempts
to maximize reflectance change due to fire [52], was found to be very effective.

NBR =
NIR − SWIR
NIR + SWIR

(3)

where SWIR is MODIS band 7 and NIR is MODIS band 2.
Normalized difference water index (NDWI): The Normalized difference water index

(NDVI) proposed by Gao [53] is a spectral vegetation index sensitive to the water content
of plant leaves. NDWI is calculated using the spectral channels that correspond to near-
infrared (NIR—MODIS band 2) and shortwave infrared (SWIR—MODIS band 6).

NDWI =
NIR − SWIR
NIR + SWIR

(4)

where SWIR is MODIS band 6 and NIR is MODIS band 2.
Shortwave infrared water stress index (SIWSI): Similar to the normalized difference

water index (NDWI), the shortwave infrared water stress index (SIWSI) make use of the
spectral information of NIR and SWIR channels of electromagnetic spectrum being sensitive
to water content [54]. Two configurations for this index have been proposed depending on
which SWIR channel from MODIS data is used: SIWSI (5,2) and SIWSI (6,2) when MODIS
channels 5 and 6 are used, respectively. Since band 6 is used in the calculation of NDWI,
here we use only band 5.

SIWSI =
NIR − SWIR
NIR + SWIR

(5)

where SWIR is MODIS 5, and NIR is MODIS band 2.

2.2. Methodology
2.2.1. Reconstruction of Recent Fire History and Determination of Fire Regimes

The spatially explicit reconstruction of the recent fire history and the determination
of fire regimes consists firstly of the delineation of the fire perimeters (using time series of
Landsat (1984–2015) satellite images), as well as of the unburned vegetation patches within
it. To delineate the perimeters of the burned areas, the rule-based approach, developed
by Koutsias et al. [15] and modified also by Koutsias and Pleniou [42], was applied to the
available series of satellite images. This approach is a recently presented method, based on
a semi-automatic algorithm for developing and applying rules on the basis of the spectral
characteristics of burned areas in pre- and post-fire satellite images [15]. All images in
the time series were processed by pairs of two images consisting of one pre-fire and one
post-fire image, and new fires appeared in the post-fire images were properly delineated by
the method. The final results were then cleaned manually by the user since commission
errors were also found in the final results. The method, shown in Figure 4, although
developed for Landsat, also works properly with Sentinel-2 without any modification due
to the spectral consistency of the two sensors.
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Figure 4. The modified rule-based approach as applied to map a very recent fire that occurred in 2021
in Attica, Greece using both Landsat pre- and post-fire satellite images (left) and Sentinel-2 pre- and
post-fire satellite images (right). This is to show that the rule-based approach can also be applied to
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After the reconstruction of the recent fire history, the next step was the application of
the appropriate spatial analysis in a geographic information system environment to develop
thematic layers that summarize the spatial and temporal information of fire regime characteris-
tics, such as burned area maps, frequencies of fire events, and fire return interval maps.

2.2.2. Vegetation Phenology in the Pre-Fire Situation

For each fire incident, time series data of the reflected electromagnetic radiation as
recorded by each spectral channel of the satellite sensor were created, and the above selected
vegetation indices were calculated. We also calculated averaged values of each spectral
channel and for each spectral vegetation index in an annual basis in order to estimate
the parameters describing the annual vegetation phenology before the fire [14,55,56]. The
analysis was restricted, however, only to fires that occurred after 2002 since MODIS data are
available only after 2000. The average values and average ± 1 standard deviation values
were estimated using all time-series observations from the beginning (2000) to the year just
before the fire occurrence. The analysis of vegetation phenology was also restricted by fire
size because the MODIS images had a resolution of 250–500 m for the satellite products we
used; therefore, only fires exceeding a threshold could be considered in the analysis.

2.2.3. Post-Fire Phenology Patterns of Fire-Affected Areas

For the delineated fire perimeters, a phenological pattern was created by analyzing the
time series of each spectral channel and each vegetation index. The phenology of the areas
before and after each fire incident was compared by applying the dynamic time warping
(DTW) method [57–59]. The DTW is a powerful method applied when two different time
series are compared to identify similarity patterns. Such a comparison results in very
poor conclusions regarding similarity when the simple and well-known Euclidean norm is
used, thus underlying the necessity of a more complex and sufficient tool. A more elastic
nonlinear alignment provides unconscious results for the similarity patterns, allowing
similar shapes to match even if they are out of phase in the time axis. This may be obtained
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through the minimization of the total “distance” between the points of the two datasets. In
this case, DTW is a powerful method that compares the i-th point of the first dataset with
the (i + 1)-th and (i − 1)-th points, respectively, while sometimes the (i + 2)-th and (i − 2)-th
points are also considered. Such a procedure is able to identify similar shapes embedded in
phase-delayed datasets. Such a function should be monotonic and continuous.

Given two datasets, A = {a_1,a_2,a_3,..,a_n} and B = {b_1,b_2,b_3,..,b_m}, the DTW method is
based on the calculation of the cost matrix M, which is defined as follows [60]:

Mi,j =
∣∣Ai − Bj

∣∣+ min
{

Mi−1,j−1, Mi,j−1, Mi−1,j
}

(6)

The above relation produces a quality indicator for the warping path we are interested
in; a lower cost value indicates a closer-to-optimal DTW path. The cost matrix is then
used to identify the warping path. The starts from the top right corner of the matrix and
moves toward the bottom left, according to the simple rule of “moving to the left, down, or
diagonal neighbor with the minimum cost value”. This sequence produces a path through
the cost matrix, whose quality is confirmed by the final normalized distance D given as
the summation of the cost values of the specific cells corresponding to the path, divided by the
number of these cells. As this value represents the discrepancy between the two datasets, it is
rather obvious that a closer value to zero denotes a higher similarity between the two datasets.

