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Abstract: The quantitative characterization of landscape structure is critical to assess conservation,
and monitor and manage biodiversity. The Mediterranean Basin is a biodiversity hotspot that
illustrates the strong relationship between biodiversity and the complexity of the landscape mosaic.
Our objective was to test the relevance of two textural indices and one radiometric index (the
normalized difference vegetation index (NDVI)) to characterize vegetation structure. These indices
could be used as indicators of vegetation composition and organization of four vertical strata when
derived from airborne and Pléiades space-borne VHSR imagery. More specifically, we analyzed
the influence of the spatial resolution and the radiometric information on the characterization of
the landscape structure. Our results indicated that NDVI information at 0.5 m spatial resolution
was necessary to be able to incorporate the heterogeneity of vegetation structure. Indices derived
from lower resolution NDVI images or different radiometric information than airborne images
also proved to be sensitive to vegetation fragmentation and composition. NDVI images brought
out details on ligneous/herbs patterns while panchromatic image brought out more details on
herbs/bare soil patterns. Combined textural and NDVI indices show strong potential for vegetation
structure understanding, allowing detailed mapping. NDVI information shows good potential for
applications related to landscape closure dynamics; related habitat degradation indicators caused by
shrub encroachment. Panchromatic derived information, on the other hand, provides information
relevant in applications focusing grazing management.

Keywords: landscape structure; heterogeneity; FOTO; texture indices; very high resolution optical
images; habitat monitoring

1. Introduction

Heterogeneity of landscape structure is related to ecosystem functions, biodiversity and ecosystem
services. The quantitative characterization of landscape structure is critical in any evaluation for
conservation to report, monitor and manage biodiversity because of the relationship that exists
between landscape structure and ecological processes [1–4]. It has been recognized also as a crucial
variable by the group on earth observations biodiversity observation network (GEO BON) within
the framework of essential biodiversity variables (EBVs) aiming at reporting changes and enhancing
global cooperation for the implementation of policies preventing the loss of biodiversity [5,6].
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The Mediterranean Basin is a biodiversity hotspot [7–9] and illustrates the strong relationship
between biodiversity and landscape complexity, characterized by heterogeneous mosaics with a
succession of open and close habitats, particularly favorable to species diversity [10,11]. From a
long term perspective, anthropic activity has contributed positively to this remarkable diversity
by sustaining landscape heterogeneity with logging and pasture, preventing habitats closure and
homogenization [12]. This closure by shrubs and forest is now occurring, due to changes in traditional
practices, combined with habitat loss and fragmentation induced by land use change [13,14].

Herein, the development of operational monitoring systems providing information on the
temporal/spatial distribution of vertical vegetation strata such as herbaceous, shrub, or tree layer at fine
scale over a large extent is crucial for biodiversity conservation [15] and for fire risk prevention [16,17].
To efficiently report, monitor and manage vegetation structure, indices provided by such systems
should ideally fulfill the following requirements [18,19]: (i) a reduced number of indices should be
identified as the complexity of ecological interpretation increases with the number of indices and
reduces the capacity to transpose and compare among territories; (ii) these indicators should have
minimum redundancy and bring complementary information on several components of vegetation
structure such as the spatial configuration and composition of several vertical strata; (iii) they should be
derived from unsupervised methodologies to facilitate their application with limited in situ data whose
acquisition is expensive and time-consuming. Remotely sensed spectral information is recommended
by several authors [4,20–22] as a proxy for environmental heterogeneity and the consequent rapid
assessment of biodiversity properties. Hence, remote sensing is a major tool contributing to the
development of monitoring systems by providing information on heterogeneous environments over
extensive space and time scales [15,23,24]. Very high spatial resolution (VHSR) imagery in particular
allows disentangling the structure of complex and heterogeneous landscapes [25,26].

Patch-mosaic metrics are widely used to determine the influence of landscape composition or
configuration on ecological processes [27–29]. Nonetheless, landscape metrics show several limitations,
related to classification process and conceptual flaws in landscape pattern analysis [30,31]. Indeed,
inherent misclassifications are inevitable and may lead to strong variability in the computation of the
resulting metrics, even for low error rates [32,33]. Another limitation is related to the assumption that
the image is composed of patches of pure pixels with sharp boundaries, whereas images acquired
over natural landscapes are usually characterized by mixed pixels and continuous gradients or fuzzy
boundaries. Therefore, patch-mosaic metrics may fail to capture landscape heterogeneity, which is
crucial information for habitat condition assessment [34]. Those limitations make the characterization
of pattern changes difficult [35] and may lead to misinterpretation [36].

To overcome these limitations, the characterization of landscape structure through continuous
approaches has been increasingly considered. Continuous approaches do not require
preliminary image classification, avoiding problems caused by subjectivity and misclassification
as aforementioned [34]. Indeed, these continuous approaches are based on textural analysis depicting
gradients and spatial patterns from data sources considered as continuous, such as remote sensing
images [37]. Different methods focusing on image texture analysis exist and the main challenge will be
to derive accurate indices depicting heterogeneity of vegetation structure from remotely sensed spectral
and spatial information [34]. For instance, heterogeneity in vegetation structure can be characterized
by analyzing spatial autocorrelation using variograms [38–40]. Textural indices such as Haralick
indices [34,41], Gabor filters [42] and indices derived from wavelet transform [43] have been used
to characterize the structure of semi open landscapes. However, their application requires expert
parametrization and their ecological interpretation remains challenging.

In previous work [44], we developed a methodological framework based on textural and
radiometric analysis of the normalized vegetation index (NDVI), computed from very high spatial
resolution imagery: two textural indices were produced from the Fourier-based textural ordination
(FOTO) method applied on NDVI, and complemented by a radiometric index corresponding to the
value of the NDVI. Textural indices were sensitive to vegetation fragmentation while the radiometric
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index was sensitive to the photosynthetic activity of vegetation [44]. The combination of these three
indices provides information about the composition and the configuration of four vertical strata:
(i) bare soil, (ii) herbaceous stratum, (iii) low (shrubs or early growth stage of trees) and (iv) high
ligneous strata (trees). This approach showed particular interest for semi open landscapes monitoring
because it fulfills the above mention requirements: three complementary indices obtained from an
unsupervised methodology proved good capacity for the description of the continuous heterogeneity
of vegetation structure, linked to the composition and configuration of four vertical strata. So far,
the method was only tested with airborne VHSR images over a limited spatial extent. In the perspective
of operational use, the applicability of this method with satellite VHSR images is required in order
to assess the performance over large scales, with more diverse vegetation types and structure than
previous studies did.

The main objective of this study is to test the ability of the indices previously developed [44]
to provide relevant information on vegetation structure when derived from VHSR satellite imagery.
The suitability of the method to VHSR satellite images raises questions, as these images may not share
the same combination of spatial resolution and radiometric information. Therefore, the textural and
radiometric indices computed from satellite images and used to describe landscape structure may
significantly differ from those computed from airborne images.

Here, we specifically focus on the applicability of the proposed method to Pléiades images in order
to study the contribution of spatial resolution and radiometric information on the characterization of
vegetation structure. Within this vein, we aim at answering to the following questions:

• does vegetation structure differ when derived from airborne NDVI images or from spaceborne
panchromatic images sharing the same spatial resolution?

• does vegetation structure differ when derived from airborne NDVI images or from spaceborne
NDVI images with coarser spatial resolution?

More specifically, it is important to gain understanding on how textural and radiometric gradients
vary with the type of data in use, and if these different data types complement each other for the
description of vegetation structure.

To answer these questions, we will first test the capability of different types of images obtained
from the Pléiades satellite to produce meaningful textural and radiometric indices for the description
of vegetation structure. We will link these indices to widely used landscape metrics through regression
models, and then use these metrics to interpret textural and radiometric components obtained from
each data configuration in terms of vegetation structure. The goal of this study is to improve operational
monitoring of vegetation structure in heterogeneous landscapes, and to identify complementarities
between different image types for this purpose.

