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1. Introduction

The diffusion of knowledge and information is currently more forceful than ever.
Indeed, we are witnessing the enormous transformative power of the knowledge revolution
that our societies, industries and economies are subject to. One of the drivers in the
current knowledge-based society is remote sensing which is commonly defined as the
acquisition of information about an object without making physical contact with it. In a
more restricted sense, remote sensing refers to the science and technology of acquiring
information about the Earth’s surface. Remote sensing delivers a wealth of information
which would otherwise be inconceivable. Geoinformatics is defined as the scientific
discipline for the acquisition, storage, analysis and presentation of geospatial information.

Geoinformation is a field that greatly benefits from the technological advances in
remote sensing. The numerous advantages of using remote sensing in geoinformation are
demonstrated by the large number of application-oriented endeavors already undertaken.
Depending on the need (i.e., scientific, societal, mapping, planning, hazard mitigation, etc.),
emphasis may be placed on different facets of geoinformation.

This Special Issue of Remote Sensing comprises a contribution to the multi-faceted
range of applications of remote sensing in geoinformation. It hosts eight papers focusing on
a broad range of scientific contributions underscoring this synergetic approach to remote
sensing and geoinformation. These papers were selected from the presentations at the
“7th International Conference on Remote Sensing and Geoinformation of the Environment
(RSCy2019)” held in Paphos, Cyprus, from 18 to 21 March 2019.

The next section summarizes the individual articles hosted in this Special Issue enti-
tled “Remote Sensing in Applications of Geoinformation”. The articles are presented in
alphabetical order based on the first author’s name.

2. Overview of Contributions

The study by Alonso and Renard [1] proposes modeling air temperatures, measured
during four mobile campaigns carried out during the summer months, between 2016 and
2019, in Lyon (France), in clear-sky weather. The study proposes the usage of regression
models based on 33 explanatory variables from traditionally used data, namely, from
remote sensing by LiDAR (light detection and ranging) or Landsat 8 satellite acquisition.
Three types of statistical regressions were explored: partial least square regression, multiple
linear regression and random forest regression. The authors have shown that variables such
as surface temperature, normalized difference vegetation index and modified normalized
difference water index have a strong impact on the estimation model. This study contributes
to the emergence of urban cooling systems.

The aim of the study by Barbierato et al. [2] is to create a general-purpose set of
ecological metrics by combining remote sensing and proximate sensing (Street View)
approaches with data retrieved from Google Street View, to quantify urban forest ecosystem
services and provide a widely transferable methodology. In this respect, remote sensing

Remote Sens. 2021, 13, 33. https://dx.doi.org/10.3390/rs13010033 https://www.mdpi.com/journal/remotesensing

1



Remote Sens. 2021, 13, 33

metrics were calculated by combining high-resolution multispectral images and LiDAR
data to produce indices at different altitudes with respect to the ground. The ecological
metrics from proximate sensing were then calculated by semantic segmentation using
pretrained deep segmentation neural networks. To estimate the validity of this approach,
a set of ecological metrics was used to classify contiguous homogeneous areas of a city
through a spatial clustering algorithm.

Dimopoulos and Bakas [3] investigate how complex machine learning models work,
regarding real estate price predictions, and present the various models and the correspond-
ing results. They explain the analyzed dataset as well as its variables. The machine learning
methods utilized for the target task are presented, as well as the generic algorithm to obtain
the closed-form formula for the higher order regression model, via an automated, stepwise
method. They also present the sensitivity analysis results of the predictors, regarding real
estate prices; the influence of the dataset volume is also investigated, by a parametric study,
for a variety of partitions of the given dataset. Important constraints have been identified,
such as the transparency of models and the repeatability of the results.

Kokinou and Panagiotakis [4] present novel pattern recognition techniques applied
to bathymetric data from two large areas in the Eastern Mediterranean. Their objectives
are: (a) to demonstrate the efficiency of this methodology, (b) to highlight the quick and
accurate detection of both hydrocarbon related tectonic lineaments and salt structures
affecting seafloor morphology and (c) to reveal new structural data in areas poised for
hydrocarbon exploration. In this work, they first apply a multiple filtering and sequential
skeletonization scheme inspired by the hysteresis thresholding technique. Subsequently,
they categorize each linear and curvilinear segment on the seafloor skeleton (medial axis)
based on the strength of detection as well as the length, direction and spatial distribution.
Finally, they compare the seafloor skeleton with ground truth data.

The study by Kordelas et al. [5] examines the applicability of a novel automatic
local thresholding unsupervised methodology for separating inundated areas from non-
inundated ones and proposes alternatives to the original approach to enhance accuracy and
applicability for both Camargue (France) and Doñana (Spain) wetlands. Each examined
alternative approach relies on a specific band or band combination, acknowledged as effec-
tive by the underlying physics, and a specific approach for estimating splitting thresholds.
The different Sentinel-2 based inputs examined for estimating thresholds include: (a) Band
11 (SWIR-1); (b) product of Band 12 (SWIR-2) and Band 8A (NIR); and (c) product of SWIR-1
and NIR (near infra red). The different methods for estimating splitting thresholds include:
(a) minimum entropy thresholding and (b) Otsu’s algorithm. The results of the alternative
approaches are compared against reference maps, provided for Doñana and Camargue by
local research institutes, based on locally developed water detection models.

The mapping of soil nutrients is a key issue for numerous applications and research
fields ranging from global change to environmental degradation and from sustainable
soil management to the precision agriculture concept. The characterization, modeling
and mapping of soil properties at diverse spatial and temporal scales are key factors
required for different environments. The paper by Mohamed et al. [6] focuses on the use
and comparison of soil chemical analyses, visible near infrared and shortwave infrared
spectroscopy, partial least-squares regression, ordinary Kriging, and Landsat-8 operational
land imager images, to inexpensively analyze and predict the content of different soil
nutrients (nitrogen (N), phosphorus (P) and potassium (K)), pH and soil organic matter in
arid conditions. To achieve this aim, 100 surface samples of soil were gathered to a depth
of 25 cm in the Wadi El-Garawla area (northwest coast of Egypt) and chemical analyses
and reflectance spectroscopy in the wavelength range from 350 to 2500 nm was utilized.

Solar maps are becoming a popular resource and are available via the web to help
plan investments for the benefits of renewable energy. These maps are especially useful
when the results have high accuracy. LiDAR technology currently offers high-resolution
data sources that are very suitable for obtaining an urban 3D geometry with high precision.
Three dimensional visualization also offers a more accurate and intuitive perspective
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of reality than 2D maps. The paper by Prieto et al. [7] presents a new method for the
calculation and visualization of the solar potential of building roofs in an urban 3D model,
based on LiDAR data. The paper describes the proposed methodology to (a) calculate the
solar potential, (b) generate an urban 3D model, (c) semanticize the urban 3D model with
different existing and calculated data and (d) visualize the urban 3D model in a 3D web
environment. The paper presents the workflow and results of application to the city of
Vitoria-Gasteiz in Spain.

Themistocleous et al. [8] conducted a study to determine if plastic targets on the sea
surface can be detected using remote sensing techniques with Sentinel-2 data. A target
made up of plastic water bottles with a surface measuring 3 m × 10 m was created and was
subsequently placed in the sea near the Old Port in Limassol, Cyprus. An unmanned aerial
vehicle (UAV) was used to acquire multispectral aerial images of the area of interest during
the same time as the Sentinel-2 satellite overpass. Spectral signatures of the water and the
plastic litter after it was placed in the water were taken with a Spectra Vista Corporation
HR1024 spectroradiometer. The study found that the plastic litter target was easiest to
detect in the NIR wavelengths. Seven established indices for satellite image processing
were examined to determine whether they can identify plastic litter in the water. Further,
the authors examined two new indices, the plastics index and the reversed normalized
difference vegetation index to be used in the processing of the satellite image. The proposed
plastic index was able to identify plastic objects floating on the water surface and was the
most effective index in identifying the plastic litter target in the sea.

3. Conclusions

The scientific contributions in this Special Issue aim at informing and updating the
scientific communities involved in geoinformation and remote sensing on findings in
important areas of remote sensing in applications of geoinformation. Remote sensing and
geoinformation technologies have a pivotal role in innovation; they also offer solutions
to major environmental issues and contribute to the modernization of many scientific
developments, with a significant impact on the quality of life and the economy.

Remote sensing has long been proven to be a valuable tool in a wide range of disci-
plines for the study of the environment, such as, weather, monitoring of air pollution, the
environmental control and management, mapping of geomorphological structures and
the prevention and mitigation of natural disasters, etc. Remote sensing has also found
fertile ground in the field of geoinformation, as is very aptly indicated by the examples in
this volume.

On the one hand, the technological advances in remote sensing are proliferating
at a fast pace. On the other hand, the evolving field of geoinformation is increasingly
becoming a societal commodity. Fusion of remote sensing and geoinformatics opens new
challenging routes for further investigations, research and experimentation. By presenting
state-of-the-art data sources, technologies and methodologies, this Special Issue aspires
to stimulate further research in the increasingly expanding field of applications of remote
sensing in geoinformation.
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Abstract: The mapping of soil nutrients is a key issue for numerous applications and research fields
ranging from global changes to environmental degradation, from sustainable soil management to
the precision agriculture concept. The characterization, modeling and mapping of soil properties at
diverse spatial and temporal scales are key factors required for different environments. This paper is
focused on the use and comparison of soil chemical analyses, Visible near infrared and shortwave
infrared VNIR-SWIR spectroscopy, partial least-squares regression (PLSR), Ordinary Kriging (OK),
and Landsat-8 operational land imager (OLI) images, to inexpensively analyze and predict the content
of different soil nutrients (nitrogen (N), phosphorus (P), and potassium (K)), pH, and soil organic
matter (SOM) in arid conditions. To achieve this aim, 100 surface samples of soil were gathered to a
depth of 25 cm in the Wadi El-Garawla area (the northwest coast of Egypt) using chemical analyses
and reflectance spectroscopy in the wavelength range from 350 to 2500 nm. PLSR was used firstly
to model the relationship between the averaged values from the ASD spectroradiometer and the
available N, P, and K, pH and SOM contents in soils in order to map the predicted value using
Ordinary Kriging (OK) and secondly to retrieve N, P, K, pH, and SOM values from OLI images.
Thirty soil samples were selected to verify the validity of the results. The randomly selected samples
included the spatial diversity and characteristics of the study area. The prediction of available of N, P,
K pH and SOM in soils using VNIR-SWIR spectroscopy showed high performance (where R2 was
0.89, 0.72, 0.91, 0.65, and 0.75, respectively) and quite satisfactory results from Landsat-8 OLI images
(correlation R2 values 0.71, 0.68, 0.55, 0.62 and 0.7, respectively). The results showed that about 84%
of the soils of Wadi El-Garawla are characterized by low-to-moderate fertility, while about 16% of the
area is characterized by high soil fertility.

Keywords: soil nutrients; field spectroscopy; Landsat (OLI); partial least-squares and regression;
Wadi El-Garawla

1. Introduction

Soil is a very complex ecosystem made up of biotic and abiotic factors that strongly differ from one
environment to another. The characterization, modelling and mapping of soil properties are key factors

Remote Sens. 2020, 12, 3716; doi:10.3390/rs12223716 www.mdpi.com/journal/remotesensing5
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for implementing good agricultural management practices [1–4] to maintain ecological balances and
prevent land degradation in arid and semiarid environments. As an example, the accumulation of salts
and soil nutrients in arid conditions is affected by many factors, such as topography, geology, climate,
soil moisture, land use, agricultural activity, and local environmental conditions [5–8]. The traditional
methods for estimating different soil properties typically involves extensive field work and laboratory
analysis and, therefore, are not only expensive and time consuming but also may be affected by
significant uncertainty. Therefore, over the last four decades, to model and map soil properties in
a cost-effective manner at various scales, remotely sensed imagery has been proposed and used
in combination with field measurements [9–12]. Important soil properties such as salinity, texture,
minerals, and organic matter have been successfully characterized and investigated using multispectral
scanner (MS), Landsat-8 operational land imager (OLI), Landsat-5 thematic mapper (TM), Landsat-7
enhanced thematic mapper plus (ETM+) [13].

Over the past two decades, scientists throughout the world have focused their interest on new
technologies such as the visible–near-infrared (Vis-NIR) spectroscopy to identify and characterize
soil in terms of (but not only) clay mineralogy, soil organic matter (SOM), soil composition, and soil
texture [14–17]. It is well recognized that the absorption spectrum in the NIR zone (780–2500 nm)
can be used for estimating H2O, CO2, OH, SO4, and CO3 groups [18]; furthermore, soil nutrients can be
identified using NIR spectroscopy, particularly for estimating N, K, and P soil content (with expected
satisfactory coefficients of correlation around 0.72 and 0.68 for N and K, respectively), and with higher
value in the case of phosphorus (around 0.84) [19]. Moreover, additional independent studies have
shown that calcium, potassium, magnesium, and sodium can be predicted using statistical models
such as partial least-squares regression (PLSR) [20,21]. As a whole, today, Vis-NIR techniques are
recognized to be effective for the quantitative retrieval of soil characteristics and usually provide
good indications of soil quality [22]. Nevertheless, some critical issues have still to be faced, such as,
for example, the estimation of carbonate and the gypsum contents that is still today a controversial
issue. In fact, some studies highlighted that spectroscopic techniques cannot suitably predict the
carbonate content (correlation lower than 0.52), whereas other studies pointed out that the joint use of
spectroscopic techniques and PLSR improved the estimation with correlation values ranging from 0.86
to 0.91 [23–25].

From the methodological point of view, analytical methods based on changes in specific reflectance
(in the visible range from 400 to 700 nm, and in the near-infrared range from 700 to 2500 nm [26,27]),
enable the discrimination of different soil properties, such as pH, organic carbon, electrical conductivity,
texture, nitrate–nitrogen, available phosphorus, exchangeable potassium, cation exchange capacity,
exchangeable calcium, and exchangeable aluminum. Moreover, several prediction models have been
used to assess soil properties based on reflectance spectroscopy, such as artificial neural networks
(ANN), partial least square regression (PLSR), stepwise multiple linear regression (SIMR), multivariate
adaptive regression splines (MARS), locally weighted regression (LWR), and principal components
regression (PCR) [18,28].

As a whole, today, one of the major challenges to be faced is the need to develop low-cost methods
for mapping soil properties over large areas and, on the other hand, it is important to consider that
agricultural management needs a rapid analysis to identify the deficiency of elements in the soil
and crops. To cope with this issue, Vis-NIR reflectance spectroscopy coupled with satellite data can
suitably complement in situ analyses [29,30]. The timely availability of quantitative information
on soil properties and their spatial distribution is extremely relevant for sustainable agricultural to
achieve development, reducing the negative effects on soil and environment [31–33]. This is extremely
important in arid and semi-arid areas which have several limiting factors for soil fertility, such as low
nitrogen, phosphorus, scarcity of irrigation water, and low soil organic matter. Moreover, the mapping
soil properties and fertility provides good indicators of land degradation [34–36] and/or evidence of
land capacity.
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An effort in this context is made in this paper, which is focused on the evaluation of soil nutrients
(N, P, K), SOM, and pH in the arid area of Wadi El-Garawla (the northwest coast of Egypt) jointly using
chemical analyses, Vis-NIR spectroscopy and satellite Landsat-8 data that are freely available from the
NASA web site. In detail, the PLSR was used firstly to model the relationship between the averaged
values from the analytical spectral devices (ASD) spectroradiometer and the soil’s available nitrogen
(N), phosphorus (P), and potassium (K) content, along with the pH and the soil organic matter (SOM);
and (ii) secondly to retrieve N, P, K, pH, and SOM values from the OLI images. Thirty soil samples
were selected to verify the validity of the results. The randomly selected samples included the spatial
diversity and characteristics of the study area.

The approach herein proposed enabled us to (I) model the relationship between the Spectral
reflectance by ASD spectroradiometer and the laboratory analysis of soil of soil properties (N, P, K),
pH, and SOM; (II) map the predicted soil properties using OK; (III) map the predicted soil properties
from Landsat OLI images; and (IV) map the soil fertility status.

Today the availability of open satellite data from national and international space agencies strongly
facilitates the investigation of soil properties, and their timely availability enables a prompt update
and spatial distribution over a large area as necessary to support soil management strategies and to
update information on the input parameters of crop models.

2. Materials and Methods

2.1. Experimental Site

The investigated area is located on the northwestern side of the coastal zone in the western desert
area of Egypt. Wadi El-Garawla is located about 18 km east of city of Marsa Matruh as shown in
Figure 1. The river pours into the Mediterranean Sea and extends approximately 22 km from south to
north with varying slope rates [37]. The study area covers approximately 65.02 km2 and lies between
longitudes 27◦14′30” and 27◦24′30” E and latitudes 31◦3′30” and 31◦16′0” N. Wadi El-Garawla has
many varieties of environmental conditions typical for that region [38,39].

 

Figure 1. Location of the study area of Wadi El-Garawla and the soil samples as mapped in Landsat 8
satellite imagery (RGB 7, 5, 4).