In terms of an algorithm, the above procedure can be described as follows:
Step 1: Consider the two datasets A, B.
Step 2: Create the cost matrix M. Its rows and columns stand for the two sets to be

compared. The cell values are calculated through the cost function expressed above.
Step 3: Identify the warping path by following the rule of minimum cost.
Step 4: Calculate the final normalized distance.
Lastly, it is worth noticing that the above algorithm can be applied to more than two

datasets, where the matrix becomes a tensor, whose third dimension is equal to the number
of compared sets. An example to illustrate the algorithm with phenology data from a
burned area as compared to the pre-fire situation is provided in Figure 5. All computations
were performed in R [61] using the “dtw” package [62].
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Figure 5. The phenology of the areas before and after the fire can be compared to each other by
applying the dynamic time warping (DTW) method. All computations were performed in R [61]
using the “dtw” package [62]. Dark-blue lines correspond to the reflectance of a burned area, while
light-blue lines correspond to the reflectance of a vegetated area. Both lines were extracted from the
8-days composites within a year (46 observations in total) and are presented here as an example. Red
lines are the one-to-one match for the Euclidean matching and the one-to-many match for the dynamic
time warping matching.
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3. Results
3.1. Reconstruction of Recent Fire History and Determining the Fire Regime
3.1.1. Pilot Study Area—The Peloponnese

The first task of this research concerned (i) the spatially explicit mapping of burned
areas for the period 1984–2015 (Figure 6) from Landsat and Sentinel-2 satellite observations
using the rule-based approach [15] as modified and improved by Koutsias and Pleniou [42],
and (ii) the determination of fire regimes (Figure 7). When this technique was applied to re-
construct the recent fire history in Attica, Greece, which is a similar area to the Peloponnese,
within the period 1984–1991 and 1999–2009, a total of 1773 fire events were identified, and
their scars were mapped. Most of the missing fire events corresponded to the 0–1 ha burned
area class, followed by the 1–5 ha class, which is the next lowest. This is explained by the
fact that small burned areas recorded by forest authorities may not always be captured by
satellite data due to limitations of the spatial resolution of the sensor (i.e., 30 m for the case
of Landsat) or due to limitations arising from the temporal resolution of the satellite [15].
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3.1.2. Total Burned Area Per Biome

Total burned area statistics per biome were estimated after overlaying the 14 biomes
(Figure 1) with MODIS fire perimeters (MCD64A1 Version 6.1 Burned Area). The MCD64A1
Version 6.1 Burned Area is a monthly 500 m pixel burned-area product available from 2000
to now. The summary statistics after the overlay of 14 biomes to the burned area product are
presented in Figure 8, where it is obvious that the fires at global level occurred mostly in the
tropical and subtropical grasslands, savannas, and shrublands (70%), followed by tropical
and subtropical moist broadleaf forests (7%), and deserts and xeric shrublands (6.5%).



Remote Sens. 2022, 14, 5237 12 of 21Remote Sens. 2022, 14, x FOR PEER REVIEW 13 of 22 
 

 

 
Figure 8. Total burned area per biome in percentages estimated after overlaying the biomes with 
MODIS fire perimeters. 

The same summary statistics for each biome were also calculated also for the 
sampling areas corresponding to each biome (Figure 9). From the comparison of the 
summary statistics of both figures, it seems that there is a general consistency, while some 
minor differences can be observed. The most important differences can be observed for 
the fires at the biome montane grasslands and shrublands, with an increase from 1.19% to 
12.93% in the sampling summary statistics, the fires at the biome Deserts and Xeric 
Shrublands (with a decrease from 6.5% to 1.6% in the sampling), and the fires at the biome 
tropical and subtropical moist broadleaf forests (with a decrease from 7.2% to 1.2% in the 
sampling). 

 
Figure 9. Total burned area per biome in percentages estimated after overlaying the sampling scenes 
with MODIS fire perimeters. 

Similarly, the same summary statistics for each biome were also estimated for the 
sampling areas corresponding to each biome, but this time overlaid with Landsat fire 

7.22%

1.94%

0.27%

2.00%

0.43%

1.63%

70.29%

3.39%

4.32%

1.19%

0.14%

0.53%

6.49%

0.11%

0% 10% 20% 30% 40% 50% 60% 70% 80%

Tropical and Subtropical Moist Broadleaf Forests
Tropical and Subtropical Dry Broadleaf Forests

Tropical and Subtropical Coniferous Forests
Temperate Boradleaf and Mixed Forests

Temperate Coniferous Forests
Boreal Forests/Taiga

Tropical and Subtropical Grasslands, Savannas and Shrublands
Temperate Grasslands, Savannas an Shrublands

Flooded Grasslands and Shrublands
Montane Grasslands and Shrublands

Tundra
Mediterramean Forests, Woodlands and Shrublands

Deserts and Xeric Shrublands
Mangrooves

% Total burned area

Bi
om

es

% Total burned area per biome (Biomes overlaid to MODIS fire perimeters)

1.20%

2.38%

0.00%

2.43%

1.12%

1.27%

67.59%

7.02%

0.00%

12.93%

1.51%

0.93%

1.64%

0.00%

0% 10% 20% 30% 40% 50% 60% 70% 80%

Tropical and Subtropical Moist Broadleaf Forests
Tropical and Subtropical Dry Broadleaf Forests

Tropical and Subtropical Coniferous Forests
Temperate Boradleaf and Mixed Forests

Temperate Coniferous Forests
Boreal Forests/Taiga

Tropical and Subtropical Grasslands, Savannas and Shrublands
Temperate Grasslands, Savannas an Shrublands

Flooded Grasslands and Shrublands
Montane Grasslands and Shrublands

Tundra
Mediterramean Forests, Woodlands and Shrublands

Deserts and Xeric Shrublands
Mangrooves

% Total burned area

Bi
om

es

% Total burned area per biome (sampling scenes overlaid to MODIS fire perimeters)

Figure 8. Total burned area per biome in percentages estimated after overlaying the biomes with
MODIS fire perimeters.