2. Materials

2.1. Airborne Color Infrared Images

Airborne images were taken from the color infrared BD ORTHO CIR, a French airborne imagery
database acquired by the IGN (Institut National de l’Information Géographique et Forestière).
The dataset used in the study corresponds to 113 pictures acquired in June 2015, preprocessed and
delivered as an orthorectified mosaic with a radiometric equalization performed among pictures. Pixel
values are thus not expressed in reflectance but in numeric count. Images are provided in 25 km2 square
tiles downloadable in JPEG 2000 format, in the French Lambert-93 projection (Table 1). Visible and
near infrared information at 0.5 m spatial resolution allows the computation of NDVI in order to
study vegetation photosynthetic activity and link it to structure at very fine scale. However, time of
acquisition cannot be controlled while it could be crucial for vegetation structure monitoring [45].
In addition, the availability of VHSR airborne images at low cost is not warranted in every country,
which raises another limitation for future operational applications.
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2.2. Pléiades Satellite Images

VHSR satellite images are increasingly available from public and commercial operators. National
initiatives also improve availability of VHSR images for research purpose and to sustain public policies.
Pléiades images are accessible to the French scientific community at “no cost” through the Theia
Land data center (www.theia-land.fr). Pléiades satellite is an interesting candidate to test the method
developed by Lang et al. [44] with satellite images, as it acquires 0.5 m spatial resolution panchromatic
(P) images, and 2 m spatial resolution multispectral (MS) images, including visible and near infrared
information (see Table 1). In addition, 0.5 m pansharpened multispectral images (panMS) can be
produced from fusion of MS and P images. First, image were converted from radiance to top of
atmosphere reflectance. Second, the pansharpening was performed as follows: first, the MS image
was co-registered with the P image and re-sampled at 0.5 m resolution using a bi-cubic interpolation.
Then, the two images were merged using the Bayesian data fusion algorithm [46]) implemented in
the Orfeo Toolbox (OTB) software. The parametrization was set in order to maximize the spatial
precision, corresponding to w parameter set to 0.99. Next, the NDVI was computed for MS image and
the pan-sharpened image. Finally, the panchromatic band, the 2 m resolution NDVI and the 0.5 m
resolution NDVI were orthorectified in the Lambert-93 projection.

Table 1. Characteristics of the images used in this study.

Data Acquisition Date Resolution Radiometrics Bands Processing Level

BD ORTHO 26 June 2015 0.5 m Green, Red, Infra-red Orthorectified,
Radiometric

homogenization
27 June 2015

Pléiades 2 September 2016

0.5 m Panchromatic (480–830 nm)

Raw data2 m

Blue (430–550 nm)
Green (490–610 nm)
Red (600–720 nm)

Infra-red (750–950 nm)

2.3. Study Area

The study area is a typical Mediterranean landscape located in Southern France, named Montage
de la Moure et Causse d’Aumelas (3◦38′00′′E, 43◦33′00′′N, Figure 1). It is part of Natura 2000 ecological
network for natural habitat conservation, and includes very few anthropic areas and semi-natural
areas.The Table 2 presents the habitats of community interest (HCI) listed by the European Council
Directive 92/43/EEC that are included in the study site. The Habitats are organized in mosaic, with
a continuous openness gradient from open pasture (e.g., Brachypodium restusum mixed with Thymus
vulgaris and Rosmarinus officinalis, corresponding to the 6620 HCI) to degraded pasture with variable
colonization of shrubs (e.g., Quercus coccifera, Juniperus oxycedrus (corresponding to the 5210-1 HCI),
(1) and (2), respectively, in Figure 1b). This structural diversity is the result of long term anthropic
activities such as logging or pasture, and is now facing a dynamic process of landscape closure by
shrubs or forest (e.g., Quercus ilex and Quercus pubescens, corresponding to the 9340 HCI) due to
changes in traditional management practices. As a consequence, the surface corresponding to open
natural habitats decreases, resulting in a loss of faunistic and floristic diversity as well as an increase in
fire risks and a loss of patrimonial heritage.

Image processing was restricted to the spatial extent defined by the Natura 2000 administrative
boundaries, and anthropized surfaces, including built and agricultural surfaces, were excluded.
In the context of textural analysis, the exclusion of agricultural surfaces is particularly important for
vegetation showing periodic patterns, such as vineyards, olive and pine plantations. Clouds included
in the Pléiades images were also masked. Total masked areas represent about 6% of the Natura 2000
site (9349 ha) and were delineated manually.

www.theia-land.fr
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Figure 1. (a) Study area with color infrared (CIR) airborne image and (b) examples of vegetation
structures with CIR airborne image, NDVI airborne and Pléiades images, and Pléiades panchromatic
image with (1) dense cover of low ligneous (LL) (Quercus coccifera); two structure types of highly mix
of herbs (H) and LL with (2) early stage of encroachment by LL dominated by Quercus coccifera and
(3) LL dominated by Juniperus oxycedrus. Radiometric dynamic is indicated by the greyscales for NDVI
images and Pléiades panchromatic band.

Table 2. List of the habitats of community interest that are present in Montagne de la Moure et Causse
d’Aumelas site [47].

Natura 2000 Code Habitat Name Surface (ha)

9340 Quercus ilex and Quercus rotundifolia forests 1863
6620 Pseudo-steppe with grasses and annuals of the Thero-Brachypodietea 1454
5210-1 Arborescent matorral with Juniperus oxycedrus 130
3290 Intermittently flowing Mediterranean rivers of the Paspalo-Agrostidion 9.4
6420 Mediterranean tall humid herb grasslands of the Molinio-Holoschoenion 5.7
3250 Constantly flowing Mediterranean rivers with Glaucium flavum 3.4
5210-3 Arborescent matorral with Juniperus phoenicea 2.5
8130 Western Mediterranean and thermophilous scree 2.1
3170 Mediterranean temporary ponds 1.8
3140 Hard oligo-mesotrophic waters with benthic vegetation of Chara spp. 0.17
8310 Caves not open to the public ...
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3. Methods

3.1. Characterization of Landscape Structure

3.1.1. Landscape Structure from Discrete Representation

The computation of landscape metrics is based on a discrete vegetation map. The following
subsections describe the method used to produce the discrete vegetation map, and the type of landscape
metrics computed from this vegetation map.

Vegetation Mapping

The vegetation map was produced from an object-based image analysis (OBIA) performed on the
CIR airborne image. This OBIA aims at identifying four strata of interest corresponding to bare soil (BS),
herbs (H), low ligneous (LL), i.e., shrubs or small trees, and high ligneous (HL). Here, the vegetation
map derived from the airborne image was used as a reference, and the landscape metrics derived from
this map were assumed to be stable between the airborne acquisition and the satellite acquisition one
year later. The implementation of the vegetation map is detailed in Appendix A.

Computation of Landscape Structure Metrics

A variety of landscape metrics can be computed from the individual strata of the vegetation map.
Although each landscape metric expresses a specific structural component, these metrics proved to be
strongly redundant and intercorrelated [29,33,48,49]. Lang et al. [44] identified a set of metrics which
could be accurately estimated from textural and radiometric indices. Here, we focused on two of these
metrics, the percentage of landscape (PLAND), and the landscape shape index (LSI). PLAND provides
information about the landscape composition, i.e., the proportion of each stratum in a given spatial
unit. LSI provides information about the spatial configuration of each stratum. It is the ratio between
the sum of the patches’ edges of a stratum and the minimum total edge possible, i.e., if all patches are
aggregated into a single square patch. The minimum value is 1 if there is only one single square patch,
and LSI increases when the number of patches increase or their shape diverges from a square and the
length of the edges increase [50]. It can be interpreted as a measure of landscape disaggregation.

The two landscape metrics were computed for each stratum BS, H, LL and HL with FRAGSTATS
4.2.1 Software [50]. Two grouped strata were also computed: the ground (G) stratum, which
corresponds to the combination of BS and H, and the ligneous (L) stratum, which corresponds to the
combination of LL and HL. The landscape metrics were computed for a given window size across
the landscape. Window boundaries were not counted as edges and metrics were computed with the
eight neighbors rule within each window. The window size is mainly constrained by the information
derived from the continuous representation and is defined in the next section.