The rainfall in the studied area ranges between 105.0 to 200 mm/y and the average temperature
ranges between 8.1 and 18 ◦C in the winter and 20 and 29.2 ◦C in the summer.
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The study area is characterized by the scarcity of vegetation cover during the summer and autumn
seasons. The vegetation begins to increase at the end of winter and spring, when seasonal herbs
and plantings grow depending on the winter precipitation [1,30]. The soil temperature regime of
the area is thermic and the soil moisture regime is torrid. In addition, the soils were classified in
two orders—Entisols and Aridisols—and divided into five subgroups: Typic Calcigypsids, Typic
Haplogypsids, Typic Haplocalcids, Typic TorriPsamments, and Lithic Torriorthents [39].

2.2. Soil Sampling and Chemical Analysis

The soil sample sites were determined based on the characteristics and the heterogeneity of the
area because surface properties differ from south to north and were acquired on 15th December 2019.
The amount of transported sediments is much deeper in the south. One hundred surface soil samples
(0–25 cm) were gathered using a random sampling method. All geomorphic units were represented
by several soil samples. The collected samples were dried in the laboratory at a normal temperature
and then sifted by a 2 mm sieve. The collected soil samples were chemically analyzed in a laboratory
where SOM was analyzed based on Walkley and Black and soil acidity (pH) in soil saturated paste by
PH meter according to previous methods [40]. The soil’s available N content was measured for each
soil sample using conventional chemical analysis via the Kjeldahl method. The available phosphorus
content and available potassium content were determined using flame photometry [41].

Table 1 shows the basic statistics of chemical analysis and shows that the soil of the study area is
slightly to moderately alkaline with pH values from 6.56 to 8.97. Total soluble salts differed widely
from one site to another and had a wide range, as the electrical conductivity of the soil-saturated
water (ECe) ranged between 0.11 and 10.53 dS/m. The cation exchange capacity (CEC) also differed
from one site to another due to the ratio of the fine fraction and soil organic matter percentage, which
ranged between 0.86 and 5.66 cmol/kg. The calcium carbonate percentage of the soils had a wide range,
between 2% and 37%. The soil organic matter percentage (SOM%) ranged from almost none (0.04%)
to low (1.57%).

Table 1. Basic statistics of chemical analysis of the study area.

Sand% Silt% Clay% CaCO3% pH ECe (dS/m) CEC (cmol/kg) SOM%

min 92.14 0.02 2.27 2 6.56 0.11 0.86 0.04
max 96.85 2.91 6.26 37 8.97 10.53 5.66 1.57

mean 94.37 1.31 4.32 19.5 8.01 5.32 2.23 0.38

2.3. Digital Image Processing

Operational land imager (OLI) Landsat 8 images are characterized by 15 m panchromatic and
30 m multi-spectral spatial resolutions with nine spectral bands. Firstly, two OLI images acquired on
15 December 2019 were downloaded from the U.S. Geological Survey (USGS). In particular, the blue
to short-wave infrared portion of the spectrum were used in this study. The thermal bands were
excluded, and the images were geo-rectified according to UTM coordinates. All further digital image
processing and analyses of the OLI satellite images were executed using the standard approaches
provided by the ENVI software. Afterwards, all OLI images were atmospherically corrected using
the FLAASH module, and the spatial resolution of the visible/NIR bands was resampled to 15 m
depending on the panchromatic band. The data were represented by calibration to spectral radiance
and then transformed to surface reflectance [41]. The images were mosaicked by combining multiple
images into a single composite image within a dereferenced output mosaic. Finally, all satellite images
were corrected and matched with the ground measurements of the study.

2.4. Spectral Measurements of the Soil Samples

Analytical spectral devices (ASDs; ASD-4 field spectroradiometer, Boulder, CO, USA) can record
a complete range of 350–2500 nm spectrum of 0.1 s. Therefore, an ASD was used to collect spectra
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over the visible and near-infrared regions for each soil sample at 1.4–2 nm intervals with a spectral
resolution of 3–10 nm. The readings were calibrated using the white reference panel. To avoid any
change in radiation conditions, the white reference was checked. An ASD spectroradiometer measures
the reflectance, transmission, radiance, and irradiance of an object. The recorded data are usually
affected by surrounding factors, such as sources of illumination, scanning time, atmospheric conditions,
and the field-of-view of the device. Therefore, a contact probe was used to control for those factors in
the laboratory. Spectral data were recorded concerning an external white reference panel. Afterwards,
five spectra for each sample were recorded, and the average values for the five spectral readings were
calculated. Thus, one value was obtained to express the spectral characteristics of each sample [9,42,43].

2.5. Model Calibration and Validation

The spectral modeling of the soil data was achieved using PLSR, which is considered one of the
most common approaches in Vis-NIR chemometrics analysis. This method depends on making the
relation between the data matrix X and Y through a linear multivariate model [44]. PLSR algorithm
integrates the compression and regression steps and selects successive orthogonal factors that maximize
the covariance between predictor and response variables [44]. The advantage of PLS regression is
that all available wavebands can be incorporated in the model, while earlier studies indicate that PLS
models include redundant wavelengths and selecting specific wavebands can refine PLS analyses [45].
The soil samples were representative of the variation soil types in the Wadi El-Garawla basin. Using a
leave-one-out cross validation, the dominant absorption features of each soil variable (N, P, K, pH and
OM) were determined using PLSR. One hundred soil samples were randomly divided into a subset of
70 samples used for calibration of a subset of 30 samples for validation. Modeling was performed
using the PLSR adopted because it usually provides promising results for Vis-NIR analysis [46,47].
The PLSR models (one for each soil parameter) were evaluated by the coefficient of determination
(R2), the root means square error (RMSE), and the mean of response (MR). In addition, R2 was used to
describe the model validation, where “x” represents the soil parameter values (N, P, K, pH, and SOM),
which was measured using chemical laboratory analyses and used as the reference values for the
calibration phase, “y” is the predicted value, and “n” is the number of soil samples used for the
calibration [48,49]. MR, RMSE, and root means square standardized error (RMSSE) were calculated
according to Equation (2) [50], and NRMSE was applied according to Equation (3) [51].

RMSE =

√(1
n

)
(psi − osi )2 (1)

where n is the total number of samples, and pi is the vector of predicted values of the variable being
predicted, with oi being the observed values.

RMSSE =

⎡⎢⎢⎢⎢⎢⎣1n
n∑

i=1

(psi − osi )2

⎤⎥⎥⎥⎥⎥⎦
1
2

(2)

where n is the number of observations or samples; o is the osi is the standardized observed value at
place i; psi is the standardized predicted/estimated value at place I

NRMSE =
RMSE
(δ(y))

(3)

where NRMSE is defined as the normalized root mean square error, RMSE as the root mean square
error, and σ (y) as the standard deviation of y, which is used in [51], where it is explained that the
standard deviation (sd)-based NRMSE represents the ratio between the variation not explained by the
regression vs. the overall variation in y. Thus, if the regression explains all of the variation in y, nothing
is unexplained, and the RMSE, and consequently the NRMSE, is zero. If the regression explains some
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parts and leaves other parts unexplained, which is at a scale similar to the overall variation, then the
ratio will be around 1.

2.6. Mapping Soil Properties Using Ordinary Kriging

Ordinary kriging was used to interpolate the predicted soil values obtained from the PLSR model.
OK is a geostatistical model that uses a set of statistical tools to predict the value of a given soil property
(N, P, K, pH, and SOM) at a location that was not sampled. The normal distribution pattern of the
data was checked using the histogram tool and normal QQPlots. The trend analysis was a check for
each parameter.

The general equation of the kriging estimator method is as follows [51,52]:

Z∗(xo) =
N∑

i=1

λiZ(Xi) (4)

where Z∗(xo) is the estimated variable at the xo location, Z(xi) represents the values of an inspected
variable at the xi location, λi is the statistical weight that is offered to the Z(xi) sample located near xo,
and N is the number of observations in the neighborhood of the inspected point.

The semivariogram of the selected soil parameter was achieved using the average squared
differences among all pairs of values according to Equation (4) [52].

γ(h) =
1

2N(h)

N(h)∑
i=1

[Z(xi) −Z(xi + h)]2 (5)

where γ(h) is the semivariance for the interval distance classh, N(h) is the number of pairs of the lag
interval, Z(xi) is the measured sample value at point i, and Z(xi + h) is the measured sample value at
the position (i + h).

We applied the multiple semi-variogram models (linear plateau, circular, spherical, exponential,
exponential, and Gaussian) for each parameter dataset. The validation and suitability of each model
was tested via such parameters as the root mean square error (RMSE), the mean standardized error
(MSE), and the root mean square standardized error (RMSSE) [50–52]. All data processing and analysis
for OK were done in the ArcGIS software package, version 10.4.

2.7. Mapping N, P, K, SOM, and pH Using the Landsat 8 OLI

Spectral reflections obtained by the ASD spectroradiometer were used to determine the N, P, K,
SOM, and pH values from the OLI images. The average of the spectral reflectance of the ASD was
calculated at regions similar to that of the OLI images: blue (0.450–0.515 μm), green (0.525–0.600 μm),
red (0.630–0.680 μm), NIR (0.845–0.885 μm), SWIR1 (1.560–1.660 μm), and SWIR2 (2.100–2.300 μm).
PLSR was used for relationship modeling between the averaged values from the ASD spectroradiometer
and the N, P, K, pH, and SOM values. Consequently, the models were applied to retrieve N, P, K, pH,
and SOM values from OLI images. Thirty soil samples were selected to verify the validity of the results.
The randomly selected samples included the spatial diversity of the topographic characteristics of
the study area, where the element concentrations differed from one location to another, as they are
usually related to the surrounding factors. Finally, the resulting maps were validated by comparing
the predicted values with the laboratory values using the correlation coefficient (R2) and the root mean
square error (RMSE). The stepwise linear regression model was used to conduct a regression analysis
between the spectral band calculated from the ASD spectroradiometer and soil laboratory analysis in
situ for N, P, K, PH, and SOM.
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2.8. Soil Fertility Status of Wadi El-Garawla

Soil fertility status (SFS) represents the nutrient content of soil, the available nitrogen, phosphorus,
and potassium, the organic matter content, and the soil reaction (pH) (Figure 2) which indicates
the degree of suitability for most crops for specific uses. In this study, we relied on the criteria for
crop growth and needs, which were suggested in [28,31]. Five factors were selected in this study
for evaluating the fertility degree for most crops, as shown in Table 2. The selected factors were
the available N, P, and K, the SOM, and the pH, which were produced based on the spectroscopy
techniques using the above methodology. Each factor was reclassified using the Arc GIS spatial model,
and its weight was taken according to standard methods. The soil fertility status was evaluated using
the GIS spatial model based on the following Equation (6) [31].

[(S ava. N× S ava. P× S ava K × S OM × S pH)](
1
5 ) (6)

where S is the score factor and ava. N, ava P, ava K, OM, and pH are factors that express, respectively.

 

Figure 2. The flowchart methodology of soil nutrient status at Wadi El-Garawla.

Table 2. Criteria of soil fertility and their factor score.

Diagnostic Factor Unit 1 0.8 0.5 0.2

N mg/kg >80 80–40 40–20 <20

P mg/kg >15 15–10 10–5 <5

K mg/kg >400 400–200 200–100 <100

SOM g/100 g >2 1–2 0.5–1 <0.5

pH - 5.5–7 7–7.8 7.9–8.5 >8.5

Figure 2 shows the steps of mapping different soil nutrients based on the integration of spectral
reflectance and satellite images.
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3. Results

3.1. Soil Characteristics

Table 3 shows the basic statistical data of the predicted soil analysis (available N, P, and K, as well
as the pH and SOM). The maximum values of the N, P, and K, the pH, and the SOM were 60.41, 1.32,
152, 8.97, and 1.05, respectively. On the other hand, the minimum values were 14.04, 0.72, 18, 6.56,
and 0.04, and the standard deviations were 8.92, 0.45, 115.6, 0.5, and 0.27, respectively.

Table 3. Statistical parameters of soil properties (N, P, K, pH, and soil organic matter (SOM)).

Ava. N ppm Ava. P ppm Ava. K ppm pH SOM%

Min 14.04 0.72 18 6.56 0.04
Max 60.41 2.43 152 8.97 1.57

Mean 37.23 1.58 85 8.01 0.38
Standard deviation 8.92 0.45 115.6 0.5 0.27

3.2. Spectral Characteristics of Studied Soil

The results showed the variance of the spectral reflections of the soil of the study area.
Two dominant absorption features were observed in the ultraviolet and near-infrared wavelength ranges
(355 and 1080 nm) in response to the N concentration. The change in the curve of the electromagnetic
spectrum was associated with changes in the elements and the chemical composition, as the location of
the response changed with K, where the response was in the NIR portion of the spectrum at 983 nm.
Furthermore, the concentration of phosphorus affects several parts of the spectrum, in the red, SWIR1,
and SWIR2 regions (Figure 3).

 

Figure 3. The spectral responses places of soil nutrients (N, P, K), each color refers to the portion of
wavelength (blue, green, red, near-infrared (NIR), SWIR1, and SWIR2).

3.3. Prediction of N, P, K, pH, and SOM

The quantitative prediction of the N, P, K, pH, and SOM maps was produced using the PLSR
models with an accuracy value (R2) calibration of 0.89 (N), 0.72 (P), 0.91 (K), 0.65 (pH), and 0.75 (SOM).
These models were successfully validated with 30% of the soil samples. The calibration and validation
were evaluated by RMSE, MR, NMRSE, and coefficient of determination, as described in Table 4.
The validation of the models provided reasonable results for N, P, K, pH, and SOM R2 validation = 0.87,
0.87, 0.9, 0.69, and 0.84.
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Table 4. Statistical parameters of soil properties (N, P, K, pH, and SOM).

Properties R2 Calibration Adj. R2 RMSE MR NRMSE NRMSE (%) R2 Validation Spectral Range

Ava. N 0.89 0.86 0.11 1.01 0.01 1.29 0.87 Blue–NIR
Ava. P 0.72 0.7 0.24 1.12 0.69 68.57 0.87 Blue–SWIR1–SWIR2
Ava. K 0.91 0.9 0.24 2.04 0.01 0.56 0.9 NIR

pH 0.65 0.61 0.19 8.02 0.27 26.76 0.69 Blue–Green–SWIR2
SOM 0.75 0.73 0.12 0.41 0.44 44.44 0.84 Blue–SWIR1–SWIR2

Table 5 shows the statistics of the measured and predicted values, including the maximum and
minimum values and standard deviation. A variation between the estimated and predicted values was
observed, the maximum values of N, P, K, pH, and SOM, and the difference between the measured and
predicted values were recognized: they ranged from 60.41 to 56.33 ppm for available N, 1.32–1.81 ppm
for available P, 152–151.5 ppm for available K, 8.67–9.79 ppm for pH, and 1.05%–1.23% for SOM. There
was also better convergence of the mean values between the measured and predicted values, and the
means ranged from 43.1 to 40.2 ppm for available N, 0.96–1.2 ppm for available P, 75.8–76.71 ppm for
K, 8.01–8.03 for pH, and 0.39–0.46% for SOM. On the other hand, the minimum values exhibited weak
convergence between the measured and predicted values for all factors except pH.

Table 5. Measured and predicted values of N, P, K, pH, and SOM.

Ava. N (ppm) Ava. P (ppm) Ava. K (ppm) pH SOM%

Measu. Pred. Measu. Pred. Measu. Pred. Measu. Pred. Measu. Pred.

Min 14.04 22.92 0.72 0.44 18 11.39 6.56 7.12 0.04 0.01
Max 60.41 56.33 1.32 1.81 152 151.5 8.97 9.79 1.57 1.23

Mean 43.1 40.2 0.96 1.20 75.8 76.71 8.01 8.03 0.38 0.46
Standard deviation 9.3 8.5 0.16 0.35 41.7 43 0.7 0.71 0.27 0.27

3.4. Mapping of Soil Nutrients of Based on Ordinary Kriging

The mapping of soil nutrient properties was based on retrieving the selected nutrient values
based on the spectral fingerprints of each characteristic. The prediction models were applied by
previous statistical analysis of N, P, K, pH, and SOM. Thus, OK was used to map the soil nutrients.
The performance of ordinary kriging interpolation and the efficiency of the geostatistical model for each
soil parameter were checked by such parameters as the RMSE, the MSE, and the RMSSE, as illustrated
in Table 6. Results showed that the spherical model was suitable for available N, pH, and SOM, and the
Gaussian model was suitable for available P and available K.

Table 6. Geostatistical analyses and semi-varogram parameters.

Soil
Properties

Model Type Mean
Root Mean

Square
(Rmse)

Mean
Standardized

(Mse)

Root-Mean-Square
Standardized

(Rmsse)

Average
Standard

Error

Ava. N Spherical 0.133 8.64 0.051 1 8.56
Ava. P Gaussian −0.002 0.38 −0.007 0.98 0.38
Ava. K Gaussian 0.14 27.5 0.004 1.01 27.19

pH Spherical 0.009 0.44 0.01 0.99 0.44
SOM Spherical −0.005 0.22 −0.019 0.97 0.23

Figure 4a–e, respectively, show the spatial distribution of the predicted values of N, P, K, pH,
and SOM. The available nitrogen varied from 22.9 to 56.3 ppm. The highest values of nitrogen were
located in the north and middle of the study area, where there are agricultural activities. The available
phosphorus varied from 0.4 to 2.17 ppm. The available potassium varied from 11.39 to 151.5 ppm.
The map of the organic matter showed low SOM content as it varied from 0.01% to 1.23%. The results
showed that the predicted pH varied from 7.12 to 9.79 with a mean pH of 8.03. In the current study,
the results show that the integration of soil properties gives an acceptable overview of the fertile soil
condition distribution.
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(a) (b) 

 
(c) (d) 

 
(e) 

Figure 4. Spatial distribution of predicted soil properties (a); predicted available nitrogen (N);
(b) predicted phosphorus (P); (c) predicted available potassium (K); (d) predicted pH; (e) predicted soil
organic matter (SOM) (%).
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3.5. Mapping of Soil Nutrients Using Landsat-8 OLI Images

Five equations were obtained, as represented in Equations (6)–(10). The obtained accuracy values
for R2 were 0.923 (N), 0.907 (P), 0.957 (K), 0.978 (pH), and 0.952 (SOM). The five models were applied
to OLI imagery to retrieve the spatial distribution values of N, P, K, pH, and SOM. The accuracy
assessment was achieved by the NRMSE Table 7.