The same summary statistics for each biome were also calculated also for the sampling
areas corresponding to each biome (Figure 9). From the comparison of the summary
statistics of both figures, it seems that there is a general consistency, while some minor
differences can be observed. The most important differences can be observed for the fires
at the biome montane grasslands and shrublands, with an increase from 1.19% to 12.93%
in the sampling summary statistics, the fires at the biome Deserts and Xeric Shrublands
(with a decrease from 6.5% to 1.6% in the sampling), and the fires at the biome tropical and
subtropical moist broadleaf forests (with a decrease from 7.2% to 1.2% in the sampling).
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Figure 9. Total burned area per biome in percentages estimated after overlaying the sampling scenes
with MODIS fire perimeters.
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Similarly, the same summary statistics for each biome were also estimated for the
sampling areas corresponding to each biome, but this time overlaid with Landsat fire
perimeters as mapped using the rule-based approach (Figure 10). A general consistency
can be observed, again with a few discrepancies. The most important were the fires at the
biome montane grasslands and shrublands, with an increase from 12.93% in the sampling
summary statistics of the MODIS fire perimeters to 25.25% in the sampling summary
statistics of the Landsat fire perimeters. The fires at the biome tropical and subtropical
moist broadleaf forests of the Landsat fire perimeters increased to 9.73% from 1.2% in the
MODIS fire perimeters, being similar to the original 7.22%. It was beyond the scope of the
study to conduct an extended evaluation and comparison of the summary statistics.
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Figure 10. Total burned area per biome in percentages estimated after overlaying the sampling scenes
with Landsat fire perimeters as mapped using the rule-based approach.

3.2. Vegetation Phenology of the Fire-Affected Areas

The second task of this research concerned the assessment of vegetation phenology
in the pre-fire situation using satellite observations. The phenology profiles using the 8
day time intervals provided by the MODIS 8-days composites are presented in Figure 11,
while the same profiles but aggregated to monthly intervals are presented in Figure 12. The
phenology profiles show specific patterns of the vegetation before the fire in the fire-affected
areas. These graphs show the spectral vegetation profile of the areas that are going to be
burned. The average (red solid line) and average ± 1 standard deviation lines (dashed
lines) were estimated using all time-series observations from the beginning (2000) to the
year just before the fire occurrence.
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3.3. Monitoring of Post-Fire Evolution Patterns

The third task of this work concerned the assessment of the phenology of burned areas
with MODIS satellite observations for the monitoring and comparative evaluation of the
post-fire recovery patterns in the selected biomes and its comparison to the pre-fire situation
using the dynamic time warping method (Figure 13). Here, we present only the vegetation
indices considered for a single fire (fire ID 1942). To avoid any misunderstanding, the blue
line was inserted by the yearly average phenology profile estimated by the observations
from the beginning of the time series until the previous year of the fire. By comparing the
DTW distance of the fire-affected area (red line) with the corresponding one of the pre-fire
situation (blue line), we estimated the time period that the area needs to recover as this is
defined by the spectral matching of the two phenology patterns.
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Figure 13. For the delineated fire perimeters, a phenological pattern of the burned areas was created,
as a result of the analysis of the time series of the radiometric values of each spectral channel and each
vegetation index. The phenology of the areas before (blue line) and after (red line) each fire incident
was compared to each other by estimating their distances with the dynamic time warping method.

4. Discussion

This study showed that satellite images from Landsat and Sentinel-2 can be used
successfully to reconstruct the recent fire history by applying an appropriate mapping
technique. The rule-based approach applied here is composed of a set of spectral-based
rules that are valid, especially when the post-fire image is captured shortly after the fire.
This method tries to minimize the human involvement by enabling the algorithm to run
automatically for a time series of satellite images that otherwise would need extensive
time investment. The proposed method is based on the elimination of the time-consuming
phase that is needed to train the algorithm. This is critical when many satellite images must
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be processed, such as for the spatially explicit reconstruction of recent fire history, where
thousands of images might be used in the processing chain [15].

Unburned patches, or areas of low fire intensity, can be observed within the fire scar
perimeter, similar to Pleniou et al. [16], where a diverse mosaic was also observed. This
is a very common pattern in most wildland fires [63], and it is important in ecosystem
functioning that might directly or indirectly influence early vegetation [64] and faunal
post-fire dynamics [65]. Therefore, detailed fire scar maps including patterns of burned and
unburned patches provide important information needed to (i) study landscape wildfire
dynamics, (ii) understand and predict the recovery processes of fire-affected areas, and
(iii) implement post-fire ecosystem management plans, among others.

The map presented in Figure 7, similar to Pleniou et al. [16], shows a mosaic of various
fire frequencies ranging from 1 to 8, as observed in other cases where this method was
applied (e.g., in Attica). Fire frequency (defined as number of fires per unit time [66]) and
fire return interval (defined as the time until a given location reburns [67]) are important
variables with a significant role in vegetation diversity and landscape heterogeneity. The
same authors also mentioned that, under specific conditions, short fire return intervals could
have an important negative effect on regeneration and induce changes in the composition
and relative abundance of species with specific life history [68,69]. Thus, maps of fire
frequency can help to decide on proper restoration practices and vegetation enrichment
of ecosystems subjected to high fire frequencies, as well as predict the long-term species
composition of fire-prone ecosystems.

The fire regime of an area is mainly determined by the interaction of vegetation, cli-
mate, topography, local microenvironmental characteristics, especially when low spatial
and time scales are considered, as well as by changes in the land cover/land use cate-
gories [1,70–72]. The fire regime description incorporates a number of fire characteristics,
which are mainly related to the intensity, frequency, and size of fires [73,74]. There is a
concern regarding the dominant factor shaping and determining the fire regime of an
area [42], focusing on land use categories, climate, and human factors. A simple answer to
the question stated above becomes increasingly difficult, as local fire regimes show great
differentiation in the direction and extent of their changes [75]. Fire activity in an area can
introduce spatial variability and, thus, change and affect landscape characteristics such as
landscape fragmentation or connectivity.

Regarding the vegetation phenology in the pre-fire situation and the post-fire phenol-
ogy patterns of fire-affected areas, it is evident that time series satellite images can be very
useful and informative. Vegetation phenology is an important characteristic that can be
used in vegetation monitoring, especially when time series of satellite images are available.
Temporal profiles extracted from time series of MODIS images can be used to describe
vegetation phenology that can be further used to monitor post-fire vegetation recovery in
fire-affected areas. In our study, satellite images from Terra MODIS satellites were acquired
for the period 2000–2021 and processed to extract the temporal spectral profiles for selected
fire-affected areas. This dataset and time period, analyzed together with the time that
these fires occurred gave the opportunity to create temporal profiles for some years before
the fire.