3.1.2. Landscape Structure From Continuous Representation

The two textural indices were computed using the FOTO method. They provide information
about the configuration of the vegetation [51–54]. The radiometric index corresponds to the NDVI and
provide information about the proportion of individual vertical strata (BS, H, LL, HL), and the grouped
strata (G and L). Combined, textural and radiometric indices provide complementary information
about the composition and the configuration of each stratum [44].

The FOTO method produces textural gradients derived from frequency analysis of a single-band
image. First, the image is divided into windows of homogeneous size. The window size is defined
with respect to the type of landscape structure under study and the image spatial resolution: window
size should be large enough to include several repetitions of the patterns of interest. Lang et al. [44]
concluded that a window size of about 100 m was appropriate for Mediterranean landscapes as this
size allows the method to capture canopy texture, individual trees and shrubs, as well as clumps
of ligneous. Following the conclusions of Lang et al. [44], a window size of 108 m was chosen
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here. Second, a 2D Fourier transform is applied on each window, in order to produce a periodogram
reflecting the share of variance accounted for by a given spatial frequency f , and traveling in a direction
θ. The information is then averaged over all directions to produce a simplified 1D R-spectrum [55].
This directional averaging would be a strong limitation if the patterns of interest were expected to
show anisotropic behavior, but this is not the case for our study site [44]. A Principal Component
Analysis (PCA) is then applied on the R-spectra in order to extract the main components contributing
to the frequency domain and reduce its dimensionality. Similarly to [44], only the two first components
of the PCA (PC1 and PC2) were used to define indices related to coarseness texture attributes and to
characterize vegetation structure.

Lang et al. [44] showed that the principal components produced by the FOTO method contained
relevant information for the identification of a vegetation fragmentation textural gradient (VFTG),
which is particularly important for the description for the vegetation structure in Mediterranean
landscapes. This VFTG corresponds to a linear combination of the two first FOTO components PC1
and PC2. It is then possible to transpose this gradient along a single axis by applying a rotation of
the 2D plane defined by PC1 and PC2. Lang et al. [44] linked the textural gradient orthogonal to the
VFTG (hereafter TG-2) to the dominance of very fine texture produced by the canopy grain when
applying FOTO on airborne images. Here, we aim at understanding if the VFTG can also be obtained
from different types of satellite data when applying FOTO analysis, and if it is the case, which type of
information corresponds to TG-2.

The radiometric index corresponding to the mean NDVI computed for each window enhances
the capacity to discriminate structure among vegetation types when combined with textural
information. Indeed, windows corresponding to different vegetation structures with opposite
radiometric information (e.g., a matrix of herbaceous with shrubs vs. a matrix of shrubs with
herbaceous gaps) may show similar textural attributes, leading to poor discrimination ability from
textural indices only. Finally, the combination of VFTG, TG-2 and mean NDVI is a relevant set of
indices for the characterization of vegetation structure.

3.2. Comparison of Vegetation Structure Among Data Sources

Four sets of indices were computed from the different datasets:

• ANDVI: both textural and radiometric indices were obtained from NDVI computed from airborne
images (0.5 m spatial resolution);

• PPAN: textural indices were obtained from the P band of Pléiades imagery (0.5 m), while the
radiometric index was obtained from the NDVI computed from the MS bands of Pléiades imagery
(2 m);

• PNDVI: both textural and radiometric indices were obtained from the NDVI computed from the
MS bands of Pléiades imagery (2 m);

• PNDVIFUS: textural indices were obtained from the NDVI computed from the panMS bands of
Pléiades imagery (0.5 m), while the radiometric index was computed from the NDVI computed
from the MS bands of Pléiades imagery (2 m).

Lang et al. [44] showed that regression models could be adjusted with textural and radiometric
information obtained from ANDVI in order to estimate various landscape structure metrics. Here, we
first aimed at testing the possibility to estimate landscape structure metrics from satellite images using
the same methodology. Therefore, we compared the performance of regression models derived from
airborne and spaceborne data for the estimation of PLAND and LSI (See Figure 2a). Secondly, we aimed
at understanding the contribution of spatial resolution, radiometric information and pansharpenning
products on the characterization of landscape structure: differences in mean NDVI values were
studied (Figure 2b), then, the effect of spatial resolution was investigated by comparing ANDVI
with PNDVI and the effect of radiometry was studied by comparing ANDVI with PPAN (Figure 2c).
The effect of fusion was studied by comparing PNDVI with PNDVIFUS. ANDVI was not compared
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with PNDVIFUS, as our objective is to specifically understand the influence of pansharpening on
textural gradients and landscape metrics estimation. Finally, we produced a RGB color composition
from the three indices, VFTG, TG-2 and mean NDVI to map vegetation structure for each dataset and
we compared the spatial dynamic of the vegetation structure (Figure 2c). A summary of the main
acronyms used in the study is available in Table 3.

Figure 2. Representation of the methodological framework used to study the influence of radiometry,
spatial resolution and fusion on the characterization of vegetation structure with combined textural
and radiometric indices with (a) the comparison of the estimation of landscape metric; the variation
of (b) radiometric and (c) textural indices and (d) the comparison of the spatial representation of the
vegetation structure with RGB maps representation.

Table 3. List of the acronyms used in the study.

Group Acronyms Description

Vegetation strata

BS Bare soil

H Herbs

LL Low ligneous

HL High ligneous

G Ground stratum, the grouping of bare soil and herbs strata

L Ligneous stratum, the grouping of high and low ligneous strata
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Table 3. Cont.

Group Acronyms Description

Textural indices

PC1 and PC2 First and second principal component of the FOTO method

VFTG PC1 after rotation, corresponding to a vegetation fragmentation
textural gradient

TG2 The orthogonal gradient to VFTG, corresponding to PC2 after rotation

Radiometric index

NDVI Normalized Vegetation Index

Discrete based landscape metrics

PLAND Percentage of area occupied by a certain stratum

LSI
Landscape Shape Index, it is the ratio between the total edge of a stratum and
the minimum total edge. It can be interpreted as a measure of
landscape disaggregation.

Datasets

ANDVI Textural indices and radiometric indices were derived from the NDVI of
airborne images

PPAN
Textural indices were derived from the panchromatic band of Pléiades imagery,
the radiometric index is the NDVI of the multi-spectral bands of
Pléiades imagery

PNDVI Textural indices and radiometric indices were derived from the NDVI of the
multi-spectral bands of Pléiades imagery

PNDVIFUS
Textural indices were derived from the NDVI of the pansharpened
multi-spectral bands of Pléiades imagery, the radiometric index was the NDVI
of the multi-spectral bands of Pléiades imagery

3.2.1. Estimation of Landscape Structure Metrics

RBF-SVM regression models [56] were adjusted from the principal components and the mean
NDVI of ANDVI, PNDVI, PPAN and PNDVIFUS in order to estimate PLAND and LSI.

The dataset was randomly split into two different sets: a training set corresponding to 10% of the
windows included in the study site (about 650 windows) and a validation set including the remaining
windows. The optimization of C and γ was performed using an exhaustive grid search combined
with a 5-fold cross validation, with values ranging from 2−4 to 24 for each parameter. The regression
models were then applied on the validation dataset and the coefficient of determination between the
landscape metrics derived from the discrete approach and the landscape metrics estimated from the
continuous approach was used to estimate the performance of the regression. The training/validation
process was repeated 30 times with different training/validation samples in order to test the sensitivity
of the models to the training dataset.

3.2.2. Comparison of Radiometric Indices

The absolute value of the radiometric indices derived from Pléiades and airborne images are
expected to differ since Pléiades images were expressed in top of atmosphere reflectance while airborne
images were preprocessed and delivered as an orthorectified mosaic with a radiometric equalization
performed among pictures. Therefore, we focused on a relative comparison and computed the Pearson
correlation coefficient (PCC) between mean NDVI derived from airborne and spaceborne images.