Ava. N = −31.661 + 186.022 × Blue − 364.274 × Green + 421.943 × Red − 308.068 ×
NIR + 207.957 × SWIR1 − 12.762 × SWIR2

(7)

Ava. P = 0.404 − 2.702 × Blue + 22.540 × Green − 14.156 × Red + 3.613 × NIR − 2.648 ×
SWIR1+ 2.304 × SWIR2

(8)

Ava. K = −610.060 − 1424.543 × Red + 933.043 × SWIR2 + 4103.577 × Green −
1733.486 × Blue

(9)

pH = 3.983 − 0.544 × Blue − 1.112 × Green + 6.131 × Red + 2.193 × NIR − 1.647 ×
SWIR1 + 2.739 × SWIR2

(10)

SOM = −1.421 − 8.083 × Blue + 17.355 × Green − 5.135 × Red + 2.473 × NIR − 3.275 ×
SWIR1 + 2.134 × SWIR2

(11)

Table 7. Model validation of retrieved N, P, K, pH, and SOM from operational land imager (OLI) images.

Properties RMSE NRMSE R2

Ava. N (ppm) 3.5 0.39 0.71
Ava. P (ppm) 0.06 0.29 0.68
Ava. K (ppm) 4.3 0.076 0.55

pH 0.07 0.22 0.62
Ava. SOM (%) 0.02 0.18 0.7

Each of the variable values (N, P, K, pH, and SOM) were obtained as based on the averages of
ASD reflectance spectroscopy and compared to the reflections of the satellite image ranges. Figure 5a–e
show the spatial distribution of N, P, K, pH, and SOM, where the available N ranges between 18 and
50 ppm, available P between 0.4 and 2.8 ppm, available K between 9 and 156 ppm, soil PH between 7.30
and 8.28, and SOM between 0.02% and 1.4%. The results of the validation models indicate acceptable
outputs for all the elements studied, as the R2 was 0.7 ± 3.5, 0.68 ± 0.06, 0.55 ± 4.3, 0.62 ± 0.07, and
0.7 ± 0.02 for N, P, K, pH, and SOM, respectively. Meanwhile, the NRMSE values were 0.39, 0.29, 0.076,
0.22, and 0.18 for N, P, K, pH, and SOM respectively, as shown in Table 7.

  
(a) (b) 

Figure 5. Cont.
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(c) (d) 

(e) 

Figure 5. Spatial distribution of predicted soil properties using OLI satellite images: (a) nitrogen (N);
(b) phosphorus (P); (c) potassium (K); (d) pH; and (e) SOM.

3.6. Soil Fertility Status of Wadi El-Garawla

Spatial distribution maps resulting from spectral measurements of soil nutrients were more
significant than those produced using satellite imagery. Therefore, fertility status in the study area
was evaluated using spectroscopic measurements directly as performed through the spatial modeling
of all characteristics. Figure 6 shows the spatial distribution of the status fertility of the study area
depending on the integration of available N, P, and K, the SOM, and the pH. Three degrees of soil
fertility were recognized in the study area, namely high, moderate, and low. Their respective area of
coverage was 1019.136 ha (about 16% of the total study area), 2709.02 ha (43%), and 2536.9 ha (41%).

Figure 6. Spatial distribution of soil fertility in Wadi between high, moderate, and low values.
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4. Discussion

The PLSR was herein applied to the reflectance spectra measured in the arid conditions of Wadi
El-Garawla (on the northwest coast of Egypt) to model, predict, and map the available N, P, and K, pH,
and SOM from in situ analysis, Vis-NEARNEAR spectroscopy, and satellite OLI data. Outputs from
our analysis indicated that PLSR is reliable and effective for predicting soil nutrients and characteristics,
as already found in other diverse areas in the world [16,21,52]. This confirms that the soil’s available N,
P, and K, the pH, and the SOM can be predicted using Vis-NEAR spectroscopy and shortwave infrared
(Vis-NIR-SWIR). The variation in the spectral responses of N, P, and K throughout the wavelength
range (350–2500) are associated with the diverse behavior of the diverse elements [18,53].

In addition, the absorption at 1400 and 1900 nm is referred to as the overtone bands related
to water and hydroxyls [17,44,54]. On the other hand, the responses to pH were observed in three
regions: blue, green, and SWIR2 [55]. Furthermore, the responses for SOM were evident in the
blue-SWIR1-SWIR2 regions. As a whole, our findings are consistent with the results of a previous
study [56,57]. Spectral reflections are influenced by different soil characteristics and the concentrations
of different elements [58]. Even if the determination of the parts of the wavelength that respond to
dynamic changes in the concentration of elements is a complicated process, the statistical analysis can
overcome these problems.

The obtained models to predict the soil content of nitrogen, phosphorus, and potassium indicate
an ability to measure the elements with acceptable accuracy, and these outputs are consistent with
many scientists [59–61]. The PLSR model based on the resampled measured spectra as a result of the
calibration models can be effectively used to predict N, P, K, pH and SOM values, as is evident by the
coefficient of determination: R2 values were 0.89, 0.72, and 0.91 for N, P, and K and 0.65 and 0.75 for
pH and SOM, respectively. The results show the capability of reflectance Vis-NEAR spectroscopy to
predict soil pH with a correlation of validation of 0.69, and these findings are consistent with [62–65].
Furthermore, the validation of the models of SOM was 0.48. Hence, the results of the prediction of
the SOM content have become acceptable and are consistent with other researchers studying arid
and semi-arid areas [66,67]. The high values of pH in the study area refers to an increase in the
carbonate contents, and the parent material was limestone. These calcareous lands are common in the
western desert in Egypt and the north of Africa [68,69]. Soil pH is a critical factor because it affects the
availability of soil nutrients to plant roots, and because it affects the biological activity in different soil
environments and the activity of enzymes [70]. The map of available phosphorus shows that the soil of
Wadi El-Garawla has low phosphorus content, which may be due to parent lime material. In addition,
the available phosphorus is associated inversely with soil pH values, which is consistent with [69–71].

The spatial distribution of SOM in the study area shows that the area, in general, is poor in the
proportion of organic matter, less than 0.5% in most of the region. In the northern parts, a relative
increase in the percentage of organic matter was observed due to the presence of seasonal crops.
Despite the increase of SOM in the north of the area, it was not observed that it had a significant effect
on reducing the soil pH in the study area, except for some small areas where a decrease in soil pH with
increasing SOM was observed. On the other hand, the results reflect the soil characteristics in Wadi
El-Garawla, which strongly vary according to several factors ranging from topographic characteristics,
climate conditions, human activities, and soil types [1,72,73]. The accuracy of the spatial distribution
maps of soil characteristics using OK show the acceptability degree of the results and their compatibility
with other study. The RMSSE values were 1, 0.98, 1.01, 0.99, and 0.97 for N, P, K, pH, and SOM,
respectively; this finding agrees with [74]. The RMSSE values were close to one, and the MSE values
were close to zero for all parameters. This indicates that OK was appropriate and reliable for predicting
the spatial distribution of the studied soil properties.

The study area represents the lands of the northern coast, as it is similar in climatic and topographic
conditions and characterized by a low-to-moderate content of available N and P, except in the north
where agricultural activities occur, and these results are consistent with those of previous studies [73,75].
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The OK map of N, P, and K showed that the predicted values were associated with the SOM content.
This large difference in SOM may be due to the variations in topography and climate conditions [76,77].

The integration of Landsat-8 OLI images with spectral measurements provided satisfactory results
on the distribution of soil nutrients in Wadi El-Garawla, even though the area is characterized by a
low concentration of soil nutrients. These results demonstrate the effectiveness of satellite images
(OLI) in predicting different soil properties, and these results are consistent with other independent
investigations [18].

The R2 and root mean square error (Table 6) confirmed the expected results of retrieved soil
nutrients by satellite images, where the R2 for nitrogen and soil organic matter were around 0.71 and
0.7, respectively. Furthermore, the R2 for phosphorous and soil pH were 0.68 and 0.62, while 0.55
was recorded for available potassium. The accuracy results of OK interpolation were better than the
results obtained by satellites, but when using high resolution images satellite imagery, the results may
be better than the interpolation method [18]. Wadi El-Garawla is exposed to winter monsoon rains
that cause the removal of soil nutrients from the surface layers by the slope effect, where the slope
increases from south to north and can cause several environmental hazards, such as drought and
desertification [72–80].

However, these low values are due to mismanagement of agricultural activities and the location
in a semi-dry climate system. The areas that have significantly high fertility as demonstrated by
agricultural activity and natural cover, as reflected in the levels of N, P, and K and organic matter.
The results showed that most of the area of Wadi El-Garawla is characterized by low-to-moderately
fertile soil, except for some scattered areas to the north that are characterized by high fertility. The south
of the area is characterized by shallow-to-very-shallow depths and a coarse texture in addition to an
undulated surface topography. The fertile soils are characterized by a deep-to-moderate soil profile,
with a flat or almost flat and gently undulating surface to the north [39,78–80].

Agricultural activities on Egypt’s northwest coast depend on the availability of water, and that
depends on monsoon rains during the winter. The results showed that the Saharan areas in Egypt
are poor in their fertile content compared with the soil of Nile Delta [81–84]. This means that the soil
of Wadi El-Garawla requires appropriate management that is consistent with the nature of the fertile
condition. The types of crops should suit the soil’s characteristics and water availability, as well as the
climate of the region.

5. Conclusions

VNIR-SWIR spectroscopy is a very helpful technique for evaluating macronutrients, SOM, and soil
pH. The current study was based on the modeling of the relationship between the spectral response and
the concentrations of different elements. In detail, the PLSR was herein applied to the reflectance spectra
measured in the arid conditions of Wadi El-Garawla (on the northwest coast of Egypt) to model, predict,
and map the available N, P, and K, pH, and SOM from in situ analysis, Vis-NEAR spectroscopy, and
satellite OLI data. Thirty soil samples were selected to verify the validity of the results. The randomly
selected samples included the spatial diversity and characteristics of the study area.

As a whole, results from our investigations pointed out that the red and near-infrared regions are
the most sensitive portions of the spectrum to N and K concentrations, while the red, SWIR1, and SWIR2
regions are the most sensitive to phosphorus concentrations. On the other hand, the responses to pH
occur in three regions: blue, green, and SWIR2. Furthermore, the responses for SOM occur in the
blue, SWIR1, and SWIR2 regions. The results indicated that spectroscopy could efficiently predict the
concentrations of different elements, with R2 values of 0.89, 0.72, 0.91, 0.65, and 0.75 for N, P, K, pH,
and SOM, respectively. On the other hand, the validation of the models provided reasonable results,
where the R2 and RMSE for N, P, K, pH, and SOM were 0.87 ± 0.11, 0.87 ± 0.24, 0.9 ± 0.24, 0.69 ± 0.19,
and 0.84 ± 0.12, respectively. Moreover, the use of Landsat-8 OLI images can produce acceptable results
on the spatial distribution of soil nutrients, where R2 and RMSE were 0.7 ± 3.5, 0.68 ± 0.06, 0.55 ± 4.3,
0.62 ± 0.07, and 0.7 ± 0.02 for N, P, K, pH, and SOM, respectively. Soil fertility in Wadi El-Garawla was

18



Remote Sens. 2020, 12, 3716

classified into three classes: high, moderate, and low, which respectively represented about 16%, 43%,
and 41% of the total space of the study area.

The results show that Wadi El-Garawla is characterized by increasing concentrations of soil
nutrients in the northern parts due to the removal of these nutrients by active water erosion from
the south to the north as a result of the natural slope. The results illustrated the importance of using
Vis-NIR for the quantitative prediction of soil nutrients as well as an alternative to chemical analysis
procedures. Wadi El-Garawla is characterized by calcareous soils and has a low availability of nutrients.
Therefore, the area requires special management that takes into consideration the spatial distribution
of nutrients. Suitable crops that can grow in such soils need to be selected. Moreover, it is necessary to
rely on organic additives to improve the soil properties, as it helps to facilitate soil nutrients in the
calcareous soil.

The methodological approach herein adopted does provide a “fast,” low-cost tool that can
be promptly applied widely to improve food production efficiency and significantly improve soil
conservation and preservation. Our effort is also a contribution to supporting the sustainable
management of soil and food production, so it provides a reference for the operational use of Earth
Observation (EO)-based tools for addressing ecological problems and poverty alleviation, one of the
major global goals of the 2030 Agenda for Sustainable Development (SDGs). As a whole, we proposed
that the use of EO for efficient monitoring of the soil conditions can be further improved in the future
on a multiscale and multi-parameter scale by integrating EO-based information with socioeconomic
factors economy, population, etc., thus offering an integrated system that can be operationally adapted
to suitably support and improve the efficiency of local government.
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Abstract: Plastic litter floating in the ocean is a significant problem on a global scale. This study
examines whether Sentinel-2 satellite images can be used to identify plastic litter on the sea surface
for monitoring, collection and disposal. A pilot study was conducted to determine if plastic targets on
the sea surface can be detected using remote sensing techniques with Sentinel-2 data. A target made
up of plastic water bottles with a surface measuring 3 m × 10 m was created, which was subsequently
placed in the sea near the Old Port in Limassol, Cyprus. An unmanned aerial vehicle (UAV) was used
to acquire multispectral aerial images of the area of interest during the same time as the Sentinel-2
satellite overpass. Spectral signatures of the water and the plastic litter after it was placed in the water
were taken with an SVC HR1024 spectroradiometer. The study found that the plastic litter target was
easiest to detect in the NIR wavelengths. Seven established indices for satellite image processing
were examined to determine whether they can identify plastic litter in the water. Further, the authors
examined two new indices, the Plastics Index (PI) and the Reversed Normalized Difference Vegetation
Index (RNDVI) to be used in the processing of the satellite image. The newly developed Plastic Index
(PI) was able to identify plastic objects floating on the water surface and was the most effective index
in identifying the plastic litter target in the sea.

Keywords: Sentinel-2; satellite images; plastic litter; spectral indices; spectroscopy; remote
sensing; UAVs

1. Introduction

Marine litter refers to waste originating from human activities that has been discharged into
coastal or marine environments. Such litter may result from activities on either land or at sea [1].
Currently, 60 to 80% of such marine litter consists of plastic, reaching 95% in some areas and has
become a serious environmental hazard [2–18]. Based on its weight and shape, marine litter can be
classified as floating litter and sinking litter [13]. It has been estimated that marine litter is split into
15% floating on the sea surface, another 15% remains in the water column and 70% subsides on the sea
floor [19].

Although there is limited data on plastic inputs in the oceans [20], it is estimated that almost
8 million tons of plastic enter the oceanic ecosystem every year [21]. Other approximations estimate
that the oceans may already contain more than 150 million tons of plastic [22]; around 250,000 tons of
these contaminants is fragmented into 5 trillion plastic pieces, which may be floating on the oceans’
surface [23]. It has also been calculated that every year, between 4.8 and 12.7 million tons of plastic
find their way into the ocean from coastal populations worldwide [16], while the Ellen Macarthur
Foundation [24] estimates that approximately 25 million tons of plastic end up in the ocean. What is
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more alarming is the projection that the global quantity of plastic in the ocean will nearly double to
250 million tons by 2025 [16]. It is expected that by 2050, the ocean will contain more plastic by weight
than fish [24].

Since plastics have low density, they float on the surface of water bodies, often accumulating into
clusters which can be transported over long distances by the prevailing winds and oceanic currents
before sinking [25–34]. A large portion of these plastic clusters enter ocean gyres and can result in
clusters that are up to several kilometers in size, such as the Great Pacific Garbage Patch (GPGP) [35,36].
Plastic debris is mostly found in coastal areas, especially in front of river mouths and coastal cities [37].
Plastics break down into debris through a combination of several processes, among which are
mechanical weathering, biodegradation and photo- and thermal-oxidative degradation by ultraviolet
(UV) radiation. It is worth noting that complete mineralization of such plastic debris may not be
possible or may take place after hundreds or thousands of years [38–41]. Plastic litter is harmful
to marine life, as it results to deformation, suffocation and death [10,42–44] as well as allowing the
spread of invasive species and the release of toxic chemicals into the environment [45–47]. Plastic litter
tends to be more harmful near coastlines, where biological diversity and species abundance tend to be
highest [48–50].