As mentioned above, plant formations are characterized and differentiated on the
basis of the dominance of functional plant groups [76]. Differentiation in the proportion of
life forms gives each formation particular phenological patterns [77,78]. Phenology, i.e., the
study of the periodicity of biological events, is a result of the long-term effects of climate,
reacting to its changes [79]. The direct relationship of phenology with climatic parameters
makes it an excellent tool for applications related to vegetation monitoring, especially when
using satellite observations [13]. Phenology has been used to distinguish and model the
spread of plant formations with comparable results to those produced by the application
of bioclimatic models [80]. In our study, in addition to the original spectral data, we used
commonly accepted vegetation indices, which are mainly found in vegetation studies, as
well as in burned area mapping studies. In a recent study implemented by Pleniou and



Remote Sens. 2022, 14, 5237 17 of 21

Koutsias [81], it was observed that the original spectral channels, on the basis of which
these indices are estimated, show a kind of sensitivity to external ecosystem parameters,
e.g., to the spectral reflectance of the background soil. Additionally, the use of such indices
is also justified by the sensitivity of spectral reflectance to different burn and vegetation
ratios [81].

It is worth mentioning that the number of studies focusing on the long-term recovery
of Mediterranean vegetation types after fire, as set by Kazanis and Arianoutsou [82],
Baeza et al. [83], Lloret et al. [84], and Nioti et al. [17], is rather low, compared to studies
dealing with short-term regeneration after fire. This is mainly due to the fact that these
ecosystems usually return to their previous state after 10–12 years, as well as due to the
difficulty in analyzing the process of long-term vegetation restoration after forest fires [85].
Plant biomes/climatic zones are associated, to a certain degree, with a specific type of
fire regime, determined from the fire history of the area, and they result mainly from the
synergy of the climatic conditions and the type of vegetation, together with human activities.
Plant biomes also correspond to specific vegetation phenology types, a feature that can
be used for various applications related to vegetation monitoring, especially when time
series of satellite remote sensing images are available. The assessment of a fire regime that
results from the spatially explicit reconstruction of fire history and the post-fire monitoring
of the fire-affected areas can be studied using time series of satellite images with remote
sensing methods.

5. Conclusions

The purpose of this work was to propose and evaluate a methodology to reconstruct
the recent fire history and determine fire regimes, as well as to assess post-fire recovery
patterns of burned areas using exclusively satellite observations by studying the phenology
of the landscape with time series of satellite images. As a pilot study area, we used a
fire-affected area in Greece, the Peloponnese, which belongs to the Mediterranean biome
and, thus, sets the basis for the extension for the entire planet.

Satellite remote sensing technology, together with the availability of time series satellite
images of high spatial and temporal resolution, provides an efficient way to reconstruct
the recent fire history and monitor vegetation recovery. The rule-based approach seems to
be an effective method for burned land mapping that minimizes the human involvement,
by allowing the algorithm to run automatically for a time series of satellite images. The
proposed method is based on the elimination of the time-consuming phase that is needed
to train the algorithm.

Additionally, it was shown that vegetation phenology can be used to monitor vegeta-
tion recovery in the fire-affected areas, especially when time series of satellite images are
available. The dynamic time warping method we applied provides a more elastic nonlinear
alignment, allowing similar shapes to match even if they are out of phase in the time axis.

Author Contributions: Conceptualization, N.K.; methodology, N.K. and F.C.; writing—original
draft preparation, N.K.; writing—review and editing, F.C., A.K. and F.N.; supervision, N.K.; project
administration, N.K.; funding acquisition, N.K.; formal analysis, A.K., F.N., N.K. and F.C. All authors
have read and agreed to the published version of the manuscript.

Funding: This research was co-financed by Greece and the European Union (European Social Fund—ESF)
through the Operational Program “Human Resources Development, Education and Lifelong Learning
2014–2020” in the context of the project “Fire regimes and post-fire evolution of burned areas in
selected plant biomes of the planet studying the phenology of the landscape with time series of
satellite images” (MIS 5047152). The publication of this article has been financed by the Research
Committee of the University of Patras.



Remote Sens. 2022, 14, 5237 18 of 21

Data Availability Statement: The Landsat and MODIS satellite images used in the study are available
to download from the USGS (https://earthexplorer.usgs.gov/ (accessed on 1 September 2018 to
1 September 2019)). Sentinel-2 satellite images can be obtained from the ESA (https://scihub.
copernicus.eu/dhus/#/home (accessed on 1 September 2018 to 1 September 2019)). Other relevant
data can be obtained upon request from the authors.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Harrison, S.P.; Marlon, J.R.; Bartlein, P.J. Fire in the earth system. In Changing Climates, Earth Systems and Society; Dodson, J., Ed.;

Springer: Dordrecht, The Netherlands, 2010; pp. 21–48.
2. Stamou, Z.; Xystrakis, F.; Koutsias, N. The role of fire as a long-term landscape modifier: Evidence from long-term fire observations

(1922–2000) in Greece. Appl. Geogr. 2016, 74, 47–55. [CrossRef]
3. Mouillot, F.; Field, C.B. Fire history and the global carbon budget: A 1◦ × 1◦ fire history reconstruction for the 20th century. Glob.

Change Biol. 2005, 11, 398–420. [CrossRef]
4. Pausas, J.C.; Llovet, J.; Rodrigo, A.; Vallejo, R. Are wildfires a disaster in the mediterranean basin?—A review. Int. J. Wildland Fire

2008, 17, 713–723. [CrossRef]
5. Cowling, R.M.; Rundel, P.W.; Lamont, B.B.; Arroyo, M.K.; Arianoutsou, M. Plant diversity in Mediterranean-climate regions.

Trends Ecol. Evol. 1996, 11, 362–366. [CrossRef]
6. Gill, A.M.; Allan, G. Large fires, fire effects and the fire-regime concept. Int. J. Wildland Fire 2008, 17, 688–695. [CrossRef]
7. Trabaud, L.; Galtié, J.-F. Effects of fire frequency on plant communities and landscape pattern in the Massif de Aspres (Southern

France). Landsc. Ecol. 1996, 11, 215–224. [CrossRef]
8. Pérez, B.; Cruz, A.; Fernández-González, F.; Moreno, J.M. Effects of the recent land-use history on the postfire vegetation of

uplands in Central Spain. For. Ecol. Manag. 2003, 182, 273–283. [CrossRef]
9. Floyd, M.L.; Romme, W.H.; Hanna, D.D. Fire history and vegetation pattern in Mesa Verde national Park, Colorado, USA. Ecol.