3.2.3. Comparison of Textural Indices

Identification of the Vegetation Fragmentation Textural Gradient from Different Data Sources

As explained in Section 3.1.2, the VFTG is obtained after applying a rotation of 2D plane defined
by PC1 and PC2 produced by FOTO when applied on airborne images. Our goal was to evidence if a
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textural gradient equivalent to the VFTG can be produced by FOTO when applied on satellite images.
Our hypothesis was that such VFTG derived from satellite images should be correlated with the VFTG
derived from airborne images, but that the rotation to be applied on the PC1-PC2 plane may vary
with data source. Therefore, we needed to identify the rotation maximizing our ability to compare
information among data sources.

We first identified the rotation angle needed to produce the VFTG from the airborne images. Next,
we applied a rotation angle varying between 0◦ and 170◦ to the PC1 and the PC2 of the different satellite
datasets. Finally, we selected the rotation angle maximizing the correlation between the rotated PC1 of:

• PPAN and the VFTG derived from airborne images;
• PNDVI and the VFTG derived from airborne images;
• PNDVIFUS and the VFTG derived from PNDVI.

Once the optimal rotation angle was found, the correlation among data sources was computed for
VFTG and its orthogonal gradient TG-2.

Relationship between Textural Gradients and Vegetation Structure

After VFTG and TG-2 were defined for each dataset, we investigated the information contained in
these textural gradients by relating the resulting 2D plane with vegetation structure. Our goal was to
study the influence of spatial resolution and radiometric information on the relationship between the
2D plane and the vegetation structure. Our hypothesis was that changes in strata contrast occurring
when using different radiometric information or spatial resolution result in changes in the dominant
pattern enhanced by FOTO. To verify this hypothesis, we converted the position of each window in
the 2D plane from Cartesian coordinate system to polar coordinate system. Such conversion allowed
access to the dominant pattern enhanced by the 2D plane.

In the polar coordinate system, the radial distance r refers to the homogeneity of patterns present
in a windows while the angle θ corresponds to most discriminatory pattern. Windows with low r
values, i.e., windows located around the origin of VFTG / TG-2 plane, were expected to display a
mix of patterns (textural heterogeneity), with one pattern slightly more discriminating than the others.
On the contrary, windows with high r values were expected to display one strongly discriminating
pattern (textural homogeneity), with the angle θ indicating its coarseness property.

Therefore, we focused on the identification in divergences in θ positions between data sources,
and we investigated the potential relationship between specific vegetation structures described by
PLAND and LSI and these changes in angular position. We arbitrarily defined the reference angle
corresponding to θ = 0◦ in order to associate windows discriminated by coarse patterns to low angular
values, and windows discriminated by fine patterns with high angular values.

3.2.4. Spatial Dynamics of Vegetation Structure

Finally, we produced a RGB color composition from the three indices, VFTG, TG-2 and mean
NDVI. Based on these maps, we focused on five types of vegetation structure and compared the
capacity to discriminate these types based on visual interpretation for each data source (Figure 2).
These vegetation types correspond to:

• dense cover of HL (forest);
• dense cover of LL (see 1 in Figure 1);
• highly disaggregated LL and H, where LL is dominated by Quercus coccifera (see 2 in Figure 1);
• highly disaggregated LL and H, where LL is dominated by Juniperus oxycedrus (see 3 in Figure 1);
• dominant cover of H.
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4. Results

4.1. Classification of Vegetation Strata

Classification of the four strata resulted in an overall accuracy of 95% and a Kappa Coefficient of
0.93. All strata were accurately identified, with user and producer accuracies higher than 0.90 (Table 4).
Minor confusions were observed between ligneous classes and between BS and H strata.

Table 4. Confusion matrix of the vegetation map (BS: bare soil, H: herbs, LL: low ligneous, HL:
High ligneous). Well classified regions appear in bold.

Classification Results

Reference Data BS H LL HL Producer
Accuracy

Number of
Regions

BS 183 1 0 0 0.99 184
H 9 199 9 0 0.92 217
LL 0 2 206 9 0.95 217
HL 0 0 14 174 0.93 188

User accuracy 0.95 0.99 0.90 0.95

Overall Accuracy (OA): 0.95; KAPPA: 0.93.

4.2. Estimation of Landscape Metrics

We aimed at testing the possibility to estimate landscape structure metrics from the proposed
combination of textural and radiometric indices. Figure 3 summarizes the performance of the regression
models for the estimation of PLAND (proportion of the strata) and LSI (disaggregation of the strata)
from the continuous approach. Performance obtained for the estimation of PLAND was similar among
data sources, with high coefficients of determination (R2 > 0.80) for HL, G, L and R2 > 0.65 for LL
and H, and poor performance for the BS stratum (R2 < 0.4).

Performance obtained for the estimation of LSI did not show the same consistency among data
sources as for PLAND. Better performance was systematically obtained for the estimation of metrics
derived from ANDVI. Using NDVI information (PNDVI and PNDVIFUS) instead of panchromatic
channel (PPAN) for FOTO analysis led to slightly improved estimation of LSI for herbs strata (H and
G), but the performance among satellite data sources were similar when predicting other strata.
No differences were evidenced when considering the effect of fusion (PNDVI vs. PNDVIFUS).

Figure 3. Mean of coefficients of determination over 30 iterations of regression models predicting LSI
(a) and PLAND (b) for each stratum and combination of strata with indices computed from different
band. Error bars represent the standard deviation of coefficients of determination over the 30 iterations.
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4.3. Comparison of Radiometric Indices

The differences between mean NDVI values of airborne images and Pléiades imagery are
illustrated in Figure 4. Mean NDVI computed from Pléiades image ranged from 0.2 to 0.7 while
mean NDVI values of computed from airborne images ranged from −0.19 to 0.55. Yet, a strong
correlation in the mean NDVI of the two data sources was observed (PCC = 0.94). The mean NDVI
computed from airborne images showed systematic underestimation compared to the mean NDVI
computed from Pléiades images, which can be explained either by the different radiometric units
corresponding to each type of image or by the difference in acquisition date. A comparison of Pléiades
image and SPOT image taken at the end of June similarly to airborne images is presented in Appendix B.
It must be noted that the vegetation state was stable between June and September, providing evidence
that the variation observed (Figure 4) was mainly due to radiometric differences.

Figure 4. Scatterplot of mean NDVI values of windows computed for 0.5 m resolution airborne imagery
and 2 m resolution Pléiades imagery.

4.4. Comparison of Textural Indices

4.4.1. Identification of a Textural Index Corresponding to Vegetation Fragmentation

The first step was to identify the necessary orthogonal rotation angle to be applied on the PC1-PC2
plane computed from the airborne images in order to retrieve a textural gradient corresponding to
vegetation fragmentation. The VFTG was obtained when applying a rotation of 30◦. This VFTG
corresponds to a gradient between low frequencies (coarse patterns) and high frequencies (fine
patterns) (Figure A2, in the Appendix C).

Figure 5 illustrates the distribution of LSI and PLAND metrics for the G stratum (Figure 5a,c)
and the L stratum (Figure 5b,d) in 2D space defined by VFTG and Mean NDVI. It illustrates the
relationship between VFTG and LSI. Low VFTG values corresponded to low LSI and conversely,
high VFTG values corresponded to high LSI. The mean NDVI was related to the dominant stratum.
Low NDVI values corresponded to high percentage of BS (Figure 5a) and conversely, high NDVI
values corresponded to high percentage of L (Figure 5b). The combination of VFTG with the mean
NDVI revealed a continuous gradient of LSI for both G and L strata (Figure 5c,d, respectively), but for
different ranges of NDVI. Similar relationships were found for individual strata and are presented in
Figure A3a in the Appendix D.
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TG-2 was driven by very high frequencies (very fine texture) (Figure A2, in the Appendix C), and
the relationship between Mean NDVI and TG-2 with LSI and PLAND was more difficult to interpret,
especially for low TG-2 values. High TG-2 values were related to the dominance of HL cover for high
mean NDVI and to high LSI values for low mean NDVI values (Figure A3b).