In order to address the issue of plastic marine litter, several programs and directives have been
instituted. The European Union (EU) has issued several directives that are related to reducing plastic
litter, primarily through the EU Marine Strategy Framework Directive (Directive 2008/56/EC) and the
EU Water Framework Directive (Directive 2000/60/EC). The United Nations Environment Programme
(UNEP): Regional Seas Programme is an action-oriented agenda that implements region-specific
activities, bringing together stakeholders including governments, scientific communities and civil
societies [51]. The mandate of the UNEP is to coordinate 18 Regional Seas Conventions and Action
Plans, in which 146 countries participate. The UNEP Regional Seas Programme strives to maintain,
restore and enhance marine and coastal resources to support human well-being through sustainable
development [51]. The United Nations 2030 Agenda for Sustainable Development addresses the issue
of plastic litter in water bodies through Sustainable Development Goals such as Goal 6 on “Clean Water
and Sanitation” and Goal 12 on “Sustainable Consumption and Production”; these will also contribute
to addressing the issue of marine plastic pollution, as the global nature of plastic supply chains
dictates a cooperation between nations and across regions [52]. Therefore, it is necessary to establish
harmonized definitions and share data and research on marine plastics and microplastics [52,53].

Although marine litter is a worldwide problem, it has not been adequately addressed in the
Mediterranean area [54]. A high concentration of plastics is found within the Mediterranean Sea, with
the highest amounts of municipal solid waste generated annually per person of 208–760 kg/year [55–62].
The Mediterranean Sea also ranks fourth in the list of oceans with the highest concentration of floating
marine litter in the world, with 22,000 tons [62,63]. This is due to the interaction of a number of factors,
including that the Mediterranean is essentially a closed basin with limited exchange of water with
other oceanic bodies (this is primarily accomplished through the Straits of Gibraltar), combined with
inadequate environmentally sound urban waste management systems, considerable marine vessel
transportation in coastal waters, negligible tidal flow and heavily populated coastal areas [21,63,64].
According to Pasternak et al. [60], sites along the shores of the Mediterranean show the greatest
densities of marine debris in the world. In particular, the Levantine sub-basin, in which Cyprus is
situated, has very little interaction with the rest of the Mediterranean [65]. Plastics that enters the
sub-basin from surrounding countries (Cyprus, Egypt, Israel, Lebanon, Syria and Turkey) are also
washed up on the beaches of these countries [66,67].

Open-water and shoreline surveys that are designed to assess the distribution of plastic debris in
oceans and lakes are time-consuming and costly; in addition, they provide only limited aerial coverage
and temporal resolution [68]. Although research on how remote sensing can be used to monitor plastic
debris in the sea is still in its early stages [29,67,69], several research studies have used various remote
sensing methods to identify plastics in the sea [29,68–73]. Satellite images can be used to identify
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plastics in the water, such as Sentinel-1A and COSMO-Sky-Med Sar images [74], C-Band Radarsat-1
SAR images [75] as well as Landsat TM and EMT+ satellite images [76–78].

Several studies have been conducted to examine marine litter in the Mediterranean.
Mansui et al. [63] simulated marine litter drift in the Mediterranean and noted permanent accumulations
of plastics; their study found that the coastline between Tunisia and Syria had the highest amount of
plastic accumulation, while the western Mediterranean demonstrated a rather low coastal impact [79].
The University of the Aegean [80] conducted a study to detect and track plastic targets on the sea surface
using UAV and images from Sentinel satellites. Their study used a ‘target’ that was 100 m2 composed
of 1.5 L water bottles, plastic bags and nylon fishing nets. The objective of the study by the University
of the Aegean was to evaluate the ability of satellites to detect marine litter on the sea surface using
image analysis, image-processing algorithms and satellite measurements [80]. Research has found that
large plastic debris can be identified using unmanned aerial vehicles (UAVs) [81–83]. More recently,
research has focused on the ability to detect plastic using spectroscopy and high spatial resolution
multispectral imaging [84]. Research indicates that near to shortwave infrared (NIR−SWIR) imaging
from UAV platforms can be used to detect plastic in the water [79,80].

The objective in this study is to examine whether Sentinel-2 satellite images were effective in
identifying plastic clusters in the sea. As well, various indices used for satellite image processing
were examined in order to determine whether they were able to identify plastic litter in the water.
Spectroscopy was used in order to acquire and compare the spectral signature of the water and the
plastic litter.

2. Materials and Methods

In this study, plastic bottles were employed in order to determine if plastic litter can be identified
through Sentinel-2 satellite images. According to Biermann et al [29], the high spatial resolution for up
to 10 m × 10 m is able to detect small features in the sea, such as plastic litter. In this study, the objective
was to examine if a smaller target can be detected by the Sentinel-2 satellite images. Aerial and
Sentinel-2 satellite images were used to identify plastic litter in the water. A UAV platform with
multispectral cameras took photos of the plastic litter target at the same time as the Sentinel-2 satellite
overpass in order to examine different wavelengths in which plastic could be detected in seawater.

The study was conducted in Limassol, Cyprus, south of the Limassol Old Port. The site was
selected as this area accumulated a large amount of debris from the ships waiting to enter Limassol
Port. Research indicates that plastic debris is often found in areas with high marine traffic [13,53,70,71].
Plastic bottles comprise most of the floating marine debris and accumulate on the bottom of the sea
and wash up on the coastlines [62,84]. The International Coastal Cleanup (ICC) report [85] found that
plastic bottles were the third most common type of beach litter, that 10% of the global marine debris is
plastic bottles [86] and make up 14% of the Mediterranean debris [55]. In order to identify plastic litter
in the water, a plastic litter ”target” measuring 3 m × 10 m was created from water bottles of 0.5-liter
and 1.5-liter size (Figure 1), to emulate marine plastic litter clusters floating in the sea. Plastic bottles
were utilized as they are considered to comprise one of the most common types of marine debris [62,85].
Pasternak’s study [60] on plastic bottles found that large bottles were 6.3 times more abundant than
bottles smaller than 1.5 liter [87]. The plastic litter target used for this project consisted of 1500 plastic
bottles that were held together by nylon string and framed by PVC pipes.

The study took place on 15 December 2018 at the Limassol Old Port, during the Sentinel-2 satellite
overpass. The use of Sentinel-2 images was selected as the images are free and open to all users through
the Copernicus Hub. The satellite acquires images every 5 days, so that the time series of satellite
images can be easily acquired for operational time-series applications. During the Sentinel-2 satellite
overpass, the plastic litter ‘target’ was placed into the sea near the Old Port in Limassol, Cyprus and
moved 200 m from the coastline (Figure 2).
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Figure 1. Plastic litter ‘target’ made from water bottles. Kyriacos Themistocleous.

 

Figure 2. Plastic litter “target” being lowered into the sea at Limassol Old Port. Kyriacos Themistocleous.

Divers moved the target to 200 m south of the Limassol shoreline over a depth of 20 m, in order
to simulate plastic marine debris in the ocean (Figure 3). A GPS tracker was attached to the plastic
litter target to monitor the location of the target during the Sentinel-2 MSIL1C satellite overpass, which
occurred on 15 December 2018 at 08:58 UTC.

The SVC HR-1024 spectroradiometer was used to obtain the spectral signatures of the water
surface and the plastic litter “target” after it was placed in the water by taking measurements from the
top of the wharf. The spectral signatures were taken from 1.5 and 3 m height to check the spectral
response at different heights. The spectral signatures were measured with 4 degrees field of view with
a sample area of 10 cm and 20 cm. Approximately 20 sampling points at each height were taken at
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increments of 1 meter apart perpendicular to the target. The multiple spectra taken at each sampling
point were averaged by height in spectral groups to account for the effect of wind, water movement, etc.

 

Figure 3. Divers moving target 200 meters from shoreline. Kyriacos Themistocleous.

During the Sentinel-2 satellite overpass, two UAVs were flown over the plastic litter target to
acquire aerial images of the target at a low altitude. The DJI Phantom 4 Pro with an integrated
RGB (red, green, blue) 20MP camera (Figure 4, left) and the DJI Phantom 2 with a modified GoPro
camera and a Sony Exmor IMX206 multispectral camera with 660 nm and 850 nm filters (Figure 4, right)
were utilized. The aerial images from the UAVs were compared to the images from the Sentinel-2
satellite. A significant limitation for the detection of plastics in water through the adoption of NIR
spectroscopy and multispectral sensors is the strong absorption of infrared radiation by water [88].
The plastic bottles were collected and disposed in a plastic recycling bin at the end of the study.

 

Figure 4. Left: Phantom 4 Pro with RGB integrated 20MP camera. Kyriacos Themistocleous.
Right: Phantom 2 with Sony Exmor and modified GoPro camera. Kyriacos Themistocleous.

The Sentinel-2 satellite is able to generate multispectral data with 13 bands in the visible,
near infrared and short-wave infrared part of the spectrum with a spatial resolution of 10 m, 20 m and
60 m, as shown in Table 1. It can detect patches of plastic litter of various sizes [29]. Several studies
use SWIR imagery to detect plastics in the sea [70]; however, the spatial resolution of 60 m × 60 m
would be too low in order to identify a target of 3 m × 10 m. The satellite overpass occurs every
5 days and provides a systematic coverage of the entire Mediterranean Sea. The Sentinel-2 satellite
was employed because (a) it provides free and open data, (b) it provides a systematic overview at the
same location since the overpass occurs every five days, which provides the ability to revisit a specific
location, and (c), the pixel size of the Sentinel-2 satellite has better spatial resolution from other satellite
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with freely available data, especially in the visible and NIR bands. In this study, the images generated
from the multispectral camera were compared with the corresponding wavelengths of the Sentinel-2
bands. Atmospheric correction was applied using the Sen2Cor processor but without any results for
identifying the plastic litter target since plastic bottles are transparent and, by applying atmospheric
correction, the values of water and floating plastic bottles are absorbed by the atmospheric correction
algorithm; therefore, atmospheric correction was not applied. The 2 MSIL1C satellite was selected as
atmospheric correction was not required.

Table 1. Wavelengths of Sentinel-2 bands.

Band Name Spatial Resolution (m) Central Wavelength (nm) Bandwidth (nm)

B01 60 443 20
B02 10 490 65
B03 10 560 35
B04 10 665 30
B05 20 705 15
B06 20 740 15
B07 20 783 20
B08 10 842 115

B08A 20 865 21
B9 60 945 20
B10 60 1375 30
B11 20 1610 90
B12 20 2190 180

Research by Rokni et al. [89] proposed several well-established indices for water features extraction.
Therefore, equations 1−6 were applied to examine if plastics can be detected in water. The Simple
Ratio equation employed blue and NIR bands to examine the bands that were identified in the field
measurements from the spectral signatures. The Normalized Difference Water Index (NDWI) [90],
Water Ratio Index (WRI) [91], Normalized Difference Vegetation Index (NDVI) [92], Automated Water
Extraction Index (AWEI) [93], Modified Normalization Difference Water Index (MNDWI) [94] and
Normalization Difference Moisture Index (NDMI) [95], as indicated in Equations (1)–(6) and the Simple
Ratio (SR) was also used, delineated by Equation (7). In order to justify the potential of detection
of the plastic target by introducing purpose-built relationships, the Plastic Index (PI) and Reversed
Normalized Difference Vegetation Index (RNDVI), as expressed by Equations (8) and (9), respectively,
were developed in this research effort in order to examine the use of the specific wavelength identified
from the spectral signatures.

NDWI = (B03 − B08)/(B03 + B08) (1)

WRI = (B03 + B04)/(B08 + B012) (2)

NDVI = (B08 − B04)/(B08 + B04) (3)

AWEI = 4 x (B03 − B012) − (0.25 × B08 + 2.75 × B011) (4)

MNDWI = (B03 − B012)/(B04 + B012) (5)

NDMI = (B03 − B08)/(B03 + B08) (6)

SR = B08/B04 (7)

PI = B08/(B08 + B04) (8)

RNDVI = (B04 − B08)/(B04 + B08) (9)

Due to the innovative nature of the study, a sensitivity analysis was used to better understand the
dynamics and emergent patterns of the indices and provide derivatives of model output parameters
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(observables) with respect to input parameters [96]. The sensitivity analysis was developed according
to the parameters and carried out on the above indices to estimate the objective sensitivity measures in
the form of partial derivatives of the model outcomes with respect to input parameters. Each index was
examined based on the minimum and maximum values within the Area of Interest, the number of pixels
detected for the plastic litter target and the discriminative value, which is the distinct separation that
results from the maximum water values and the minimum plastic values for each index. These values
were normalized by dividing the maximum value subtracted from the minimum value in the Area
of Interest in order to determine the sensitivity parameters of each index. The Area of Interest was
selected around the target with a buffer of 50 m radius, which was approximately an area of 8000 m2,
as shown in Figure 9.

3. Results

After the plastic litter target was placed in the water and its location was fixed using anchors,
the UAVs were flown over the target in order to acquire RGB and infrared (B08) images of the target
at the same time as the Sentinel-2 satellite overpass. Both UAVs were flown over the target so that
the images would be taken at the same time. Figure 5 features aerial images of the plastic litter target
in both RGB 20MP and infrared (B08). The RGB image of the plastic litter target (Figure 5, left) is in
natural color while the infrared image of the plastic litter target (Figure 5, right) is in black and white
for visual comparison.

 

Figure 5. Left: RGB image of plastic litter target. Right: infrared image of plastic litter target.

The multispectral image at 660 nm (Figure 6, left) indicates that the reflectance of the water and
the reflectance of the plastic litter target have lesser variance than the multispectral image at 850 nm
(Figure 6, right) which indicates the reflectance of the plastic litter target, which results from the water’s
increased absorption of solar radiation.

 

Figure 6. Left: target as evident at 660 nm. Right: target as evident at 850 nm (Sony Exmor camera).
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Spectral signatures show high reflectance in plastics and no reflectance for water in the near-infrared
(NIR) domain [29,85,97]. NIR spectroscopy is currently used in related applications, including the
sorting of plastic debris in recycling facilities [66,67,78,84,98]. After placing the plastic litter target
in the water, the spectral signatures of the sea water and the plastic bottles were taken and plotted
according to the different channels of the Sentinel-2 satellite. The results of the study indicated that
plastic bottles have high reflectance in the blue and NIR bands and the water has high reflectance in
the blue and low reflectance in the NIR bands. Although, theoretically, the reflectance of water should
be zero in the infrared wavelength, due to sediment and debris, there is a low reflectance for water at
those wavelengths. In this study, the plastic litter detection was only examined between 400–900 nm.
Within this range, the reflectance of the plastic bottles is low in the red band, but increases in the infrared
bands, where water absorbs all solar radiation and has almost no reflectance [68], as indicated in
Figure 7. Therefore, plastic bottles can be identified using B06, B07 and B08 of Sentinel-2 satellite images.
The 20 m spatial resolution in bands B06 and B07 makes it difficult to detect smaller targets, while B08
has a 10 m spatial resolution, which is able to detect the objects due to higher spatial resolution.
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Figure 7. Average spectral signatures plotted against the different channels of the Sentinel-2 satellite.
The red, orange, purple and cyan lines indicate the spectral signatures for water, while the light green,
green, blue and dark green lines indicate the spectral signatures for the plastic bottles in the water at
different heights (1.5 m and 3 m).

The above spectral signatures showed that the percentage reflectance at the infrared band was
high for the plastic bottles, while that for the water was low. In the blue band, the percentage reflectance
of both water and plastic bottles was high; hence, it was difficult to recognize the plastic bottles within
the blue channel, as is evident in Figure 7. The plastic bottles had minimum reflectance value at B04
and maximum reflectance value at B08, which were also evident in the images taken with the infrared
camera (Figure 6). Therefore, the images acquired from the Sentinel-2 satellite in the visible range did
not detect the plastic litter target. In Figure 8, a yellow circle indicates where the plastic litter target
should be visible.
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Figure 8. Sentinel-2 Satellite RGB image (15 December 2018). (Bands B04, B03, B02).

Figure 9 presents the satellite images from the Sentinel-2 MSIL1C satellite overpass on
15 December 2018 as processed by the indices that were examined in order to identify the plastic litter
target using the Sentinel-2 satellite images. In the results of the processed indices in Figure 9, all the
above indices identified the plastic litter at the values featured in Figure 9, except for the AWEI. It was
found that indices with B04 and B08 had better results since the spatial resolution was 10 m.

   
NDWI (0.45 0.5) WRI (4.0 4.3) NDVI (-0.2) (-0.17) 

   

AWEI (None) MNDWI (0.9795 0.98) NDMI (0.94 0.95) 

   
SR (0.65 0.8) PI (0.39 0.42) RNDVI (0.17 0.2) 

Figure 9. Sentinel-2 Satellite image (15 December 2018) processed with the indices described in the text
with the corresponding values for which the plastic was detected. Land is represented in orange, water
is represented in blue and plastic is represented in yellow. The yellow square within the yellow circle is
the plastic litter target during the satellite overpass which corresponds to the Plastic Index Values (PIV),
which is in the parentheses for each index.
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The authors used the proposed statistical method of objective sensitivity analysis [96] to validate
which index has the best capability of detecting plastic litter in water using the selected indices.
The sensitivity analysis (SAV) is calculated using the discriminative value (DV) multiplied by the
number of pixels detected (NPD) in the area of interest around the target, which is divided by the
maximum value (Dmax) minus the minimum value (Dmin) detected for each index. The equation to
identify the Sensitivity Analysis Values is expressed as:

SAV = (DV ∗ NPD)/(Dmax − Dmin) (10)

The sensitivity analysis values are shown in Table 2.