Appl. 2000, 10, 1666–1680. [CrossRef]
10. Lynch, J.A.; Hollis, J.L.; Hu, F.S. Climatic and landscape controls of the boreal forest fire regime: Holocene records from Alaska. J.

Ecol. 2004, 92, 477–489. [CrossRef]
11. Bond, W.J.; Keeley, J.E. Fire as a global ‘herbivore’: The ecology and evolution of flammable ecosystems. Trends Ecol. Evol. 2005,

20, 387–394. [CrossRef]
12. Davis, F.W.; Burrows, D.A. Spatial simulation of fire regime in Mediterranean-climate landscapes. In The Role of Fire in

Mediterranean-Type Ecosystems; Moreno, J.M., Oechel, W.C., Eds.; Springer: New York, NY, USA, 1994; pp. 117–139.
13. Reed, B.C.; Brown, J.F.; Vanderzee, D.; Loveland, T.R.; Merchant, J.W.; Ohlen, D.O. Measuring phenological variability from

satellite imagery. J. Veg. Sci. 1994, 5, 703–714. [CrossRef]
14. Bajocco, S.; Koutsias, N.; Ricotta, C. Linking fire ignitions hotspots and fuel phenology: The importance of being seasonal. Ecol.

Indic. 2017, 82, 433–440. [CrossRef]
15. Koutsias, N.; Pleniou, M.; Mallinis, G.; Nioti, F.; Sifakis, N.I. A rule-based semi-automatic method to map burned areas: Exploring

the usgs historical landsat archives to reconstruct recent fire history. Int. J. Remote Sens. 2013, 34, 7049–7068. [CrossRef]
16. Pleniou, M.; Xystrakis, F.; Dimopoulos, P.; Koutsias, N. Maps of fire occurrence—Spatially explicit reconstruction of recent fire

history using satellite remote sensing. J. Maps 2012, 8, 499–506. [CrossRef]
17. Nioti, F.; Xystrakis, F.; Koutsias, N.; Dimopoulos, P. A remote sensing and gis approach to study the long-term vegetation recovery

of a fire-affected pine forest in Southern Greece. Remote Sens. 2015, 7, 7712–7731. [CrossRef]
18. Chuvieco, E.; Mouillot, F.; van der Werf, G.R.; San Miguel, J.; Tanasse, M.; Koutsias, N.; García, M.; Yebra, M.; Padilla, M.; Gitas, I.; et al.

Historical background and current developments for mapping burned area from satellite earth observation. Remote Sens. Environ.
2019, 225, 45–64. [CrossRef]

19. Haxeltine, A.; Prentice, I.C. Biome3: An equilibrium terrestrial biosphere model based on ecophysiological constraints, resource
availability, and competition among plant functional types. Glob. Biogeochem. Cycles 1996, 10, 693–709. [CrossRef]

20. Kottek, M.; Grieser, J.; Beck, C.; Rudolf, B.; Rubel, F. World map of the Köppen-Geiger climate classification updated. Meteorol. Z.
2006, 15, 259–263. [CrossRef]

21. Box, E.O. Macroclimate and Plant Forms: An Introduction to Predictive Modelling in Phytogeography; Dr W. Junk Publishers: The
Hague, The Netherlands, 1981; Volume 1, p. 258.

22. Forseth, I. Terrestrial biomes. Nat. Educ. Knowl. 2010, 3, 11.
23. Bowman, D.M.J.S.; Balch, J.K.; Artaxo, P.; Bond, W.J.; Carlson, J.M.; Cochrane, M.A.; D’Antonio, C.M.; DeFries, R.S.; Doyle, J.C.;

Harrison, S.P.; et al. Fire in the earth system. Science 2009, 324, 481–484. [CrossRef]
24. Xystrakis, F.; Koutsias, N. Differences of fire activity and their underlying factors among vegetation formations in Greece. Iforest

Biogeosci. For. 2013, 6, 132–140. [CrossRef]
25. Bowman, D.M.J.S. Australian Rainforests: Islands of Green in a Land of Fire; Cambridge University Press: Cambridge, UK, 2000; p. 360.
26. Chuvieco, E.; Giglio, L.; Justice, C. Global characterization of fire activity: Toward defining fire regimes from earth observation

data. Glob. Change Biol. 2008, 14, 1488–1502. [CrossRef]

https://earthexplorer.usgs.gov/
https://scihub.copernicus.eu/dhus/#/home
https://scihub.copernicus.eu/dhus/#/home
http://doi.org/10.1016/j.apgeog.2016.07.005
http://doi.org/10.1111/j.1365-2486.2005.00920.x
http://doi.org/10.1071/WF07151
http://doi.org/10.1016/0169-5347(96)10044-6
http://doi.org/10.1071/WF07145
http://doi.org/10.1007/BF02071812
http://doi.org/10.1016/S0378-1127(03)00069-0
http://doi.org/10.1890/1051-0761(2000)010[1666:FHAVPI]2.0.CO;2
http://doi.org/10.1111/j.0022-0477.2004.00879.x
http://doi.org/10.1016/j.tree.2005.04.025
http://doi.org/10.2307/3235884
http://doi.org/10.1016/j.ecolind.2017.07.027
http://doi.org/10.1080/01431161.2013.816452
http://doi.org/10.1080/17445647.2012.743866
http://doi.org/10.3390/rs70607712
http://doi.org/10.1016/j.rse.2019.02.013
http://doi.org/10.1029/96GB02344
http://doi.org/10.1127/0941-2948/2006/0130
http://doi.org/10.1126/science.1163886
http://doi.org/10.3832/ifor0837-006
http://doi.org/10.1111/j.1365-2486.2008.01585.x


Remote Sens. 2022, 14, 5237 19 of 21

27. Payette, S.; Morneau, C.; Sirois, L.; Desponts, M. Recent fire history of the Northern Québec biomes. Ecology 1989, 70, 656–673.
[CrossRef]