Figure 5. PLAND (a,b) and LSI (c,d) distribution for (a,c) the grouped bare soil and herbs strata and
(b,d) the grouped low and high ligneous strata on the 2D plane defined by the VFTG and mean NDVI
computed on airborne images.

The second step was to identify the rotation maximizing our ability to compare information
among data sources. Figure 6 shows the correlations between the VFTG obtained with airborne images
and the first axis of the 2D plane after rotation of PC1 and PC2 derived from PNDVI and PPAN
(Figure 6a,b). It also shows the correlations between the VFTG obtained with PNDVI and the first axis
of the 2D plane after rotation of PC1 and PC2 derived from PNDVIFUS (Figure 6c).

The maximum correlation between VFTG derived from airborne data and the textural gradient
computed from PNDVI and PPAN was obtained for a rotation of 30◦, which corresponds to the
rotation applied on ANDVI. The strong correlation between ANDVI and PNDVI (PCC > 0.70)
suggests that the VFTG derived from airborne images can also be captured from satellite data even
with a decrease in spatial resolution from 0.5 m to 2 m. The moderate correlation between ANDVI
and PPAN (PCC = 0.60) suggests that the vegetation structure corresponding to VFTG can be partly
captured when performing textural analysis on the panchromatic channel.

The maximum correlation between VFTG derived from PNDVI and the textural gradient
computed from PNDVIFUS was obtained for a rotation angle of 60◦ (Figure 6c). The very strong
correlation between the textural gradient corresponding to VFTG computed from PNDVI and the
textural gradient computed from PNDVIFUS (PCC = 0.97) suggests that both data sources share
identical information, with strong correlation with the VFTG computed from airborne data.

Details on the correlations between the textural gradients VFTG computed from the different data
sources and for the optimal rotation are illustrated in Figure 7. Pairwise comparisons illustrate the
moderate to strong correlations among VFTG from different data sources identified in Figure 6.
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Figure 6. Influence of loadings rotation on correlation of PC1 derived from (a) ANDVI with θ = 30◦ and
PPAN with θ ∈ [0◦, 170◦] (b) ANDVI (θ = 30◦) and PNDVI with θ ∈ [0◦, 170◦] and (c) PNDVI (θ = 30◦)
and PNDVIFUS with θ ∈ [0◦, 170◦]. The best correlation values are indicated in blue dotted lines.

Figure 7. Scatterplots of VFTG scores computed on (a) NDVI of airborne imagery (ANDVI) and
panchromatic band of Pléiades imagery (PPAN) (b) ANDVI and NDVI of Pléiades imagery (PNDVI),
(c) (PNDVI) and fusion derived NDVI of Pléiades imagery.

4.4.2. Correlation of TG-2 among Data Sources

The correlation between TG-2 computed from different data sources and for the optimal rotation
is illustrated in Figure 8. It highlights the differences among datasets for TG-2.PCC TG-2 computed
from ANDVI and from PPAN did not show correlation (PCC = 0.01, Figure 8a), suggesting that the
very fine texture evidenced with TG-2 was related to different vegetation structure when computed
from different radiometric information.

TG-2 computed from ANDVI and from PNDVI showed moderate correlation (PCC = 0.61,
Figure 8b), suggesting that the textural information contained in the two first textural gradients derived
from FOTO was related to relatively similar vegetation structure with the decrease in spatial resolution.

The comparison of TG-2 computed from PNDVI and from PNDVIFUS shows weak correlation
(PCC = 0.42, Figure 8c), suggesting that while the first textural gradient corresponding to vegetation
fragmentation was preserved during fusion, the orthogonal textural gradient was related to different
vegetation structures.
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Figure 8. Scatterplots of TG-2 scores computed on (a) NDVI of airborne imagery (ANDVI) and
panchromatic band of Pléiades imagery (PPAN) (b) ANDVI and NDVI of Pléiades imagery (PNDVI),
(c) (PNDVI) and fusion derived NDVI of Pléiades imagery.

The correlations between the 2D plane defined by the VFTG and the TG-2 and spatial frequencies
are presented in Figure A2 in the Appendix C. It illustrates that gradients of all data sources after
rotation expressed a contrast between the same relative range of frequencies, i.e., between the same
coarseness attributes, while there were not all correlated. It means for instance that a window with
high score in TG-2 displayed a very fine texture for all data sources. However, it did not imply that
this very fine texture was related to the same vegetation structure.

4.4.3. Linking Textural Gradients to Vegetation Structure

4.4.3.1. Influence of Spatial Resolution

The influence of the spatial resolution on the dominant pattern evidenced by the textural indices
is illustrated in Figure 9. The polar angle θ corresponding to the position of each window in polar
coordinates showed relatively good agreement between ANDVI and PNDVI (Figure 9a). Windows
corresponding to low angular values in ANDVI and high angular values in PNDVI, and vice versa
(identified as (1) and (2) in Figure 9a respectively), corresponded to windows showing particular
sensitivity to the degradation of the spatial resolution. Indeed, very fine patterns were more difficult
to detect in PNDVI, favoring the distinction of relatively finer patterns or coarser patterns (zones
(1) and (2) Figure 9, respectively). Changes in coarseness attributes did not seem related to specific
vegetation structure and thus the texture-vegetation relationship remained stable with differences in
spatial resolution.

4.4.3.2. Influence of Pansharpenning

The influence of the pansharpenning on the dominant pattern evidenced by the textural indices is
illustrated in Figure 10. Pansharpening resulted in much stronger changes in angular values, especially
for high values. First, the comparison of θ obtained from PNDVI and PNDVIFUS (Figure 10a) shows
that low angular values (θ lower than 180◦) were highly related. It indicates that when the most
discriminatory pattern was a coarse pattern (θ lower than 180◦) in window characterized with PNDVI,
the most discriminatory pattern was also a coarse pattern with PNDVIFUS. Nevertheless, the slope
lower than 1 for values lower than 140◦ indicated that PNDVIFUS was less sensitive to very coarse
patterns than PNDVI. Angular values higher than 180◦ were very different among data sources
and two variation types were observed. One corresponding to windows that had higher values
in PNDVIFUS and another where windows had lower values in PNDVI (identified as (1) and (2)
Figure 10a, respectively). Plotting the distribution of landscape metrics of windows (1) and (2) against
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the distribution of all windows showed that windows (1) and (2) had a high percentage of HL and
LL, respectively (Figure 10b). Fusion algorithm allowed for the emergence of very fine texture for HL
stratum but not for LL stratum as illustrated in representative windows of zone 1 and 2 in Figure 10c.
These results explained the high correlation between the two VFTG and the relatively low correlation
of the TG-2.

Figure 9. Co-variation of textural gradients derived from airborne imagery NDVI and Pléiades NDVI
band: (a) Scatterplot of angular coordinates with two types of angular variations highlighted in orange:
(1) from [45◦, 225◦] to [270◦, 360◦], (2) from [270◦, 360◦] to [0◦, 135◦], and (b) typical windows of each
variation type.

Figure 10. Co-variation of textural gradients derived from NDVI of Pléiades before and after
pansharpenning and: (a) Scatterplot of angular coordinates with two types of angular variations
highlighted in orange: (1) from [180◦, 315◦] to [280◦, 330◦], (2) from [180◦, 315◦] to [200◦, 250◦];
(b) histograms of characteristic vegetation structure of each angular variation type, metric distribution
is plotted in blue when considering all windows and in orange when considering only windows within
the variation type angular range values, and (c) typical windows of each variation type.
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4.4.3.3. Influence of Radiometry

The influence of the radiometric information on the dominant pattern evidenced by the textural
indices is illustrated in Figure 11. It corresponds to the variations of angular values between ANDVI
and PPAN. Figure 11a. shows that there were many differences in the most discriminatory patterns
within windows of the two data source. Four types of variations were identified (zones 1, 2, 3 and 4 in
Figure 11a, respectively).