Table 2. Values used for sensitivity analysis.

Indices
Index MIN

Value
(Dmin)

Index MAX
Value

(Dmax)

Number of
Plastic Pixels

Detected
(NPD)

Plastic Index
Value
(PIV)

Water Index
Value
(WIV)

Discriminative
Value
(DV)

Sensitivity
Analysis

Value
(SAV)

NDWI 0.4612 0.6049 5 0.45–0.50 0.50–0.60 0.1 3.4795

WRI 4.0135 5.749 4 4.0–4.3 4.3–6.25 0.1 0.2305

NDVI −0.3428 −0.1712 4 −0.2–−0.17 −0.37–−0.2 0.1 2.3310

AWEI 1241 2160 0 - 1241–2160 0 0.0000

MNDWI 0.9722 0.9797 4 0.97–0.98 0.96–0.97 0.0002 0.1067

MDMI 0.893 0.9459 4 0.86–0.94 0.94–0.95 0.1 7.5614

SR 0.4894 0.7076 5 0.65–0.8 0.45–0.65 0.1 2.2915

PI 0.3285 0.4143 7 0.39–0.42 0.31–0.37 0.2 16.3170

RNDVI 0.1712 0.3428 4 0.17–0.2 0.2–0.35 0.1 2.3310

Figure 10 (left) features the values where the plastics were detected, as determined in the sensitivity
analysis using all of the nine indices. The sensitivity analysis performed on the indices indicated that
the most optimal index to identify the plastic litter target was the PI (Equation (8)).

 

Figure 10. Left: results of the sensitivity analysis in bar graph for each of the nine indices. Right: Plastic
Index (PI) scatterplot showing the discriminating value (DV) between water and plastic bottles.
The plastic bottles values are circled in red.

The sensitivity analysis performed on the indices indicated that the most optimal index to identify
the plastic litter target was the PI (Equation (8)). The scatterplot (Figure 10, right) shows the plastic
index values (PIV) from the Plastic Index (PI) equation showing the water values clustered in the
bottom and the plastic litter values at the top, providing a clear separation between them (DV). Figure 11
depicts the plastic litter target within the dotted yellow circle that was identified using the PI equation.
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Figure 11. Plastic Index (PI) was used to identify the target, which is circled in yellow.

The PI equation was applied to the entire region of the Limassol coast, where the results identified
the plastic litter target, as shown within the yellow dashed circle in Figure 12, as well as the fishing
collars made of plastic and used in the floating fish farms off the coast of Limassol, which are encircled
in orange. The yellow pixels encircled in blue in the upper right quadrant of the image give false
positive values, as the Plastic Index identified them as plastic litter, although they were boats with
plastic surfaces.

 

Figure 12. The PI applied to the coast of Limassol. The plastic litter target is in the dashed yellow circle,
the floating fish farms are circled in orange and the false positives are circled in blue.
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4. Discussion

The significance of this study is to identify whether plastic litter targets under 10 m can be detected
with Sentinel-2 satellite images. This study examined the use of the Plastic Index (PI) and the Reversed
Normalized Difference Vegetation Index (RNDVI) in order to identify plastic litter in water. In this
study, a 3 m × 10 m plastic litter target was used to test if plastics could be detected. The study clearly
shows that the 10 m spatial resolution bands (B04 and B08) can identify a plastic litter target below the
Sentinel-2 pixel size. Our study used a smaller target, thereby differing from other research which
used Sentinel-2 images to identify larger targets of 10 m [29,80]. The Plastic Index developed in this
study can discriminate and identify plastic targets of 3 m × 10 m. The sensitivity analysis found that
the Reversed Normalized Difference Vegetation Index produced low values and therefore was unable
to identify plastic litter targets in water. The results of the PI were applied for the coast of Limassol.
There is evidence that the PI may be used to discriminate smaller plastic targets. As seen in Figure 12,
the fishing collars used in the floating fish farms off the coast of Limassol were identified by the PI.
These collars are made of plastic and have a pipe diameter ranging from 50–110 cm; however, the collars
themselves may have a diameter of 80 m. Future work may include smaller sizes of plastic targets as
well as different types of plastic at different depths. This will provide the opportunity to validate and
calibrate the PI accordingly.

The use of multispectral cameras mounted on a UAV provided the ability to check the reflectance
of the plastic litter at different wavelengths, which was useful to visually identify the plastic reflectance
response at these wavelengths. The acquisition of in situ spectral signatures of the plastic litter target
within the water provided the ability to identify and compare with the spectral bands of Sentinel-2.
The plastic litter detection was only examined between 400–900 nm. In this range, the reflectance of
plastic bottles is low in the red band, but increases in the infrared bands, where water absorbs all
the solar radiation and has almost no reflectance in the near infrared band, as indicated by Hafeez
et al. [68]. The size of the plastic litter target was purposely used to emulate a plastic litter cluster
and to find out if such a cluster can be identified from the Sentinel-2 satellite, as was conducted in
other studies [29,62,80]. Plastic bottles have higher reflectance values in Bands 6, 7 and 8 of Sentinel-2
satellite images.

Based on the research featured in the Introduction, plastic can form clusters that may reach up to
kilometers in size [35,36]. As a result, the intention of the study was not to identify individual plastic
items but to focus on small clusters which had not been studied in previous research. Several indices
were used to identify plastic litter targets in the study area. The evaluation of the images found that the
Plastic Index using bands B04 and B08 of the Sentinel-2 MSIL1C sensor, developed and put forward by
the authors, was the most effective in identifying the plastic litter as well as the pipe rings of floating
fish farms that are located in the vicinity of the study area. One of the limitations of using smaller
targets to detect plastic litter may be the satellite pixel size [66]. For this reason, future research can
replicate this study by using high resolution satellite sensors (e.g., Planet Imagery, WorldView, GeoEye)
to identify smaller plastic litter targets.

5. Conclusions

The results of this study indicate that plastic bottles in the sea can best be identified using the PI
index at B04 and B08 using Sentinel-2 satellite images and the results assessed with spectral signatures
and aerial images acquired from a UAV. The study found that Sentinel-2 satellite images were effective
in identifying plastic clusters in the sea. As well, the study found that plastics in the sea can be identified
by the high reflectance of solar radiation at NIR wavelengths. Two new indices, the Plastics Index (PI)
and the Reversed Normalized Difference Vegetation Index (RNDVI) were formulated for processing
the satellite images in the effort to identify plastic litter in the water. The methodology can only be used
during cloud-free conditions using Sentinel-2 MSIL1C, without performing atmospheric correction
due to the water spectral absorption. The findings of this study are significant, since, as indicated
by various researchers, the south-east Mediterranean faces a significant problem with plastic debris.
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This study developed an index that can identify plastics in the sea, which will assist the process of
monitoring plastics in the Mediterranean Sea. The newly developed Plastic Index may be applied to
other types of plastic debris, such as plastic bags, marine debris from aquaculture and other material,
which were used in other research studies. It is vital to note that future research will focus on using
high resolution images to identify plastics.

The study lends itself to further research in several areas. In addition, along the lines of this study,
further investigation can be conducted with various configurations of different materials, such as plastic
bags, at different depths in the sea. Future research can also investigate the use of Sentinel-1 Synthetic
Aperture Radar (SAR) images for the identification of plastic litter in the seas. Further research can
examine different sized plastic litter to identify the sensitivity of Sentinel-2 images in detecting subpixel
plastic clusters. One of the significant outcomes of the study is that smaller plastic targets under 10 m
can be identified using the Sentinel-2 satellite images.
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Abstract: Climate change is a major contemporary phenomenon with multiple consequences. In urban
areas, it exacerbates the urban heat island phenomenon. It impacts the health of the inhabitants and the
sensation of thermal discomfort felt in urban areas. Thus, it is necessary to estimate as well as possible
the air temperature at any point of a territory, in particular in view of the ongoing rationalization of
the network of fixed meteorological stations of Météo-France. Understanding the air temperature is
increasingly in demand to input quantitative models related to a wide range of fields, such as hydrology,
ecology, or climate change studies. This study thus proposes to model air temperature, measured during
four mobile campaigns carried out during the summer months, between 2016 and 2019, in Lyon (France),
in clear sky weather, using regression models based on 33 explanatory variables from traditionally
used data, data from remote sensing by LiDAR (Light Detection and Ranging), or Landsat 8 satellite
acquisition. Three types of statistical regression were experimented: partial least square regression,
multiple linear regression, and a machine learning method, the random forest regression. For example,
for the day of 30 August 2016, multiple linear regression explained 89% of the variance for the study
days, with a root mean square error (RMSE) of only 0.23 ◦C. Variables such as surface temperature,
Normalized Difference Vegetation Index (NDVI), and Modified Normalized Difference Water Index
(MNDWI) have a strong impact on the estimation model. This study contributes to the emergence
of urban cooling systems. The solutions available vary. For example, they may include increasing
the proportion of vegetation on the ground, facades, or roofs, increasing the number of basins and
water bodies to promote urban cooling, choosing water-retaining materials, humidifying the pavement,
increasing the number of public fountains and foggers, or creating shade with stretched canvas.

Keywords: air temperature; surface temperature; LiDAR; multiple linear regression; Landsat 8; urban
heat island

1. Introduction

Climate change is a major current phenomenon with multiple environmental, social and economic
consequences [1]. In urban areas, it exacerbates the urban heat island (UHI) phenomenon [2,3] which
is characterized by a difference in temperature between an urban area and the surrounding rural areas.
In this case, the temperature in urban areas is higher than in rural areas, particularly at night [4,5].
The factors that contribute to heat intensification and UHI can be explicated mainly by the surface
factors linked to the substitution of water surfaces, vegetation cover, and wetlands by artificial areas,
causing low evaporation and evapotranspiration [6–12]. Buildings made of low-albedo materials
with high thermal inertia capture, stock, and discharge the heat trapped with a thermal lag of several
hours depending on the size and type of buildings and the climate [13]. This result is combined with
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the effect caused by structures made of low albedo supplies with high thermal inertia, which absorb
and accumulate heat. The intensification of heat can also be caused by morphological parameters
related to urban roughness and the sky-view factor (SVF) [14–16]. Indeed, the roughness can cause a
diminution of the wind speed and the SVF can reduce the release of heat during the night [2]. Finally,
anthropogenic parameters such as industrial heat emissions, heating, transport, or air conditioning can
contribute as well to heat intensification [17–20], the “cities consume 78 percent of the world’s energy
and produce more than 60 percent of greenhouse gas emissions. However, they account for less than 2
percent of the Earth’s surface” [21].

These two climatic manifestations have consequences on the health of the inhabitants [22] and on
the sensation of thermal discomfort felt in urban areas [23,24]. Moreover, the increase in heat waves is
clearly demonstrated, whether we look at the duration, intensity, or frequency [25]. The effects of heat
waves are overlaid on the microclimatic characteristics of urban environments [26,27], as well as on the
increasing urbanization process of the population. This increasing urbanization has a significant impact
on urban microclimates and leads to warmer temperatures in cities [28–31]. One of the effects of the
combination of these events is an increase in the premature number of heat stress related deaths [32].
In this context, local public actors are trying to prevent and reduce the human risks potentially generated
by an increase in heat waves. Knowing and understanding the effect of the urban heat island is a key
requirement for smart and sustainable city design [33]. According to the US Department of Energy,
the United States spends $10 billion annually on energy to reduce the urban heat island effect [34].
In addition, mitigating urban overheating is an important financial issue since every 1 ◦C increase in
temperature leads to a 2% to 4% increase in electricity demand [35]. In some regions, this increase
would even vary between 0.45% and 4.6%, which would correspond to an additional electrical penalty
of about 21W per degree of temperature increase per person [36]. This difference in energy consumption
between urban and rural areas is mainly due to the fact that the cooling load of urban buildings is
13% higher than that of similar buildings in rural areas [37]. Thus, this relationship between electricity
consumption and temperature has been clearly established [38]. In addition, a study in Chicago showed
that adding 10% ground cover, or planting about three trees per plot of land, reduces energy costs by
about $50–$90 (about 45–80 euros) per year per home [39].

In addition, air temperature is a main variable in explaining environmental conditions, especially
urban conditions. It is also involved in many important ecological processes such as actual and potential
evapotranspiration, net radiation, or the distribution of species [40]. Thus, knowledge of air temperature
at any point in the territory is increasingly in demand to feed quantitative models related to a wide range
of fields, such as hydrology, ecology [41], or climatology [42–44].

Consequently, the comprehension of air temperature models is essential for multiple applications in
hydrology, land-use planning, or public health. Accurate knowledge of temperatures is a necessity both
for the environment and for health policies, particularly in urban areas, which can contribute to improved
urban planning in the context of UHI mitigation, and the creation of urban cooling islands (UCIs).

Thus, it is necessary to estimate the air temperature at any point in a territory as well as possible.
This knowledge is directly dependent on the density of the measurement network, especially in view of
the current rationalisation of the network of fixed meteorological stations of Météo-France [45]. In France,
there are only a few agglomerations with their own network of fixed meteorological stations, such as
Rennes and Dijon [46,47]. The air temperature evolving on a metric scale, at less than 100 meters [48,49],
a very dense measurements network is needed. However, this is not the case in Lyon, which is the study
area. Consequently, this study proposes to model air temperature using traditionally used data, data
from remote sensing by LiDAR (Light Detection and Ranging), or Landsat 8 satellite acquisition and
data produced by mobile measurement. These mobile measurements are very useful, as there is not
yet a network of fixed weather stations sufficiently developed in Lyon, as in most large conurbations.
In addition, the use of information obtained from airborne sensors or satellites to observe the earth’s
surface from the sky or from space is a methodology that effectively evaluates the spatial distribution of
land surface variables at the local and regional scales [50] and can be used for temperature modelling.
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Urban air temperature can be estimated using different interpolation techniques such as spline [51,52]
and interpolation kriging. More recently, modelling by regression [51] or by neural networks and other
machine learning techniques has emerged [53]. Multiple studies have addressed this issue, either by using
classical spatial interpolations (deterministic [54] or stochastic [55]) or by multiple regressions [42,50,56–59].
Previous air temperature modelling studies in urban areas are mostly based on measurements from
fixed stations [42,47,52,60–62]. Studies involving modelling based on mobile measurements are less
common [49,63]. Moreover, there have been none in the study area, whether they involve modelling
from fixed stations or mobile measurements. Thus, this study has a double focus: to provide a first
modelling of the air temperature of the territory using mobile measurements.

Most of the studies based on mobile measurements have been carried out using automobiles,
for example in Portland (USA) [63], in Nancy (France) [44,64], in Los Angeles (USA) [65], in Hong-Kong [66],
in Brno (Czech Republic) [67], or in Sfax (Tunisia) [68–70]. However, there are many inherent limitations of
motorized transport. An increase in temperature may be observed when the car stops or slows down due
to red lights or traffic jams. The proximity of other cars combined with the immobility of the vehicle may
explain this. On the contrary, when the speed of the car increases, cooler temperatures may be observed
due to the cooling of the speed of travel. Thus, this measurement method limits the route to be monitored
because of the many one-way streets or pedestrian areas. Consequently, in this study, the choice to do
bicycle measurements was made. These bicycle measurements already exist but are not so frequent.
For example, they have been used in some areas such as in Rotterdam (Netherlands) [71], in Shenzhen
(China) [72], in Ohio [73], in Utrecht (Netherlands) [74], and on foot in Vancouver (Canada) [49].

Moreover, the explanatory variables used for modelling air temperature are, in many cases, those
commonly used such as latitude, longitude, altitude, and slope [60,75,76], or even the land use land
cover [77]. Only some studies integrate some remote sensing data such as Difference Vegetation Index
(NDVI) or Normalized Difference Moisture Index (NDMI) [49,63,78]. This study therefore proposes to
reproduce, as well as possible, the conditions encountered in the field as a function of the morphological
diversity very present in the urban environment using the largest possible sample of explanatory variables.

To summarize, the implications of this new approach for the understanding of urban micro-climates
are fourfold. Firstly, mobile measurements to acquire air temperature are used on the second French
conurbation, which has never been thermally modelled, despite marked thermal discomfort. Then,
this air temperature will be modelled with a very large sample of explanatory variables, including
classic topo climatic variables (altitude, longitude, latitude, slope, exposure, and so on), variables
derived from the characteristics of the urban morphology (sky view factor, variation in the height of
buildings, etc.), or variables linked to the occupation and nature of the soil (vegetation, moisture, water,
bare soil, etc.). One of the special features of this study for the acquisition of explanatory variables
is the use of very diverse but complementary techniques, notably through the use of LiDAR or the
analysis of data produced by the Landsat satellite. In a third step, a buffer analysis by simple linear
regression is performed to test the best calculation unit for each variable that could get the highest
coefficient of determination. Finally, the three modelling methods are used and compared. The first
two are a stepwise multiple linear regression and a partial least square linear regression, which has the
advantage of better integrating the collinear variables. The last one is the random forest method which
is a relatively recent machine learning technique.