28. Shorohova, E.; Kuuluvainen, T.; Kangur, A.; Jõgiste, K. Natural stand structures, disturbance regimes and successional dynamics
in the Eurasian boreal forests: A review with special reference to Russian studies. Ann. For. Sci. 2009, 66, 201. [CrossRef]

29. Williams, R.J.; Cook, G.D.; Gill, A.M.; Moore, P.H.R. Fire regime, fire intensity and tree survival in a tropical savanna in Northern
Australia. Aust. J. Ecol. 1999, 24, 50–59. [CrossRef]

30. Hessl, A.E. Pathways for climate change effects on fire: Models, data, and uncertainties. Prog. Phys. Geogr. Earth Environ. 2011, 35,
393–407. [CrossRef]

31. Rogers, B.M.; Balch, J.K.; Goetz, S.J.; Lehmann, C.E.R.; Turetsky, M. Focus on changing fire regimes: Interactions with climate,
ecosystems, and society. Environ. Res. Lett. 2020, 15, 030201. [CrossRef]

32. Xu, X.; Jia, G.; Zhang, X.; Riley, W.J.; Xue, Y. Climate regime shift and forest loss amplify fire in Amazonian forests. Glob. Change
Biol. 2020, 26, 5874–5885. [CrossRef]

33. Jiménez-Ruano, A.; de la Riva Fernández, J.; Rodrigues, M. Fire regime dynamics in mainland Spain. Part 2: A near-future
prospective of fire activity. Sci. Total Environ. 2020, 705, 135842. [CrossRef]

34. Westerling, A.L.; Gershunov, A.; Brown, T.J.; Cayan, D.R.; Dettinger, M.D. Climate and wildfire in the western United States. Bull.
Am. Meteorol. Soc. 2003, 84, 595–604. [CrossRef]

35. Olson, D.M.; Dinerstein, E.; Wikramanayake, E.D.; Burgess, N.D.; Powell, G.V.N.; Underwood, E.C.; D’Amico, J.A.; Itoua, I.;
Strand, H.E.; Morrison, J.C.; et al. Terrestrial ecoregions of the world: A new map of life on earth. BioScience 2001, 51, 933–938.
[CrossRef]

36. Giglio, L.; Descloitres, J.; Justice, C.O.; Kaufman, Y.J. An enhanced contextual fire detection algorithm for modis. Remote Sens.
Environ. 2003, 87, 273–282. [CrossRef]

37. Koutsias, N.; Kalabokidis, K.D.; Allgöwer, B. Fire occurrence patterns at landscape level: Beyond positional accuracy of ignition
points with kernel density estimation methods. Nat. Resour. Modeling 2004, 17, 359–375. [CrossRef]

38. Koutsias, N.; Allgöwer, B.; Kalabokidis, K.; Mallinis, G.; Balatsos, P.; Goldammer, J.G. Fire occurrence zoning from local to global
scale in the European Mediterranean basin: Implications for multi-scale fire management and policy. IForest 2016, 9, 195–204.
[CrossRef]

39. De la Riva, J.; Pérez-Cabello, F.; Lana-Renault, N.; Koutsias, N. Mapping forest fire occurrence at a regional scale. Remote Sens.
Environ. 2004, 92, 363–369. [CrossRef]

40. Amatulli, G.; Peréz-Cabello, F.; De la Riva, J. Mapping lightning/human-caused wildfires occurrence under ignition point location
uncertainty. Ecol. Model. 2007, 200, 321–333. [CrossRef]

41. Koutsias, N.; Arianoutsou, M.; Kallimanis, A.S.; Mallinis, G.; Halley, J.M.; Dimopoulos, P. Where did the fires burn in Peloponnisos,
Greece the summer of 2007? Evidence for a synergy of fuel and weather. Agric. For. Meteorol. 2012, 156, 41–53. [CrossRef]

42. Koutsias, N.; Pleniou, M. A rule-based semi-automatic method to map burned areas in Mediterranean using landsat images—Revisited
and improved. Int. J. Digit. Earth 2021, 14, 1602–1623. [CrossRef]

43. Rouse, J.W.; Haas, R.H.; Schell, J.A.; Deering, D.W. Monitoring Vegetation Systems in the Great Plains with Erts. In Proceedings
of the Third ERTS Symposium, Washington, DC, USA, 10–14 December 1973; pp. 309–317.

44. Kriegler, F.; Malila, W.; Nalepka, R.; Richardson, W. Preprocessing transformations and their effect on multispectral recognition.
In Proceedings of the 6th International Symposium on Remote Sensing of Environment, Ann Arbor, MI, USA, 13–16 October
1969; pp. 97–131.

45. Jordan, C.F. Derivation of leaf-area index from quality of light on the forest floor. Ecology 1969, 50, 663–666. [CrossRef]
46. Key, C.H.; Benson, N.C. Measuring and remote sensing of burn severity: The cbi and nbr. In Proceedings of the Joint Fire Science

Conference and Workshop, Boise, ID, USA, 15–17 June 1999; Neuenschwander, L.F., Ryan, K.C., Eds.; p. 284.
47. Key, C.H.; Benson, N.C. Landscape assessment: Ground measure of severity, the composite burn index; and remote sensing of

severity, the normalized burn ratio. In Firemon: Fire Effects Monitoring and Inventory System; Lutes, D.C., Keane, R.E., Caratti, J.F.,
Key, C.H., Benson, N.C., Sutherland, S., Gangi, L.J., Eds.; USDA Forest Service, Rocky Mountain Research Station: Ogden, UT,
USA, 2006; pp. 1–51.