Figure 11. Co-variation of texture gradients derived from airborne imagery NDVI and Pléiades
panchromatic band: (a) Scatterplot of angular coordinates with four types of angular variations
highlighted in orange: (1) from [45◦, 225◦] to [270◦, 360◦], (2) from [270◦, 360◦] to [180◦, 270◦], (3) from
[135◦, 315◦] to [0◦, 90◦] and (4) from [0◦, 90◦] to [135◦ to 270◦]; (b) typical windows of each variation
type and (c) histograms of characteristic vegetation structure of each angular variation type, metric
distribution is plotted in blue when considering all windows and in orange when considering only
windows within the variation type angular range values.
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The distribution of landscape metrics LSI and PLAND corresponding to windows within these
zones was compared to the general distribution corresponding to all windows and showed that zone 1
and zone 2 corresponded to windows with a high percentage of LL and HL, respectively (Figure 11b).
These vegetation structures were characterized by different coarseness attributes in ANDVI and PPAN.
On the one hand, variations in zone 1 were explained by the very fine intra LL texture, visible only in
PPAN (see (1) in Figure 11c). On the other hand, variations in zone 2 were explained by the presence
of shadows in the HL canopy visible only in PPAN that produced a coarser texture than the texture of
HL canopy in ANDVI (see (2) in Figure 11c).

Zone 3 and zone 4 were characterized by a higher disaggregation of H and LL, respectively, than
the overall disaggregation (see (3) and (4) Figure 11b). These variations could be explained by the
lower contrast between L and G strata in PPAN. Thus, inter G/L patterns were less discriminated
during the frequency analysis, favoring the distinction of other patterns. In the case of zone 3, fine
patterns due to the G/L contrast in ANDVI decreased for the benefit of very coarse patterns produced
by a higher contrast of BS and vegetation in PPAN (see (3) in Figure 11c). Conversely, very coarse
patterns due to the G/L contrast in ANDVI decreased for the benefit of a finer texture produced by
small shrubs or intra H texture (see (4) in Figure 11c).

These results showed that changes in coarseness attributes were then related to a specific
vegetation structure when considering data sources of different radiometry. The changes of vegetation
contrast in windows characterized by heterogeneous structure (i.e., high LSI) explained the variability
observed between the VFTG of the two data sources (Figure 7a). In addition, the difference of the
canopy grain texture of LL and HL for the two data sources explained the absence of the correlation
observed for the TG-2 (Figure 8b). As a consequence, the interpretation of these gradients in terms of
vegetation structure was different when derived from different radiometric information.

Finally, the VFTG initially derived from textural analysis of the airborne images could also be
identified in satellite data sources. Yet, in case of windows containing heterogeneous patterns, high
variability in VFTG were observed when using different radiometric information (PPAN) because of
changes in vegetation contrast. The TG-2 corresponding to canopy grain texture of HL derived from
textural analysis of the airborne images could also be identified from NDVI data sources (PNDVI and
PNDVIFUS). However, the TG-2 were related to canopy grain of LL for PPAN data source.

4.5. Spatial Dynamics of Vegetation Structure

A RGB color composition from the three indices, VFTG, TG-2 and mean NDVI was produced
for each dataset. It allowed comparing the spatial representation of the vegetation structure when
using data sources of different spatial resolutions and radiometric information. Figure 12 shows the
color composite including VFTG, mean NDVI and TG-2: the intensity of the red channel corresponds
to the degree of disaggregation (VFTG); while the intensity of the green channel corresponds to the
proportion of L characterized by higher NDVI, and the intensity of the blue channel corresponds to the
presence of very fine textural content. This blue channel, could be linked to different “canopy” grains
depending on the data source as explained in Section 4.4.3.2.

The RGB map produced with ANDVI highlights the contrast among vegetation structures (1 to 5
in Figure 12a) as follows:

• mosaics of disaggregated LL and H are displayed in orange, red and magenta, depending on the
relative proportion of each stratum (structure types 1 and 2);

• continuous covers of LL are displayed in green (structure type 3);
• continuous covers of H are displayed in dark blue (structure type 4);
• dense continuous HL are displayed in yellow, bright green or cyan (structure type 5 in Figure 12).

The contribution of the spatial resolution was analyzed by comparing the RBG maps derived from
ANDVI and PNDVI. The RGB map derived from PNDVI (Figure 12d) showed similar spatial patterns,
associated with the same colors as the map derived from ANDVI, as suggested by the correlations
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between VFTG and TG-2 scores (Figures 7 and 8). However, the distinction between continuous LL
cover and disaggregated LL and H varied depending on the type of dominant LL species: highly
disaggregated structures were accurately characterized for Juniperus oxycedrus while LL dominated by
Quercus coccifera showed lower contrast in red tones (structure type 1 and 2, respectively, in Figure 12d)

Figure 12. Maps of combined textural and radiometric indices of (a) ANDVI, (b) PNDVIFUS, (c) PPAN
and (d) PNDVI using a RGB color composition (with R = VFTG, G = mean NDVI, B = TG-2). Main
vegetation structure types are located on the maps by arrows with two structure types of highly mix
of herbs and low ligneous with (1) early stage of encroachment of herbs by low ligneous (Quercus
coccifera); (2) herbs and low ligneous (Juniperus oxycedrus); (3) dense cover of low ligneous (Quercus
coccifera); (4) dry grassland and (5) forest.

The contribution of the radiometric information was analyzed by comparing the RBG maps
derived from ANDVI and PPAN. The RGB map derived from PPAN (Figure 12c) also allowed
identifying the main vegetation structure types. Though, they were not associated with the same colors
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as in ANDVI map, as suggested by the absence of correlation between TG-2 scores (Figure 8). Dense
continuous HL shifted from bright green and cyan in ANDVI map to yellow in PPAN map. Conversely,
continuous cover of LL shifted from green to magenta or blue-gray, due to very fine texture of LL
visible only in PPAN. Similarly to PNDVI map, highly disaggregated structures for LL dominated
Juniperus oxycedrus was better characterized than LL disaggregated structure of Quercus coccifera.

More details on the influence of radiometry on Quercus coccifera structure is detailed in Figure 13.
It presents a transect in which a mosaic of LL and H were present for different combinations of PLAND
and LSI values (Figure 13a,b). First, contrast between the two strata was higher for the NDVI band of
airborne images than the P image of Pléiades (Figure 13d). Consequently, ANDVI RGB map showed
shades of pink-red-orange in high disaggregated parts (2 to 5 in Figure 13) characterizing well the
heterogeneity of vegetation structure. The contrast between parts 2 and 3 and between parts 3 and 4
was lower, and parts 4 and 5 showed no clear differences in colors in PPAN RGB map, leading to a
lower characterization of LL-H heterogeneity. The emergence of LL very fine texture in PPAN was also
visible in part 1 with LL displaying blue-gray versus green in ANDVI derived map.

Figure 13. Influence of the radiometric information for mapping vegetation structure on a transect of
mixed LL (Quercus coccifera) and H strata containing a (a) gradient of vegetation structure in both terms
of relative composition and configuration (LSI), derived from a (b) vegetation map. (c) RGB composite
maps (with R = VFTG, G = NDVI, B = TG-2) and (d) the corresponding data source for textural analysis.
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5. Discussion

5.1. Stability of Textural Contrast

The textural information produced from FOTO showed consistency in term of texture contrast
when derived from airborne to satellite images with different radiometric information and spatial
resolution. Rotation of original PCs of FOTO method always allowed retrieving the gradients VFTG
and TG-2 expressing a contrast between the same coarseness attributes: very coarse against fine
patterns for VFTG and the dominance of fine pattern for TG-2. The same rotation angles of 30◦ were
found for ANDVI, PPAN and PNDVI, indicating that the decomposition of the spatial frequencies was
stable among data sources with different radiometric information and spatial resolution. However,
texture contrast evidenced by FOTO may differ for spatially distinct area as suggested in barbier and
Couteron [57] and Bastin et al. [58]. For instance, texture contrasts expressed by principal components
derived from the same airborne imagery on a subset area of the current study site were different and a
different rotation angle of 60◦ was necessary to retrieve a gradient expressing the contrast between very
coarse patterns and patterns [44]. Furthermore, the principal components computed from PNDVIFUS
differed from those computed from the other data sources.