Thus, this study proposes first to delimit the study area, then to address the data acquisition
methods and statistical procedures, and finally to analyse the results. This last part allows us to discuss
the contribution of each predictor variable to the modelling of air temperature and measurement error.
This research is aimed at improving urban planning in the context of climate change and mitigation
at UHI.
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2. Materials and Methods

2.1. Lyon: A Study Area Characterized by a Considerable Urban Morphological Diversity

The area of interest chosen for this study is the urban heart of the city of Lyon and part of the city
of Villeurbanne, on the border with the 6th district of Lyon (Figure 1). This area has the advantage of
grouping together a significant diversity of land use in an urban environment. It is mainly occupied
by continuous urban fabric (50%) of which 12.3% is discontinuous dense urban fabric, as well as
by industrial, commercial, military, or public units (19.5%). Water, roads (main and secondary),
and vegetation cover also occupy a significant surface of the territory, with respectively, 7.3%, 14.3%,
and 8.9% (Table 1).

Figure 1. Location and land use of the study site (source: Urban Atlas 2012 and Data Grand Lyon).
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Table 1. Land use/land cover distribution in the study area.

Land Use/Land Cover Covered Surface Area (%)

Continuous urban fabric 50
Industrial, commercial, military, or public units 19.5

Roads (main and secondary) 14.3
Vegetation 8.9

Water 7.3

With just over 1.4 million inhabitants, this agglomeration of 59 municipalities is the second largest
in France after Paris. The study area is composed of a very dense urban environment (Figure 1). Natural
vegetation is therefore absent. There is, however, a very large park of 117 ha and urban green areas.
The main park in Lyon (the Tête d’Or Park, to the north in Figure 1) is the largest urban park in France.
It has vast expanses of lawn shaded by tall trees of various species, a lake, an island, and several
botanical gardens, including an alpine garden and a flower garden.

This study area is located in the south-east of France (45◦45′35”N, 4◦50′32”E). According to the
Köppen–Geiger classification [79,80], it has a continental temperate climate, fully humid with hot or
warm summer, depending on the year (Figure 2). The hottest months are July and August, with average
maximum temperatures of 27.7 ◦C and 27.2 ◦C, respectively. The wettest months are May and October
with 90.8 mm and 98.6 mm, respectively. The sunniest months are June, July, and August with 254.3 h,
283 h and 252.7 h, respectively (Figure 2).

Figure 2. Ombrothermal diagram of Lyon (years 1981–2010; data: Météo-France).

2.2. Data Acquired by the Measuring Instruments and Selected Days

Air temperature is the variable to be estimated at any point in the territory from several indicators.
The training sample of this variable is obtained from mobile measurement transects using high-precision
measuring devices, according to manufacturer’s data. The first equipment used is the EL-USB-1-RGC
(EasyLog From Lascar Electronic). It measures the air temperature continuously, with an accuracy of
+/− 1 ◦C (manufacturer’s data) and a minimum recording interval of 1 second. The second equipment,
the LOG 32 (from Dostmann electronic GmbH), records relative humidity and air temperature, with an
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accuracy of +/− 0.5 ◦C (manufacturer’s data) and +/− 3% (40 to 60%) and a minimum recording interval
of 2 seconds. The measurement campaigns were associated with a precision GPS (from Garmin, with a
high sensitivity GPS/GLONASS receiver and Quad Helix antenna) to record the geographical position
of the measurement.

The location of the points of all measurement campaigns was checked and corrected if necessary,
using a geographic information system (GIS), for example, to ensure that it was not located on the roof
of a building. Indeed, the dense urban environment can interfere with the geolocation of the position.
Streets in dense urban centers may be boxed in, with little visible sky.

In addition, the Météo-France site of the Direction Centre-Est (DIRCE) of Lyon-Bron, (45◦43′30”N,
4◦56′12”E and 197 m altitude), was used as a study site for a quality control campaign of the air temperature
and relative humidity measuring instruments. This station was chosen because it is Météo-France’s
professional weather station closest to our measurement campaigns. Hourly measurements synchronous
to the measurements of the Météo-France station were carried out from 28 June 2018 at 09:00 to 24
September 2018 at 14:00 (Figure 3). The comparison between site observation and mobile measurements
have been done at the same time, on a single second during the exact precise hour.

Figure 3. Hourly measurements of temperature (◦C—red line) and humidity (%—blue dotted line) at
the Météo-France Lyon-Bron station from 06/28/18 to 09/24/18.

The measuring devices used in this study proved to be highly accurate since, after this comparison
at the Météo-France site over the summer 2018 period, the air temperature correlation of these two
different acquisition sources shows a lowest correlation coefficient of 0.981 for the air temperature and
0.977 for the relative humidity measured by LOG 32 (Table 2).

Table 2. Synthesis of the correlation coefficients, root mean square error (RMSE) and MSE from the
different measurement instruments used in relation to the Lyon-Bron station of Météo-France.

LOG 32 n◦1 LOG 32 n◦2 EL-USB-1-RCG n◦1 EL-USB-1-RCG n◦2
MSE: 0.892 MSE: 0.797 MSE: 0.516 MSE: 0.566

RMSE: 0.944 RMSE: 0.893 RMSE: 0.718 RMSE: 0.752Temperature (◦C)
R2: 0.983 R2: 0.981 R2: 0.989 R2: 0.987

MSE: 12.305 MSE: 11.970
RMSE: 3.507 RMSE: 3.459Humidity (%)

R2: 0.977 R2: 0.978

48



Remote Sens. 2020, 12, 2434

The mobile measurements were taken on days when the Landsat 8 satellite was over the city, on clear
sky days only, i.e., with less than 10% cloud cover. These campaigns were spread out between 2016 and
2018, exclusively over the summer period: 30 August 2016, 1 August 2017, 19 July 2018, and 22 July
2019. Numerous measurement campaigns were carried out from 2016 to 2019 but only those four days
with similar weather conditions were used in this study. However, not all of them had similar weather
conditions. Moreover, in only one summer of a year, the set of days was too poor regarding the different
cumulative criteria, i.e., similar weather conditions and no clouds. Indeed, the weather conditions for
each day were similar: the standard deviation of the temperature was only 0.9 ◦C and 4.3%, for humidity,
2.3 m.s-1 for wind speed, 132 degrees for wind direction, and 3.7 hPa for pressure. The average weather
conditions for these indicators are 29.3 ◦C, 45.3%, 8.8 m.s-1, 260.8 degrees, and 1016.6 hPa, respectively
(Table 3). Respectively, these measurement campaigns yielded 573, 300, 393, and 397 measurement points
for air temperature and relative humidity (Figure 4).

Table 3. Meteorological parameters of the study days at the Lyon-Bron station at 12:00 noon (source:
Météo-France).

Temperature
(◦C)

Humidity
(%)

Wind Speed
(m/s)

Pressure
(hPa)

Wind Direction
(degrees)

Start Finish

08/30/2016 27.7 46 9 1017.8 350 14:42 16:50
08/01/2017 29.4 52 10 1012.2 34 15:23 18:37
07/19/2018 29.8 42 5 1014.2 309 12:32 14:45
07/22/2019 30.1 41 11 1022 10 12:25 16:12

Mean 29.3 45.3 8.8 1016.6 260.8
Standard deviation 0.9 4.3 2.3 3.7 132.0

Minimum 27.7 41 5 1012.2 34
Maximum 30.1 52 11 1022 350

The routes travelled during the measurement campaigns vary slightly (Figure 4). In fact, besides the
technical reasons such as works or new developments that caused us to deviate from the route, we
wanted to maximize the morphological diversities crossed, making deviations to places of particular
interest due to their urbanistic characteristics (docks, the historic urban center, industrial sectors, etc.).

Additionally, air temperature measurement campaigns sometimes last several tens of minutes.
It was therefore necessary to make a correction based on a polynomial equation elaborated according
to the evolution of the day’s temperatures recorded at a time step of 10 minutes. This phase before the
data processing is essential and allows to bring all these air temperature measurements back to the
hottest hour of the day [74].

In addition, in order to have a very complete sample of temperature measurements, all the data
from the four field trips were pooled. This allows obtaining global results. Indeed, even if the weather
conditions are similar for the four days studied, some results may differ due to the different routes
carried out, which cross different urban morphologies. For example, in Lyon, the type of buildings and
the urban morphology are relatively different depending on whether one is in the east, with modern
buildings from the end of the 19th and 20th centuries, or in the west of the main river, with very old
buildings from the medieval or Renaissance period (Figures 1 and 4). This could explain why the
results between the days of 2019 and 2018, for example, were not strictly identical, although general
trends may emerge.

2.3. Morphological Descriptors Relevant to Air Temperature Estimation

Changes in land-use patterns related to the urban factory contribute to the spatial structuring of
the urban landscape, which also influence energy transmission and balance [81,82]. These changes are
considered a direct cause of the formation of the UHIs [83,84]. Thus, the relationship of changes in air
temperature to land use and land cover is apparent.
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Figure 4. Air temperature measurement points for 22 July 2019 (top left), 19 July 2018 (top right), 1 August 2017
(bottom left), and 30 August 2016 (bottom right—source: Data Grand Lyon).

In this study, thirty-eight explanatory variables contributed to the estimation of air temperature
over the study area [85–89]. They belong to various categories such as climate data from remote sensing,
topographic variables, vegetation indices, the presence of water, moisture, bare soil, buildings, radiation,
urban morphology, and proximity to various land uses (Table 4 and Appendix A). The acquisition
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sources were multiple and came from the Landsat 8 satellite (https://earthexplorer.usgs.gov/),
LiDAR (https://data.grandlyon.com/jeux-de-donnees/nuage-points-lidar-2018-metropole-lyon-format-
laz/donnees) points and other cartographic products downloaded from the open data platform of the
Greater Lyon.

Table 4. List of morphological descriptors used to estimate air temperature.

  Variables (Units) Acquisition Source   Variables (Units) Acquisition Source 
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Surface temperature (°C) Landsat 8  
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x 

NDBI 
Normalized Difference 

Built-Up Index 
Landsat 8  UTFVI 

Urban Thermal Field Variance 
Index 

Landsat 8  

Sunshine duration of the 
study day (h) 

LiDAR data and modelling 
by ESRI ARCGIS 

UI 
Urban Index 

Landsat 8  

Radiation received for the 
study day (WH/m²) 

LiDAR data and modelling 
by ESRI ARCGIS 

IBI 
Index-based Built-Up Index 

Landsat 8  
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x 

NDVI 
Normalized Difference 

Vegetation Index 
Landsat 8  

Building Density LiDAR SAVI 
Soil Adjusted Vegetation 

Index 
Landsat 8 

EVI 
Enhanced Vegetation Index 

Landsat 8 

Tasseled Cap 
Transformation greenness 

(GVI) 
Landsat 8  
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Slope (°) Data Grand Lyon 

Density of low vegetation LiDAR 
Density of medium 

vegetation 
LiDAR Exposure LiDAR 

Density of high vegetation LiDAR Curvature Data Grand Lyon 
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x 

MNDWI 
Modified Normalized 

Difference Water Index 
Landsat 8  
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Sky View Factor LiDAR 

NDWI 
Normalized Difference Water 

Index 
Landsat 8 

Standard Deviation (STD) 
of Building Height 

(building height 
variation) 

Data Grand Lyon 
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e 
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x 

Tasseled cap 
Transformation Wetness 

Landsat 8  
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nd
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Distance to railway tracks Data Grand Lyon 

NDMI 
Normalized Difference 

Moisture Index 
Landsat 8  

Distance to points of 
tourist interest 

Data Grand Lyon 
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NDBaI 
Normalized Difference 

Bareness Index 
Landsat 8  

Distance to subway 
entrances 

Data Grand Lyon 

BI 
Bare Soil Index 

Landsat 8  Distance to fountains Data Grand Lyon 

EBBI 
Enhanced Built-Up and 

Bareness Index 
Landsat 8  Water area Data Grand Lyon 

Density of bare soil  LiDAR  

R
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n 
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x 

Spectral radiance  Landsat 8   
Emissivity Landsat 8   

Tasseled Cap 
Transformation Brightness 

Landsat 8   

These morphological descriptors are acquired to a spatial precision that can go down to the
centimeter scale. As a result, the information collected is dense and allows us to acquire a rigorous
state of the urban environment for the purpose of modelling air temperature.
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2.4. The Statistical Procedure Followed

2.4.1. An Explanatory Buffer Zone, Which Varies According to the Indicator

The aim of this study is to model air temperature using the linear regressions, multiple and partial
least square regressions, and nonlinear regression by the random forest regression, from selected predictors.
Initially, the scale with the best correlation between air temperature and explanatory variables was selected
for each indicator based on a proximity buffer analysis (5 to 1000 m; Figure 5). Thus, the selected buffer zone
varies for indicators of the presence of vegetation, water, humidity, bare soil and buildings, radiation indices,
proximity to land use, urban morphology, and finally climate data (Table 5). Each of the measuring points
was compared with the average of the indicator concerned, according to the size of the buffer considered.

For example, the process followed for the 5-meter buffer is as follows: 1◦/creation of a 5-meter
buffer around each point; 2◦/calculation of the area (for vegetation, water surfaces, etc.), length
(railways), average (spectral indices), or standard deviation (STD Building Height) of the indicator in
this buffer; 3◦/calculation of the Spearman correlation coefficient between the temperature measured at
the point and the indicator; and 4◦/repeat the operation for all the indicators and for all the buffers.

Figure 5. Example of variation in the correlation (coefficient of determination) between predictor and
air temperature as a function of study scale.
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Table 5. Buffer zones selected for each explanatory indicator.

 Variables (Unit) Buffer Zone (m)  Variables (Unit) Buffer Zone (m) 
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2.4.2. Three Complementary Regression Methods in Modelling Use

Three regression methods of air temperature modelling are compared in this study. These are two
linear regressions: multiple [42,50,56] and partial least square [90], and one non-linear regression: random
forest [91,92]. The aim is to select the best regression for this modelling. This evaluation is essentially
carried out by comparing the coefficients of determination and the roots of the root mean square error
(RMSE) obtained for the samples. The conditions of use for each of the regressions were also verified.

Multiple linear regression (MLR) is a data modelling method that requires several statistical steps
before its application [93]. First, it is necessary to verify the normal distribution of the series in the
dataset using the Shapiro–Wilk test (applies to samples of less than 5000 observations) [94]. This test
has been invalidated, so the Spearman correlation matrix was used. It allows redundant variables
not to be included in the regression model. One of the two indicators for which the pair has |r|>0.7
in the Spearman correlation matrix and a Variance Inflation Factor (VIF) > 5 was removed [95,96].
Finally, after removing the correlated variables, multiple linear regressions are carried out on about
20 variables, between 21 for the 30 August 2016, and 27 for the 1 August 2017 (Table 6).In addition,
a holdout cross-validation was performed because of its ability to detect multiple regression overfitting
(80% learning data and 20% validation data) [97].

In a complementary way to the multiple linear regression (MLR), partial least square regression
is a method that is applied when a large number of explanatory variables are present and when these
variables are likely to show strong collinearities among themselves [98]. Thus, this method allows us to
model and predict air temperature values as a function of a linear combination of several quantitative
(or qualitative) explanatory variables, overcoming the constraints of linear regression with respect to
the distribution and number of variables included. Therefore, there is no need to remove the collinear
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variables. The model gives a value for each Variable Importance for the Projection (VIP). An explanatory
variable is considered important when the VIP is greater than 0.8 [99]. A standardized coefficient is then
generated for each of them [100].

Table 6. Non-collinear variables selected for multiple linear regressions per study day.

After Spearman Correlation Matrix and VIF
Variables

08/30/2016 08/01/2017 07/19/2018 07/22/2019

Surface temperature (◦C) X X X X
UTFVI

Sunshine duration of the study day
Radiation received for the study day X X X

NDVI X X X
SAVI
EVI X X X X

Tasseled Cap greenness (GVI) X
Density of low vegetation X X X X

Density of medium vegetation X X X X
Density of high vegetation X X X X

MNDWI X X X X
NDWI X

Tasseled Cap Wetness X X X X
NDMI X
NDBaI X

BI X X X X
EBBI

Density of bare soil X X X X
Spectral radiance

Emissivity X X
Tasseled Cap Brightness X X X

NDBI X
UI
IBI X X

Building Density X X X X
Digital Elevation Model X X X X

Slope (◦) X X X X
Longitude X
Exposure X X X
Curvature X X X X

Sky View Factor X X X X
STD Building Height X X

Distance to railway tracks X X X X
Distance to points of tourist interest X X X

Distance to subway entrances X X X
Distance to fountains X X X

Water area X X X X
Final Number 21 27 22 26

The third type of regression tested is the random forest regression. This is a predictive model using binary
decision trees [101]. From an observation sample, the bagging method will generate several possibilities
before selecting only one. This machine learning technique [102] is based on Classification and Regression
Trees (CART). These are constructed from different bootstrap samples, randomly selected with random
discounting, in order to obtain, after aggregation, a robust and efficient set of air temperature predictors [103].
The importance of each variable is calculated by the mean increase in error of a tree in the forest, i.e., when the
values of each variable are randomly swapped in the out-of-bag (OOB) samples. The variables used in the
nonlinear regression, random forest, to model air temperature are derived from the selection of multiple linear
regressions for each day. The random t forest classification and regression has the advantage of reducing
white noise, and thus potentially improving the correlation coefficients and RMSE already obtained by
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multiple linear regression. In addition, the number of variables in the bagging and the number of trees used
are user-defined parameters. When the number of trees increases, the general error converges to the same
value. Overfitting is then not a problem due to the large numbers law. Despite this, the number of analysed
trees must be limited in order not to excessively increase the computation time (1):

c× T × v× (M×N × log N) (1)

where c is a constant, T is the number of trees in the set, M is the number of variables, and N is the
number of samples in the training data set [104]. In this work, the classifiers were optimized with 80
decision trees and were trained with the same number of pixels in each category. The general error of
the models converged around 80 decision trees (Figure 6). Therefore, a more complex model would
have required more computation time without improving the classification.