48. Lopez Garcia, M.J.; Caselles, V. Mapping burns and natural reforestation using thematic mapper data. Geocarto Int. 1991, 6, 31–37.
[CrossRef]

49. Koutsias, N.; Karteris, M. Burned area mapping using logistic regression modeling of a single post-fire landsat-5 thematic mapper
image. Int. J. Remote Sens. 2000, 21, 673–687. [CrossRef]

50. Ji, L.; Zhang, L.; Wylie, B.K.; Rover, J. On the terminology of the spectral vegetation index (nir-swir)/(nir + swir). Int. J. Remote
Sens. 2011, 32, 6901–6909. [CrossRef]

51. Koutsias, N.; Karteris, M. Logistic regression modelling of multitemporal thematic mapper data for burned area mapping. Int. J.
Remote Sens. 1998, 19, 3499–3514. [CrossRef]

52. Lozano, F.J.; Suárez-Seoane, S.; de Luis, E. Assessment of several spectral indices derived from multi-temporal landsat data for
fire occurrence probability modelling. Remote Sens. Environ. 2007, 107, 533–544. [CrossRef]

53. Gao, B.-C. Ndwi—A normalized difference water index for remote sensing of vegetation liquid water from space. Remote Sens.
Environ. 1996, 58, 257–266. [CrossRef]

http://doi.org/10.2307/1940217
http://doi.org/10.1051/forest/2008083
http://doi.org/10.1046/j.1442-9993.1999.00946.x
http://doi.org/10.1177/0309133311407654
http://doi.org/10.1088/1748-9326/ab6d3a
http://doi.org/10.1111/gcb.15279
http://doi.org/10.1016/j.scitotenv.2019.135842
http://doi.org/10.1175/BAMS-84-5-595
http://doi.org/10.1641/0006-3568(2001)051[0933:TEOTWA]2.0.CO;2
http://doi.org/10.1016/S0034-4257(03)00184-6
http://doi.org/10.1111/j.1939-7445.2004.tb00141.x
http://doi.org/10.3832/ifor1513-008
http://doi.org/10.1016/j.rse.2004.06.022
http://doi.org/10.1016/j.ecolmodel.2006.08.001
http://doi.org/10.1016/j.agrformet.2011.12.006
http://doi.org/10.1080/17538947.2021.1962994
http://doi.org/10.2307/1936256
http://doi.org/10.1080/10106049109354290
http://doi.org/10.1080/014311600210506
http://doi.org/10.1080/01431161.2010.510811
http://doi.org/10.1080/014311698213777
http://doi.org/10.1016/j.rse.2006.10.001
http://doi.org/10.1016/S0034-4257(96)00067-3


Remote Sens. 2022, 14, 5237 20 of 21

54. Fensholt, R.; Sandholt, I. Derivation of a shortwave infrared water stress index from modis near- and shortwave infrared data in a
semiarid environment. Remote Sens. Environ. 2003, 87, 111–121. [CrossRef]

55. Hirschmugl, M.; Gallaun, H.; Dees, M.; Datta, P.; Deutscher, J.; Koutsias, N.; Schardt, M. Methods for mapping forest disturbance
and degradation from optical earth observation data: A review. Curr. For. Rep. 2017, 3, 32–45. [CrossRef]

56. Gemitzi, A.; Koutsias, N. Assessment of properties of vegetation phenology in fire-affected areas from 2000 to 2015 in the
Peloponnese, Greece. Remote Sens. Appl. Soc. Environ. 2021, 23, 100535.

57. Sakoe, H.; Chiba, S. Dynamic programming algorithm optimization for spoken word recognition. IEEE Trans. Acoust. Speech
Signal Process. 1978, 26, 43–49. [CrossRef]

58. Petitjean, F.; Ketterlin, A.; Gançarski, P. A global averaging method for dynamic time warping, with applications to clustering.
Pattern Recognit. 2011, 44, 678–693. [CrossRef]

59. Salvador, S.; Chan, P.K.-F. Toward accurate dynamic time warping in linear time and space. Intell. Data Anal. 2007, 11, 561–580.
[CrossRef]

60. Kim, S.-W.; Park, S.; Chu, W.W. Efficient processing of similarity search under time warping in sequence databases: An
index-based approach. Inf. Syst. 2004, 29, 405–420. [CrossRef]

61. R Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing: Vienna, Austria, 2020.
62. Tormene, P.; Giorgino, T.; Quaglini, S.; Stefanelli, M. Matching incomplete time series with dynamic time warping: An algorithm

and an application to post-stroke rehabilitation. Artif. Intell. Med. 2008, 45, 11–34. [CrossRef] [PubMed]
63. Ryan, K.C. Dynamic interactions between forest structure and fire behavior in boreal ecosystems. Silva Fenn. 2002, 36, 13–39.

[CrossRef]
64. Lentile, L.B.; Smith, F.W.; Shepperd, W.D. Patch structure, fire-scar formation, and tree regeneration in a large mixed-severity fire

in the South Dakota Black Hills, USA. Can. J. For. Res. -Rev. Can. De Rech. For. 2005, 35, 2875–2885. [CrossRef]
65. Bradstock, R.A.; Bedward, M.; Gill, A.M.; Cohn, J.S. Which mosaic? A landscape ecological approach for evaluating interactions

between fire regimes, habitat and animals. Wildl. Res. 2005, 32, 409–423. [CrossRef]
66. McPherson, G.; Wade, E.; Phillips, C.B. Glossary of Wildland Fire Management Terms; Society of American Foresters: Bethesda, MD,

USA, 1990; p. 138.
67. Peng, R.D.; Schoenberg, F.P. Estimation of the Fire Interval Distribution for Los Angeles County, California; University of California:

Los Angeles, CA, USA, 2007; p. 36.
68. Lloret, F.; Pausas, J.G.; Vila, M. Responses of Mediterranean plant species to different fire frequencies in Garraf Natural Park

(Catalonia, Spain): Field observations and modelling predictions. Plant Ecol. 2003, 167, 223–235. [CrossRef]
69. Moreira, F.; Viedma, O.; Arianoutsou, M.; Curt, T.; Koutsias, N.; Rigolot, E.; Barbati, A.; Corona, P.; Vaz, P.; Xanthopoulos, G.;

et al. Landscape—Wildfire interactions in southern Europe: Implications for landscape management. J. Environ. Manag. 2011, 92,
2389–2402. [CrossRef]

70. Krina, A.; Xystrakis, F.; Karantininis, K.; Koutsias, N. Monitoring and projecting land use/land cover changes of eleven large
deltaic areas in Greece from 1945 onwards. Remote Sens. 2020, 12, 1241. [CrossRef]

71. Pandey, P.C.; Koutsias, N.; Petropoulos, G.P.; Srivastava, P.K.; Ben Dor, E. Land use/land cover in view of earth observation: Data
sources, input dimensions, and classifiers—A review of the state of the art. Geocarto Int. 2019, 36, 957–988. [CrossRef]