The optimization of the rotation angle based on a reference textural gradient proved to be efficient
when the VFTG and TG-2 were not defined identically along the PCs of FOTO method, as it was the
case for PNDVIFUS whose optimal rotation angle was 60◦. It pleads towards the stability of FOTO
textural gradients in terms of texture contrast over various landscapes. Indeed, FOTO PCs derived
from different ecosystems with similar data (e.g., [53,54,57]) or with different data like digital elevation
models [59], indicate that rotation would allow retrieving VFTG and TG-2 in terms of texture contrast.

The stability of texture gradient in coarseness contrast constitutes a first milestone for the
monitoring of vegetation structure in complex heterogeneous landscapes. However, it does not
mean that the spatial distribution of texture features is the same within the images but rather that it is
the same globally. It also does not guarantee that VFTG and TG-2 obtained after rotation are similarly
related to vegetation structure. This very point is discussed hereafter.

5.2. Implication of the Use of Spaceborne Data for Monitoring Vegetation Structure

This study confirms the potential of FOTO textural indices for providing relevant information
about continuous change in landscape structure, when combined with the NDVI using airborne image.
Here, the use of an object-based approach showed significantly improvement in classification accuracy
as reported by other studies (e.g., Hamada et al. [60]). In particular, as compared to previous study [44],
indices computed from airborne images led to a higher ability to estimate metrics when metrics
were computed from vegetation map computed using an object-based approach. This reinforces the
existence of the relationship between textural gradients and vegetation fragmentation using airborne
images, in particular over large extents.

The ability of Pléiades images to characterize vegetation structure similarly to airborne images
raised questions related to how spatial and radiometric information influence the characterization of
landscape structure and its representation. We showed that spaceborne NDVI images of lower
resolution than airborne images, and spaceborne panchromatic images allowed characterizing
vegetation structure. However, NDVI information at 0.5 m spatial resolution was necessary to be able
to encompass the whole heterogeneity of vegetation structure. All in all, taking advantage of both
higher spatial resolution and NDVI led to a systematically better relation with LSI and PLAND metrics,
for any stratum considered.

A more detailed comparison of textural indices showed that NDVI satellite image at 2 m provided
relevant information on the vegetation structure that was similar to airborne derived NDVI. VFTG
and TG-2 can be used and interpreted similarly for most of the structural heterogeneity measurements.
High correlation among gradients (PCC > 0.60) and the visual comparison of landscape representation
evidenced that the relationship between texture gradients remained stable with lower NDVI spatial
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resolution. Very fine scale heterogeneity of the structure specific to Juniperus oxycedrus mixed with H
was well characterized. However, 2 m spatial resolution was not precise enough to capture very fine
scale heterogeneity of the structure specific to Quercus coccifera mixed with H. In that regards, NDVI
information at 0.5 m spatial resolution is necessary to produce VFTG and TG-2 gathering the whole
structural gradient.

Our attempts to overcome this limitation and to benefit from the spatial information of
the panchromatic image using pan-sharpening method showed poor results. Only the textural
characterization of forest canopy was enhanced by the data fusion, but it did not allow finer
characterization of LL/H patterns. Johnson [61] demonstrated that the choice of the algorithm may
dramatically influence the efficiency of the fusion when followed by NDVI computation. Preliminary
tests (not shown here) on the choice of the pan-sharpening algorithm were realized and also showed
poor results. Yet, only common algorithms available in the OTB were tested whereas the question
deserves thorough investigations as 0.5 m spatial resolution is needed to catch whole structural
gradient, including fine scale disaggregated structure related to early stage of encroachment by
Quercus coccifera.

Regarding the influence of radiometry on vegetation structure monitoring, panchromatic and
NDVI images showed similar potential for the delineation of management units. This is a crucial
step towards improvement of management of protected areas and on biodiversity conservation [62].
Indeed, continuous indices derived from panchromatic and NDVI images allowed similar distinction
of vegetation types as illustrated on the RGB maps. However, the differences in the contrast among
vegetation strata changed the relationship between textural gradients and vegetation structure, and
they brought out details on patterns related to different strata. Thus, panchromatic and NDVI
information shows potential for distinct applications.

NDVI information should be preferred in application linked to landscape closure dynamics
like habitat degradation caused by shrubs encroachment [25,63], fire propagation management [64]
or changes in bird communities composition [14]. Indeed, ANDVI indices are better suited for the
characterization of LL structure when mixed to both H and BS because of contrast between both strata
that is far lower than either LL/BS or LL/H contrast, as shown in Figures 11 and 13. Conversely,
panchromatic derived information brings more details on BS/H patterns and may be more relevant in
applications focusing on grazing management like the detection of over grazing [65,66].

Another main difference between ANDVI and PPAN indices is that their TG-2 were related to
totally different vegetation structures. Canopy grain evidenced by the TG-2 was no longer associated
with the forest canopy but to shrub canopy texture that was visible only with panchromatic information.
If the potential of FOTO for tropical forest management is well-known (for e.g., [67–69]), its aptitude
has not been demonstrated for the monitoring of the development stage of continuous covers of shrubs.
Textural information derived from panchromatic images shows potential in that matter and it may
open up promising opportunities for the monitoring of vegetation flammability through biomass
estimation which is a main issue for fire risk management in Mediterranean areas [70].

The combination of the two textural gradients VFTG and TG-2 with the mean NDVI proved
to be a relevant set of indicators of vegetation structure derived from satellite images. Most of the
computation process is unsupervised, and they provide information on four vertical strata in terms of
composition and configuration. In addition, mapping these indicators provided synoptic information
which could be interpreted in terms of vegetation structure. Thus, they show strong potential for
habitat mapping and habitat condition assessment. Our framework shows strong potential for the
monitoring biodiversity and the improvement of natural habitat mapping. The approach could
serve directly to the French terrestrial vegetation mapping initiative that needs to be implemented
at a country level (known as CarHAB). These indicators can also contribute to the monitoring of
bird species that are very sensitive to landscape closure and related vegetation structural changes in
heterogeneous mosaics (Lang et al. in prep). In addition, the integration of the VFTG and TG-2 shows
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potential to contribute to the long-term assessment of conservation programs as FOTO method was
initially designed for historical aerial imagery [52].

5.3. Further Directions towards Operational Monitoring

The influence of several factors on the proposed indices still needs to be assessed to capture
critical scales and dimensions of biodiversity, and to warrant their generalizability. For instance,
the scene illumination is a well-known factor that influences the textural characterization of forest
canopy [51,57]. Hence, it is likely that the relationship between TG-2 and canopy texture of HL or LL
strata varies with geometry acquisition. Indeed, the main difference between NDVI and panchromatic
data sources was related to the TG-2 and it was due to the appearance in the panchromatic image
of very fine texture of LL in one hand and to the coarser texture of HL canopy in the other hand.
This could be explained by the presence of shadows that were far less present in aerial images. Thus,
influence of scene illumination should deserve more investigation. Yet, it does not deny the relevance
of the proposed indices to be used as indicators of vegetation structure: firstly because illumination
effects can be mitigated to some extent [57] and secondly because its influence on fragmentation
pattern, i.e., VFTG, was not observed in this study.

Using different radiometry data sources highlighted that changes in vegetation contrast influence
the relationship between textural gradient and vegetation structure. It is likely that phenology of the
vegetation also influences frequency analysis, especially for NDVI data sources. In this study, we
considered that the vegetation state was stable between the two dates of acquisition of the airborne
images (end of June) and the Pléiades (beginning of September). However, an offset between NDVI
values of airborne and spaceborne images was observed, suggesting that vegetation state varied. Thus,
we compared NDVI values of Pléiades with another data source: a SPOT image acquired at the same
period (end of June) as the airborne images. We concluded that the variations observed between
airborne and Pléiades images was mostly due to the differences in radiometric unit. Nonetheless, the
contribution of phenology to the characterization of vegetation structure is crucial and need to be
assessed as acquisition in early spring may result in a diminution of H/L contrast while increasing
contrast of LL/HL.