Figure 6. Convergence of the general error of the models for each study days.

In addition, Lasso regression was not applicable in this study. Lasso regression is only used when
the number of predictors is greater than the number of observations [105,106]. Here, though, the number
of observations was much higher than the number of predictors. In addition, many explanatory variables
were included.

2.4.3. Quality Control on Modeling by Spatial Identification of Error Clusters

The spatial autocorrelation of the difference between the modelled air temperature and the air
temperature measured by the mobile measurements was analyzed, on one hand, using the Anselin
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Local Moran I spatial association indicator (LISA) [107], and, on the other hand, using the degree of
clustering of high and low intensity values by the Getis Ord General G (Gi*) [108,109].

The LISA makes it possible to group together, for statistically significant results (p < 0.05),
the similarity of a spatial unit with its neighbours. It allows identifying spatial aggregates of entities
with high or low values as well as spatial outliers. A cartographic representation showing a cluster
type for each statistically significant entity is thus obtained. With a geographic information system
(GIS), a statistically significant group of high values (HH), a group of low values (LL), an outlier in
which a high value is surrounded mainly by low values (HL), and an outlier in which a low value is
surrounded mainly by high values (LH) is distinguished.

The local application of the general G statistic is the Getis Ord Gi* statistic. It is used to identify
statistically significant (p < 0.05) spatial clusters of high and low intensity. Thus, for positive Z scores,
the higher the Z score, the stronger the cluster of high intensity values (error overestimating air
temperature). On the contrary, the lower the negative Z-score, the higher the group of low intensity
values (error underestimating the air temperature).

In order to summarize the methodology, a general diagram of the study has been inserted (Figure 7).

Figure 7. The methodological framework used for air temperature modeling.
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3. Results

3.1. Multiple Linear Regression Modeling

After removing the collinear variables for each day, the predictors involved in air temperature
modelling provide significant coefficients of determination. These ranged from 0.60 for 22 July 2019,
to 0.89 for 30 August 2016, with RMSEs of only 0.96 ◦C and 0.23 ◦C, respectively. Moreover, each variable
retained in the model was characterized by a normalized coefficient that corresponded to the weight of
this explanatory variable. This weight varies according to the study days (Figure 8). The probability
associated with Fisher’s F (Pr>F) was always less than 0.05 and very often less than 0.0001.

Figure 8. Weights of selected variables for each of the study days.

For example, for 19 July 2018, the variables contributing to a positive impact on the model were
proximity to subways, Bare Soil Index (BI), longitude, Tasseled Cap Transformation (TCT) wetness, low
vegetation density, and Normalized Difference Bareness Index (NDBaI). Variables negatively impacting the
model are sky view factor, high vegetation density, proximity to tourist attractions, and soil density. From the
equation obtained, it is therefore possible to model the air temperature continuously. The resolution can be
adapted to the display and the purpose of the study. For example, a resolution of 10 meters was chosen for
Figure 9 (Figure 9). It can be seen in Figure 9 that some areas are cooler or hotter than others on the map.
This is directly related to the equation used in the modelling, including the explanatory variables included,
as shown in Figure 8. Thus, for example, in Figure 9, cold spots at some locations are related to the density
of tall vegetation or water surface. Hot spots, in contrast, would be related to low vegetation density, soil
density, or BI. Thus, the greater the presence of these variables, the greater the chance of detecting a hot or
cold spot. This confirms the results of previous studies showing in particular the cooling power of tall
vegetation [43,110], water surfaces, or urban density [33,111,112].
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Figure 9. Modelling of air temperature in the dense urban center of Lyon on 19 July 2018 (source: Data
Grand Lyon).
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The results for the sample with all measurements for the four outputs (Figure 10) show an R2

of 0.65 and an RMSE of 1.54. The results for the sample with all measurements for the four outputs
(Figure 10) show an R2 of 0.65 and an RMSE of 1.54. The RMSE is logically slightly higher than for the
single day models due to the larger sample of measurements and greater morphological diversity, even
though the weather conditions remain similar. These results confirm the general trends observed at
day scales. In particular, the cooling effect of variables such as water density (normalized coefficient of
–0.35; Figure 10), densely vegetated areas (–0.11 for NDVI and –0.09 for the density of high vegetation),
road embankment (–0.08 for SVF), and humidity (–0.05 for Modified Normalized Difference Water
Index (MNDWI)) can be found. The presence of proximity to tourist areas can be explained by the fact
that these areas are mostly made up of green spaces or historic buildings in old Lyon.

Figure 10. Weights of selected variables for the global sample on the four dates.

The variables contributing to urban warming were logically surface temperature and emissivity
(normalized coefficients of 0.53 and 0.26, respectively; Figure 10) as well as indicators of the built
environment and the absence of medium or high vegetation density (0.13 for the NDBaI, 0.12 for the
Index-based Built-Up Index (IBI), and 0.23 for the density of low vegetation).

3.2. Partial Least Square Regression Modeling

Partial least square (PLS) regression modeling did not show much consistency in air temperature
prediction since the mean coefficient of determination for all four study days is only 0.62, with a
maximum of 0.79 for 30 August 2016, and a minimum of 0.53 for 22 July 2019 (Table 7). In addition,
a large number of explanatory variables were retained, with a maximum of 26 for the day of 22 July
2019. Some variables influenced the model both positively and negatively as a function of the day.
For example, the MNDWI had a significant positive impact for 30 August 2016, and a negative impact
for 1 August 2017, 19 July 2018, and 22 July 2019. As a result, the air temperature modeling results
were much less relevant than by multiple linear regression.
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Overall PLS modelling based on the measurements of the four outputs provided results relatively
similar to multiple linear regression, with an R2 equal to 0.699 and an RMSE of 1.503. They also confirmed
the dominant role of surface temperature. This variable had a VIP of 2.2. This is followed by the density
of water areas (VIP = 1.81), the density of low vegetation (1.43), the NDVI (1.15), and the humidity indices
(1.03 for the MNDWI and 1.01 for the TCT Wetness). These results are in agreement with those obtained
through multiple linear regression (Section 3.1).

Table 7. Statistical parameters of the three explanatory variables used in air temperature modelling by
partial least square linear regression.

Date R2 MSE RMSE Variables
Model Parameter in

Absolute Value
Impact on the Model

0.79 0.11 0.33
LST 0.0675 Negative

NDVI 1.71 Positive08/30/2016
MNDWI 4.53 Positive

0.77 0.03 0.18
BI 0.58 Positive

NDMI 0.51 Negative08/01/2017
NDBI 0.51 Positive

0.37 0.09 0.07
Emissivity 2.1128 Negative
Longitude 1.3906 Positive07/19/2018

NDBaI 1.2262 Positive

0.,53 1.13 1.06
Emissivity 7.4782 Positive

BI 3.0472 Positive07/22/2019
NDBaI 2.5931 Positive

Mean 0.62 0.34 0.41

3.3. Random Forest Regression Modeling

For the four study days, the coefficients of determination obtained were strong: 0.98 for the 30
August 2016, 0.96 for the 1 August 2017, 0.95 for the 19 July 2018, and 0.92 for the 22 July 2019 (Table 8).
Thus, on average, a coefficient of determination of 0.95 was obtained, with a RMSE of only 0.17 ◦C and
an out-of-bag (OOB) error of 0.05.

Table 8. Summary of Coefficients of Determination, Out-Of-Bag Error and Root Mean Square Error of
Random Forest Classification, and Regression Modeling Errors.

Date R2 Out-Of-Bag RMSE

08/30/2016 0.98 0.0071 0.08
08/01/2017 0.96 0.0045 0.07
07/19/2018 0.95 0.0071 0.08
07/22/2019 0.92 0.19 0.44

Mean 0.95 0.05 0.17

In addition, the measure of importance for each of the variables was measured by the mean
increase in error of a tree in the forest when the observed values of that variable were randomly
swapped in the out-of-bag samples (OOB; Figure 11). As a reminder, an increase in errors allowed us
to know the importance of the variable in the modeling.

Global random forest modelling based on all days highlighted the dominant role of surface temperature,
which had a mean error increase of 102.5 (Figure 12). This was followed by emissivity, density of low
vegetation, IBI, and density of high vegetation with mean error increases of 26.9, 23.5, 16.2, and 16.2,
respectively (Figure 12). These results are in agreement with those obtained using multiple linear
regression and PLS regression.
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Figure 11. Evolution of the importance of the variables selected in random forest classification and
regression modelling for the four study dates.

Figure 12. Evolution of the importance of the variables selected in random forest classification and
regression modelling for the global modelling.
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4. Discussion

4.1. Implication of Important Predictors in Urban Air Temperature Modeling

The results of the simple regressions (Section 2.4.1 and Figure 4), the multiple linear regression
(Section 3.1), the Random forest regression (Section 3.3), and to a lesser extent the PLS regression
(Section 3.2) make it possible to identify the parameters that positively and negatively influence urban air
temperature. Naturally, surface temperature is frequently used in air temperature modelling (22 July 2019;
1 August 2017; and 30 August 2016; Figure 8) with very high weights (normalized coefficient of 0.67
for the day of 1 August 2017; Figure 8), mean error increase of 59.2 and 48.1 for the days of 30 August
2016, and 1 August 2017, respectively (Figure 11, for example). This is confirmed by the overall results of
multiple linear regression and random forest modelling. Its normalized coefficient is 0.53 and its mean
error increase is 102.5. However, this is not an urban morphological descriptor on which designers, urban
planners, or politicians can directly act. The urban parameters highlighted by the models that can be
influenced in planning operations to combat extreme temperatures in cities mainly concern green and
blue solutions, and grey solutions [113–115].

Modelling results indicate that the factors that contribute to increasing temperatures in urban areas
are related to building density. Indeed, regarding the density of buildings, for example, the BI had a
normalized coefficient of 0.22 on 22 July 2019, and 0.34 on 19 July 2018. The TCT Brightness, which
refers to bare, partially covered or waterproofed soils (such as rocky outcrops, concrete, gravel, asphalt,
etc.) had a normalized coefficient of 0.21 for 22 July 2019, and a mean error increase of 31.5 for 30 August
2016, and 8.4 for 22 July 2019. The IBI had a coefficient of 0.14 and a mean error increase of 30.5 for
1 August 2017. To a lesser extent, we also found the presence of low vegetation (and thus the absence of
high vegetation), which had normalized coefficients of 0.22 and 0.15 for the days of 22 July 2019 and
19 July 2018, respectively, and mean error increases of 15 and 35 for 30 August 2016, and 19 July 2018,
respectively. This was confirmed by the overall results of multiple linear regression and random forest
modelling. Its normalized coefficient was 0.23 and its mean error increase is 23.5 (Figures 10 and 12).

By contrast, the factors that favor the decrease in urban temperatures were related to the presence
of vegetation, humidity, and surface water. Thus, high vegetation density had a high cooling power in
the models with normalized coefficients of −0.6 for 22 July 2019 and −0.15 for 19 July 2018, and a mean
error increase of 19 for 22 July 2019. These results are consistent with those of the global modelling
using multiple linear regression and random forest. Its normalized coefficient is −0.09 and its mean
error increase is 16.2 (Figures 10 and 12).

In addition, NDVI was found with normalized coefficients of −0.5, −0.18, and −0.11 and mean
error increases of 20, 8, and 7.6 for the days of 2016, 2017, and globally, respectively, but also TCT
greenness (−0.14 for 22 July 2019). Moisture also had a cooling effect through the TCT wetness (with
normalized coefficients of −0.18 and −0.17 and mean error of 6 for 1 August 2017, and 19 July 2018,
respectively) or proximity to fountains (with normalized coefficient of −0.09 and mean error of 10.4 for
1 August 2017). Finally, the density of water area has a negative impact on the model with normalized
coefficients of −0.29, −0.20, and −0.35, and mean error increases of 18.9, 41.4, and 10.7, respectively,
for 22 July 2019, 30 August 2016, and in a global way, as well as the NDWI (with a normalized coefficient
of −0.27 and mean error of 11.7 for 22 July 2019) or the MNDWI (with respectively for 30 August 2016,
and 19 July 2018, a mean error of 19 and 48.6).

To our knowledge, this is one of the studies aimed at modelling air temperature in a morphologically
contrasting urban environment, with areas of unequally dense habitat, two rivers, a historic center
and the largest urban park in France (Figure 1), which uses the most extensive sample of explanatory
variables, with classic data, LiDAR data, and data from remote sensing. This study has shown the
interest of the complementary use of the latter two types of data, in particular LiDAR for a precise
view of vegetation densities (high, medium, or low) but also remote sensing for surface temperature
and water, humidity, and vegetation indices to a lesser extent. While we expected very satisfactory
results with random forest modelling, confirming the results of previous studies [63,97,116], we were

62



Remote Sens. 2020, 12, 2434

surprised to note also the very high performance of the classical multiple linear regression and PLS
regression, with very low RMSE and often below 0.5 ◦C.

These results confirm the roles played by vegetated spaces [43,110], building density, and water
surfaces in previous studies [33,111,112] and confirm mitigation practices based on green and blue
space solutions [113]. This study also highlighted the relatively low cooling power of low vegetation
during the sunny afternoons of the measurement campaigns. Even if we had observed this during the
measurement campaigns, this had yet to be confirmed by the models. This weakness can be explained
by the density of vegetation, which is not high enough to promote sufficient evapotranspiration for
cooling, but above all by a lack of shade compared to the tall vegetation.

Finally, the influence of buildings on air temperature is generally considered within a radius of
500 m [117–120]. However, in this study, it was found that the buffers with the best correlation between air
temperature and building density, based on LiDAR data, were 5 and 10 m. Furthermore, the vegetation
density obtained from LiDAR, which explains air temperature in an optimum way, was within a radius of
50 to 200 m, regardless of its height (low, medium, or high; Figure 5). This also corresponds to a smaller
buffer size than that used in previous studies [46]. On the other hand, the buffer size for the bare-soil
surfaces was between 50 m and 1000 m depending on the indicator (respectively density of bare-soil and
BI, and NDBaI, and Enhanced Built-Up and Bareness Index (EBBI)). In this latter case, this size is similar
to that of previous studies [46].

Consequently, this methodology based on mobile cycling measures, buffer analysis and regressions
using complementary explanatory variables are fully applicable to other cities. However, we recommend
testing the choice of scales for these variables, all the more so if it is not an old European city with
morphological urban similarities to Lyon, although the optimal radii found in this study coincide with
previous similar experiences in other cities.

In addition, it can be noted that similar spectral indices significantly correlate with the air temperature
at the same scale because of the similar physical meaning represented by the indices. For example,
vegetation indices such as TCT greenness, NDVI, and Soil Adjusted Vegetation Index (SAVI) are most
relevant between 500 and 1000 m, as are water indices (NDWI or MNDWI), building indices (NDBI
and Urban Index UI) and bare soil indices (NDBaI and TCT Brightness).

4.2. Spatialization of Error

The modelling error found is minimal for multiple linear regression and random forest modelling.
For all study days, the median for multiple linear regression modelling was 0.02 ◦C and for random forest
classification and regression modelling was 0.002 ◦C (σ of 0.44 and 0.17, respectively; Table 9). In contrast
to the closeness of the median and mean values by these two modelling methods, the agreement is
stronger for multiple linear regression than for random classification and regression forest (Figure 13).

Table 9. Multiple linear regression (MLR) and random forest regression (RDF) model error descriptive statistics.

MLR RDF

Biggest negative error (◦C) −2.23 −0.99
Biggest maximum error (◦C) 2.50 1.29

First Quartile −0.17 −0.05
Median 0.02 0.002

Third Quartile 0.17 0.05
Mean 0.01 0.003

Variance 0.19 0.03
Standard deviation 0.44 0.17

When looking at the location of errors in air temperature modelling between the multiple linear regression
method and the random forest, similarities between the two are observed. The models overestimate the
air temperatures towards the water areas on Confluence (south of the peninsula) and near the Perrache
train station. They underestimate the air temperature in the streets in the embankment, near green areas,
and south of the left bank of the Rhône (Figure 14).
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Figure 13. Box plots representation of the modeling error from multiple linear regression and random
forest classification and regression.

Figure 14. Location of the modeled measurement error of the air temperature by multiple linear regression
(left) and by random forest (right) for all the study days (source: Data Grand Lyon).

If we analyze the location of these errors day by day, we notice that for the 30 August 2016,
the multiple linear regression model overestimates the air temperatures near the water areas, on the
bridges and south of the left bank of the Rhône. Conversely, it underestimates this physical magnitude
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on open spaces such as Bellecour Place. For 1 August 2017, 19 July 2018, and 22 July 2019, the model
overestimates the air temperature also near the waterways and on the bridges but also on open spaces.
In contrast, the model suggests that the streets in the embankments are cooler than in the mobile
in situ measurements (Figure 15). The same can be seen in the random forest modelling (Figure 16).
In addition, an overestimation of air temperature near the green spaces of the Tête d’Or Park was
observed for the days of 30 August 2016, 19 July 2018, and 22 July 2019.