72. Xystrakis, F.; Psarras, T.; Koutsias, N. A process-based land use/land cover change assessment on a mountainous area of Greece
during 1945–2009: Signs of socio-economic drivers. Sci. Total Environ. 2017, 587–588, 360–370. [CrossRef] [PubMed]

73. Agee, J.K. Fire Ecology of Pacific Northwest Forests; Island Press: Washington, DC, USA, 1993; p. 493.
74. Morgan, P.; Hardy, C.C.; Swetnam, T.W.; Rollins, M.G.; Long, D.G. Mapping fire regimes across time and space: Understanding

coarse and fine-scale fire patterns. Int. J. Wildland Fire 2001, 10, 329–342. [CrossRef]
75. Flannigan, M.D.; Krawchuk, M.A.; De Groot, W.J.; Wotton, B.M.; Gowman, L.M. Implications of changing climate for global

wildland fire. Int. J. Wildland Fire 2009, 18, 483–507. [CrossRef]
76. Woodward, F.I.; Lomas, M.R.; Kelly, C.K. Global climate and the distribution of plant biomes. Philos. Trans. R. Soc. Lond. Ser. B

Biol. Sci. 2004, 359, 1465–1476. [CrossRef] [PubMed]
77. Schwartz, M.D. Phenology: An Integrative Environmental Science, 2nd ed.; Springer: Berlin/Heidelberg, Germany, 2013; p. 610.
78. Chen, X. Assessing phenology at the biome level. In Phenology: An Integrative Environmental Science; Schwartz, M.D., Ed.; Springer:

Dordrecht, The Netherlands, 2003; pp. 285–300.
79. Soudani, K.; Hmimina, G.; Delpierre, N.; Pontailler, J.Y.; Aubinet, M.; Bonal, D.; Caquet, B.; de Grandcourt, A.; Burban, B.;

Flechard, C.; et al. Ground-based network of ndvi measurements for tracking temporal dynamics of canopy structure and
vegetation phenology in different biomes. Remote Sens. Environ. 2012, 123, 234–245. [CrossRef]

80. Wessels, K.; Steenkamp, K.; von Maltitz, G.; Archibald, S. Remotely sensed vegetation phenology for describing and predicting
the biomes of South Africa. Appl. Veg. Sci. 2011, 14, 49–66. [CrossRef]

81. Pleniou, M.; Koutsias, N. Sensitivity of spectral reflectance values to different burn and vegetation ratios: A multi-scale approach
applied in a fire affected area. ISPRS J. Photogramm. Remote Sens. 2013, 79, 199–210. [CrossRef]

82. Kazanis, D.; Arianoutsou, M. Long-term post-fire vegetation dynamics in Pinus halepensis forests of Central Greece: A functional
group approach. Plant Ecol. 2004, 171, 101–121. [CrossRef]

83. Baeza, M.J.; Valdecantos, A.; Alloza, J.A.; Vallejo, V.R. Human disturbance and environmental factors as drivers of long-term
post-fire regeneration patterns in mediterranean forests. J. Veg. Sci. 2007, 18, 243–252. [CrossRef]

http://doi.org/10.1016/j.rse.2003.07.002
http://doi.org/10.1007/s40725-017-0047-2
http://doi.org/10.1109/TASSP.1978.1163055
http://doi.org/10.1016/j.patcog.2010.09.013
http://doi.org/10.3233/IDA-2007-11508
http://doi.org/10.1016/S0306-4379(03)00037-1
http://doi.org/10.1016/j.artmed.2008.11.007
http://www.ncbi.nlm.nih.gov/pubmed/19111449
http://doi.org/10.14214/sf.548
http://doi.org/10.1139/x05-205
http://doi.org/10.1071/WR02114
http://doi.org/10.1023/A:1023911031155
http://doi.org/10.1016/j.jenvman.2011.06.028
http://doi.org/10.3390/rs12081241
http://doi.org/10.1080/10106049.2019.1629647
http://doi.org/10.1016/j.scitotenv.2017.02.161
http://www.ncbi.nlm.nih.gov/pubmed/28249756
http://doi.org/10.1071/WF01032
http://doi.org/10.1071/WF08187
http://doi.org/10.1098/rstb.2004.1525
http://www.ncbi.nlm.nih.gov/pubmed/15519965
http://doi.org/10.1016/j.rse.2012.03.012
http://doi.org/10.1111/j.1654-109X.2010.01100.x
http://doi.org/10.1016/j.isprsjprs.2013.02.016
http://doi.org/10.1023/B:VEGE.0000029376.15741.b4
http://doi.org/10.1111/j.1654-1103.2007.tb02535.x


Remote Sens. 2022, 14, 5237 21 of 21

84. Lloret, F.; Calvo, E.; Pons, X.; Diaz-Delgado, R. Wildfires and landscape patterns in the Eastern Iberian Peninsula. Landsc. Ecol.
2002, 17, 745–759. [CrossRef]

85. Ganatsas, P.; Zagas, T.; Tsakaldimi, A.; Tsitsoni, T. Postfire regeneration dynamics in a Mediterranean type ecosystem in Sithonia,
Northern Greece: Ten years after the fire. In Proceedings of the 10th MEDECOS Conference, Rhodes, Greece, 25 April–1 May
2004; Arianoutsou, M., Papanastasis, V.P., Eds.; Millpress: Rotterdam, The Netherlands, 2004; pp. 1–9.

http://doi.org/10.1023/A:1022966930861

	Introduction 
	Material and Methods 
	Materials 
	Sampling Design 
	Study Area 
	Satellite Remote Sensing Data 
	Vegetation Indices 

	Methodology 
	Reconstruction of Recent Fire History and Determination of Fire Regimes 
	Vegetation Phenology in the Pre-Fire Situation 
	Post-Fire Phenology Patterns of Fire-Affected Areas 


	Results 
	Reconstruction of Recent Fire History and Determining the Fire Regime 
	Pilot Study Area—The Peloponnese 
	Total Burned Area Per Biome 

	Vegetation Phenology of the Fire-Affected Areas 
	Monitoring of Post-Fire Evolution Patterns 

	Discussion 
	Conclusions 
	References