Further research is still needed to assess the potential of combining textural gradients obtained at
different seasons for enhanced characterization of vegetation strata. Similarly, a promising lead for
further implementation is to consider the combination of NDVI and panchromatic information for a
richer continuous characterization of vegetation structure by using VFTG and TG-2 of both data source,
which proved to bring complementary information. One solution may consist in running a second
“global” PCA with the four gradients of FOTO to provide new synoptic indicators taking advantage of
information present in both data sources. Bugnicourt et al. [59] illustrated it for regional land forms
and landscape mapping. Nevertheless, the link between these indices and vegetation structure would
require to be reassessed.

6. Conclusions

The use of VHSR spaceborne data is crucial for monitoring biodiversity because it allows
getting information over large areas, potentially several times a year as opposed to airborne images.
Results proved the ability of Pléiades satellite imagery to provide relevant indicators of the structure of
various vertical vegetation strata. The tests performed led to learn about the influence of downscaling
the spatial resolution to 2 m. In particular, using panchromatic radiometric information on the final
characterization and representation of the landscape structure was proven useful. High resolution
satellite data proved to be valuable for vegetation structure monitoring even if it appeared that NDVI
information at 0.5 m spatial resolution is still needed to produce indices that could gather the whole
structural gradient in very heterogeneous landscapes. However, the upcoming arrival of the new
Pléiades Neo constellation with 0.30 m of spatial resolution will soon allow benefiting from images
with similar technical characteristics to airborne images. It may enable to test the present framework
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to contribute to the management of Mediterranean vegetation at regional scale. The use of high
resolution data provided a valuable source for primary observation in relation to vegetation structure
to address the current conservation needs, in particular provides an operational method to assess
habitat conditions while supporting mapping to inform conservation planning.
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Appendix A. Vegetation Mapping

The implementation of the vegetation map was performed in three distinct steps. First, segmentation
was performed with the Generic Region Merging segmentation algorithm [71] in order to delineate
regions corresponding to homogeneous surfaces. The parametrization of this algorithm implemented in
OTB was performed based on visual inspection of the results for different values of scale and homogeneity
parameters. Scale and homogeneity parameters control the size and the shape complexity of the regions,
respectively. The segmentation was judged as satisfying when regions corresponding to a selection of
sub areas representative of the diversity of the vegetation structure observed in the image were properly
delineated. i.e., small shrubs corresponding to a size of a limited number of pixels were delineated while
the over-segmentation of forest or large patch of shrubs was avoided as far as possible. Finally, optimal
values for scale and homogeneity were set to 15 and 0.5, respectively.

Next, a set of regions homogeneously distributed across the whole study site was selected and
labeled for each of the four strata of interest: the site was divided into 16 ha windows and one region
corresponding to each class was labeled when possible. We defined here low ligneous as ligneous
comprised between 0.5 m and 2 m and ligneous above 2 m were defined as high ligneous. Hence,
most of the low ligneous corresponded to shrubs but this designation also included young trees.
Samples were taken by photo-interpretation and for the low ligneous stratum, we both digitized
shrubs and small trees. We distinguished individual young trees from more advanced growth stages
by their crown size and their visual aspect (i.e., their texture). This sampling resulted in 1661 regions,
which distribution is detailed in Table A1.

Table A1. Number of samples regions per vegetation stratum. BS: bare soil; H: herbs; LL: Low ligneous;
HL: High ligneous.

Vegetation Stratum Number of Regions Number of Pixels Mean Number of
Pixels Per Region

BS 401 90 353 225
H 408 78 289 191
LL 433 73 645 170
HL 369 52533 142

Then, a set of features was computed from the radiometric information corresponding to each
region: mean, standard deviation, 2nd and 98th quantile corresponding to each spectral band (green,
red and infrared). Quantile statistics were preferred to minimum and maximum in order to avoid
influence of outliers. These 12 region’ features where then used in a support vector machine (SVM)
classification with a radial basis function (RBF) kernel [72]. The initial set of regions was randomly
split into a training set and a validation set equally distributed (50% for each). The RBF-SVM classifiers
require two free parameters to be optimized, C and γ. C is the cost parameter corresponding to the
trade-off between penalization of wrongly classified samples and maximal margins between classes. γ

is the inverse of the standard deviation of the RBF kernel, which is used as similarity measure between
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two points. It controls the trade-off between error due to bias and variance in the model. The strategy
followed for this optimization is based on an exhaustive grid search strategy with a five-fold cross
validation using the training set aiming at maximizing overall accuracy of the classifier. The space
defined by C values ranging from 10−2 to 103 and γ values ranging from 10−5 to 10 was explored.
Then, the model was trained using the full training sample set with optimal values found in the
previous step. The performance of the classification was assessed with the validation sample set using
kappa coefficient, overall accuracy, user accuracy and producer accuracy for each vegetation stratum.

Appendix B. Influence of Phenology

We concluded in Section 4.3 that the offset of mean NDVI values observed between airborne and
Pléiades imagery (Figure 4) could be explained either by the different radiometric units corresponding
to each type of image, or by the difference in acquisition date. In this appendix, we discuss further the
influence of phenology on the vegetation state as seen by a spaceborn sensor.

Most of the ligneous vegetation is evergreen vegetation in our study site. Evergreen ligneous
only renew a fraction of their foliage (about 30%) yearly, since their leaves are photosynthetically
active for several years [73]. In the case of Quercus ilex and Quercus coccifera, the two main ligneous
species present in our study site, the leaves flush occurs in April/May and leaf shedding occurs in
May-June-July [73–75]. As a consequence, most of the phenological variations occurred before the
acquisition scene of airborne images. Therefore, we hypothesized that the state of vegetation was
comparable between the end of June and the beginning of September.

To verify this hypothesis, we used a SPOT image acquired at the same period as the airborne
images but for a different year. The SPOT image was acquired on the June 23 of 2016. The four
multi-spectral bands correspond to the blue (455–525 nm), the green (530–590 nm), the red
(625–695 nnm) and the near infra-red (760–890 nm), available at 6 m spatial resolution. First, the image
was converted into top of atmosphere reflectance. Then, the mean NDVI of windows of 108 m size
were computed. Finally, we analyzed the linear relationship between the mean NDVI of the SPOT
image and the Pléiades images in Figure A1.

Figure A1. Scatterplot of mean NDVI values of windows computed for 6 m resolution of SPOT imagery
and 2 m resolution Pléiades imagery.
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We evidenced a strong linear relationship between the NDVI of the two images (r2 = 0.92).
A slope of 1.00 and an intercept of −0.06 were found, indicating a slight decrease of the mean NDVI
value between the end of June and the beginning of September. These results support our hypothesis
that the vegetation state is stable between these two periods and that the variation observed between
airborne and Pléiades imagery were mostly due to the differences in radiometric units.

The SPOT images was acquired one year after the airborne images. If no strong inter annual
variations of the climate were reported between these two years, an image taken at the same year
would be necessary to strictly confirm this result.

Appendix C. Correlation between Frequencies and Textural Gradients

Figure A2. Correlation between spatial frequencies (expressed in cycles.km−1) and Vegetation
Fragmentation Gradient Texture (VFTG) and Canopy Grain Gradient Texture (TG-2) derived from
(a) NDVI band of airborne imagery, (b) NDVI band of Pléiades imagery, (c) panchromatic band of
Pléiades imagery and (d) fusion derived NDVI of Pléiades imagery; after optimal rotation of 30◦

original principal component 1 and 2 for (a–c) and 60◦ for (d).
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Appendix D. Relationship between Textural and Radiometric Indices and Landscape Metrics

Figure A3. PLAND and LSI distribution for bare soil (BS), herbs (H), low ligneous (LL), high ligneous
(HL), on the 2D plane defined by (a) the VFTG and mean NDVI and (b) the TG-2 and the mean NDVI
computed on airborne images.
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