Figure 15. Localization of the measurement error of the air temperature modeling by multiple linear
regression (source: Data Grand Lyon).
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Figure 16. Localization of the measurement error of the air temperature modeling by random forest
regression (source: Data Grand Lyon).

4.3. Grouping of Similar Errors

Spatial groupings of statistically similar values of the differences between modelled and measured
air temperatures are evaluated using LISA (Figure 17) and Gi* (Figure 18). Between the two regression
methods (linear multiple and random forest), similarities in the location of error clustering types by
LISA and Gi* are observed. As a reminder, for LISA, the distinction is made between a statistically
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significant cluster consisting of high values only (HH), a cluster of low values only (LL), a cluster in
which a high value is surrounded mainly by low values (HL), and a cluster in which a low value is
surrounded mainly by high values (LH).

Figure 17. LISA of the differences between modelled and measured air temperatures for all study days
(source: Data Grand Lyon).

Figure 18. Gi* of the differences between modelled and measured air temperatures for all study days
(source: Data Grand Lyon).
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Firstly, using the LISA method, clusters of small errors (LH), underestimation of the model in relation
to the measured values, can be identified on the left bank of the Rhône, in the steep streets of the peninsula
and Vieux Lyon district, and on bridges. Areas with a high value (HL), i.e., an overestimation of the
model, can be observed near the Perrache train station, in the Confluence area, and near the green spaces
of the Tête d’Or park (Figure 17).

Secondly, groupings of the errors of underestimation and overestimation of the air temperature
modelling compared to that measured by the Gi* method are located in areas similar to the LISA. These
recurring areas for statistically low negative z-score values are the steep streets of the peninsula and
Old Lyon and the south of the left bank of the Rhône. The statistically high positive z-score values are
the Perrache train station and Confluence district, the proximity to the green spaces of the Tête d’Or
park and the Morand bridge (Figure 18).

4.4. Limits and Future Research Outlooks

When looking at the positive or negative effects of variables on air temperature, it can be noticed
that some can vary depending on the day being studied. For example, on 22 July 2019, the density of
ground affects the air temperature positively, but on 19 July 2018, it had a negative impact. This is
probably related to the route that differs between the two rides. The 2018 route is almost twice as long
as the 2019 route (Figure 4) and the 2019 route passes through different neighborhoods, especially
with regard to soil characteristics. This would indicate, among other reasons, why the results may
differ depending on the days studied. In addition, the data provided by LiDAR concerning the ground
is of a different nature, such as impermeable concrete or sandy soil for example, and may fluctuate
depending on the routes taken. The same observation can be made for the proximity to metro stations.
The proximity of the subway entrances is a variable that can affect air temperature in opposite ways.
In our own experience, some subway entrances seem to give off fresh air and other entrances seem
to give off warm air. When looking at the overall results of multiple linear regression modelling, it
should be noted that these two variables are not included in the explanation of air temperature for
these reasons.

The number of days processed for this study is one of its limitations. Indeed, only four days were
analyzed. This limited number was partly due to the availability of quality (cloud-free) data from the
Landsat satellite, but also due to the reduced occurrence of similar days in terms of climatic conditions.
Another point of constraint is that modelling only took place in dense urban centers.

Consequently, we can argue on two perspectives: the spatial and temporal scope of this study.
In the first case, it would be interesting to extend the mobile measurements in the periphery, or even
in the rural areas, to be able to model the temperature in any point of the territory and compare the
urban and the outskirts results. Secondly, it would be necessary to extend this analysis not only in
summer, but in all seasons and at different moments of the day and at night, and for different weathers.
Therefore, a global model could be built on observations from all the experimental dates rather than
separating models by date.

In addition, some other data satellites may be used. For example, the use of the Sentinel 2 satellite
with a 10 m resolution may help to increase the model results using sharper spectral indices, like NDVI
or NDBaI.

5. Conclusions

The objective of this study was to identify the most appropriate and efficient regression to model
urban air temperature based on numerous explanatory variables of various natures. The integration of
these predictors in multiple regressions and machine learning method showed very satisfactory results.
In addition, this methodology can be applied in other study area. The proportion of the variance
explained by multiple linear regressions in air temperature modeling for each study day is globally
high, with coefficients of determination ranging from 0.60 to 0.89. The results are even better when the
random forest method is used. Indeed, the average coefficient of determination is 0.95 for a RMSE of
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only 0.17 ◦C and an OOB of 0.05. On the opposite, the PLS regression provides a weaker coefficient of
determination for the separate days.

For all these models, there are recurring dominant variables such as NDVI or surface temperature.
Consequently, the integration of satellite predictors is a definite advantage in urban microclimate
modelling by linear regression model based on mobile air temperature measurements. In this study,
Landsat 8 data were used, but one prospect for improvement would be to use higher resolution
Sentinel data.

When we look at the overall results for all days combined, the same trends emerge. The multiple
linear regression always gives very satisfactory results with an R2 of 0.65 and an RMSE of 1.54 ◦C, on a
par with the PLS regression which shows an R2 of 0.70 and an RMSE of 1.50 ◦C. The global random
forest modelling based on all days, however, proposes superior results with a high R2 of 0.98 and an
RMSE of 0.33 ◦C. This modelling method is therefore the most efficient of the three tested for this study
area and this sample of measurements. However, it is less accessible than the other types of multiple
regressions tested and requires a greater statistical investment.

One of the strengths of this study is also the fact that it is relatively easily applicable to other areas.
The equipment used for mobile measurements is not very expensive. All that is needed is a radiation
shelter, a GPS, and a temperature and relative humidity recorder. All the explanatory variables used in
this study, such as land use area or satellite data, are freely available. GIS and statistical processing
can also be freely available if one wishes to dispense with paying software. From a practical point of
view, the most complicated part of the study remains the mobile field measurements, which are very
time-consuming. Indeed, they have to be synchronized with the passage of Landsat and it is necessary
to have similar and favorable weather conditions, with a completely clear sky and no wind.

The results of this study confirmed the cooling roles played by green areas and water surfaces and
the problems linked to building density without vegetation in the urban overheating issue. In addition,
low vegetation displayed low cooling power, mainly because of an absence of shade compared to the
high vegetation and the low-density vegetation providing little evapotranspiration. This highlights
the real need to use green and blue spaces solutions in order to limit the UHI and improve the
thermal comfort.
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Appendix A. Explanatory Variables Selected to Estimate Fine-Scale Air Temperature

Data

Category

Variables Used for the

Input (Units)

Expected Effect of the

Variable on the Model
Calculation Method Reference

Surface temperature
(◦C)

Positive Single channel algorithm [49,89,121,122]

UTFVI
Urban Thermal Field

Variation Index)
Positive UTFVI = Ts−Tmean

TS
[87,123]

Climatic data

from remote

sensing

Brightness
temperatures (◦C)

Positive Brightness = K2

Ln
( K1

Ls+1

) [124,125]
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Data

Category

Variables Used for the

Input (Units)

Expected Effect of the

Variable on the Model
Calculation Method Reference

NDVI
Normalized Difference

Vegetation Index
Negative NDVI = NIR−RED

NIR+RED [85,126,127]

SAVI
Soil Adjusted

Vegetation Index
Negative SAVI = NIR−RED

NIR+RED+L × (L + 1) [126]

EVI
Enhanced Vegetation

Index
Negative

EVI =
G× NIR−RED

NIR+C1×RED−C2×BLUE+L
[126]

Tasseled Cap
greenness or GVI

Negative

TCT G
= Blue band× coe f Gr + Green band
×coe f Gr + Red band× coe f Gr
+NearIn f rared band× coe f Gr
+SWIR1 band× coe f Gr
+SWIR2 band× coe f Gr

[128]

Density of low
vegetation

Positive

LasTool Software (LasTool:
http://lastools.org/)

Vegetation quantity according to
different buffer size

[46,97]

Density of medium
vegetation

Negative
LasTool Software

Vegetation quantity according to
different buffer size

[46,97]

Vegetation

index

Density of high
vegetation

Negative
LasTool Software

Vegetation quantity according to
different buffer size

[110]

NDWI
Normalized Difference

Water Index
Negative NDWI = Green−NIR

Green+NIR [85,126]
Water

presence

index
MNDWI

Modified Normalized
Difference Water Index

Negative MNDWI = Green−SWIR1
Green+SWIR1 [126]

Tasseled Cap Wetness Negative

TCT W = Blue band× coefWr
+ Green band
× coefWr + Red band
× coefWr
+ NearInfrared band
× coefWr
+ SWIR1 band
× coefWr
+ SWIR2 band
× coefWr

[128]

Moisture

index

NDMI
Normalized Difference

Moisture Index
Negative NDMI = NIR−SWIR1

NIR+SWIR1 [86,88]

NDBaI
Normalized Difference

Bareness Index
Positive NDBaI = SWIR1−TIRS

SWIR1−TIRS [85,126]

BI
Bare Soil Index

Positive BI = (SWIR1+RED)−(NIR+BLUE)
(SWIR1+RED)+(NIR+BLUE)

[126]
Bare soil

index

EBBI
Enhanced Built-Up
and Bareness Index

Positive EBBI = SWIR1−NIR
10
√

SWIR1+TIRS1
[126]
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Data

Category

Variables Used for the

Input (Units)

Expected Effect of the

Variable on the Model
Calculation Method Reference

NDBI
Normalized Difference

Built-Up Index
Positive NDBI = SWIR1−NIR

SWIR1+NIR [85,126]

UI
Urban Index

Positive UI = SWIR2−NIR
SWIR2+NIR [126]

IBI
Index-based Built-Up

Index
Positive IBI =

NDBI− (SAVI+MNDWI)
2

NDBI+ SAVI+MNDWI
2

[126]

Building

index

Building density Positive
LasTool Software

Building quantity according to
different buffer size

[46,97]

Slope (%)
Depending on the

context

From the DEM (RVT 1.3
Software (RVT 1.3: https:
//iaps.zrc-sazu.si/en/rvt#v))

[129,130]

Exposure (◦N)
Depending on the

context
From the DEM (RVT 1.3

Software)
[131]Topographic

Curvature
Depending on the

context
From the DEM (RVT 1.3

Software)
[132,133]

Water area Negative
Water area according to different

buffer size
[134,135]

Distance to fountains Negative
Euclidean distance to nearest

fountain
Distance to subway

entrances
Depending on the

context
Euclidean distance to the
nearest subway entrance

Distance to points of
tourist interest

Negative
Euclidean distance to the

nearest tourist point

Proximity to

land

occupations

Distance to railway
tracks

Positive
Length of the railways

according to different buffer size

Spectral Radiance Negative
Lλ = Lmin(λ) +(

Lmax(λ) − Lmin(λ)

) Qdn
Qmax

[136]

Emissivity Negative ∈= LT
LnT

[137]
Radiation

index

Tasseled Cap
Brightness

Positive

TCT B = Blue band× coe f Br
+Green band
×coe f Br + Red band
×coe f Br
+NearIn f raredband
×coe f Br
+SWIR1 band
×coe f Br
+SWIR2 band
×coe f Br

[128]

Sky View Factor
Depending on the

context
RVT 1.3 Software [16,111,138]

Urban

morphology Variation in building
height

Negative
Standard deviation of the

building height
[97,116,139]
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Abstract: This work presents novel pattern recognition techniques applied on bathymetric data from
two large areas in Eastern Mediterranean. Our objectives are as follows: (a) to demonstrate the
efficiency of this methodology, (b) to highlight the quick and accurate detection of both hydrocarbon
related tectonic lineaments and salt structures affecting seafloor morphology, and (c) to reveal
new structural data in areas poised for hydrocarbon exploration. In our work, we first apply a
multiple filtering and sequential skeletonization scheme inspired by the hysterisis thresholding
technique. In a second stage, we categorize each linear and curvilinear segment on the seafloor
skeleton (medial axis) based on the strength of detection as well as the length, direction, and spatial
distribution. Finally, we compare the seafloor skeleton with ground truth data. As shown in this paper,
the automatic extraction of the bathymetric skeleton allows the interpretation of the most prominent
seafloor morphological features. We focus on the competent tracing of tectonic lineaments, as well
as the effective distinction between seafloor features associated with shallow evaporite movements
and those related to intense tectonic activity. The proposed scheme has low computational demand
and decreases the cost of the marine research because it facilitates the selection of targets prior to
data acquisition.

Keywords: Eastern Mediterranean Sea; multiple filtering; skeletonization; structural interpretation

1. Introduction

Submarine geomorphology studies the landforms (i.e., relief) and processes (tectonic, sedimentary,
oceanographic, and biological) in the submarine realm, many of which comprise renewable and
non-renewable resources in many maritime countries. Resources of importance to such countries
include unique ecosystems, fishery resources, freshwater, aggregates, minerals, ocean-driven energy,
and hydrocarbons [1]. In fact, ocean basins around the world host an extraordinary number of
landforms (mid-ocean ridges, seamount/knoll/guyots, volcanic islands, rift basins, trenches, abyssal
plains) where such resources are usually located. In addition, continental shelves, comprising the
underwater portion of the continent in relatively shallow waters, are rich in marine life, minerals,
and hydrocarbons. Marine geomorphometry deals with the characterization of the seafloor using
geomorphometric techniques in digital bathymetric data, that is, terrain attributes such as slope, aspect,
curvature, roughness, feature extraction, and automatic classification [2,3]. The link between tectonics
and the shape of the ocean floor, as addressed in this work [4–6], is of particular importance to such
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geomorphometric analyses. Tectonic activity is often responsible for the formation of submarine
landforms. However, a certain attenuation of resulting tectonic landscapes is expected as sediments fill
and drape the ocean floor [7]. The degree of attenuation relates to local sedimentation rates, the degree
of geodynamic activity in a certain area (earthquakes, submarine volcanism, seafloor spreading, and so
on), fluid and mass transfers, slope instability processes, and the activity of gravity (gliding) tectonics as
trigger for complex folding and faulting. In addition, evaporite (salt)-bearing basins around the world,
associated with either compressional or extensional tectonic regimes, are one of the most attractive areas
for hydrocarbon exploration. The Mediterranean along with the North Caspian, Mexican, and East
Siberian salt-bearing basins are considered the four super-giants that contain evaporite masses of about
1.5–2.5 mln. km3 each [8].

The automatic extraction of geomorphological features [6,9–18] using the digital elevation model (DEM)
belongs to the techniques of remote sensing (RS) data processing, which enhances knowledge in geology
and geomorphology. Previously published work on the automatic extraction of geomorphological features
used the connectivity tree (topographic change) [9], growing segmentation on DEMs and appropriate
gradient-region growing criteria [10], the classification of continuous topography using taxonomic
criteria (surface texture, slope gradient, and local convexity), and spectral analysis methods allowing
the production of dominant wavelength maps [13]. Automatic detection of mountains, topographic
highs, and volcanos is implemented from the analysis of DEMs, providing geomorphological features
useful for annotation and classification tasks [15,17,18]. The VOLEI method is an unsupervised iterative
method based on volume evolution of isocontours to detect topographic highs and to quantify the terrain’s
morphology using four terrain’s quantitative properties (i.e., orientation, average slope, eccentricity,
and shape complexity [18]). The automatic detection of tectonic lineaments is realized by applying image
processing methods on DEMs and remote sensing images like principal component analysis, filtering,
and Hough transform [19]. The authors of [20,21] developed a quantitative method to recognize geological
faults (strike-slip, dip-slip, and oblique) based on the calculation of the horizontal and vertical curvature
from land DEMs. In addition, in [16], the automatic enhancement and identification of the linear and
curvilinear elements and corresponding to tectonic lineaments/geological faults is implemented via a
filtering technique combined with a graph sampling approach.

In this paper, we use medium- and high-resolution bathymetric data from the Southern Cretan offshore
and the Levantine Basin, to the east and southwest of the Eratosthenes Seamount (Figure 1), to show how
multiple filtering and skeletonization (automatic line-drawing) can contribute to the following:

(a) marine geomorphology/geomorphometrics and further structural studies;
(b) the accurate tracing of tectonic lineaments on the seafloor in large marine areas;
(c) the detection of morphostructures on the seafloor related to shallow evaporite movement known

as halokinesis.

In order to address the previous aims, bathymetric skeletons (medial axes from bathymetric
data) are initially computed based on recently developed multiple filtering and skeletonization
algorithms [6,16,18]. Then, the linear and curvilinear elements of the bathymetric skeleton are
categorized based on criteria such as the strength of detection, their length, direction, and spatial
distribution. Finally, we compare the automatically calculated bathymetric skeleton with ground
truth data. Both case studies (the Southern Cretan offshore and the Levantine Basin, Figure 1) present
bathymetric skeletons that are indicative of active tectonics. In addition, the bathymetric pattern
in the Levantine Basin, southwest of the Eratosthenes Seamount, mostly presents morphological
characteristics related to shallow salt movements (Figure 1).

Evaporites are water-soluble, layered, crystalline sedimentary rocks formed from surface or
near surface brines in areas where high solar evaporation rates prevailed in the geological past [22].
Evaporation of seawater initially produces calcium carbonate (CaCO3) followed by calcium sulfate
in the form of gypsum (CaSO4·2H2O) or anhydrite (CaSO4). The following mineral to form is halite
(NaCl), commonly known as rock salt. Halite presents a low density (2160 kg/m3) and is mechanically
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weak, particularly under heavy overburden loading and high temperatures derived from its progressive
burial. Thus, salt can flow like a visco-elastic fluid, even in cases where geologically strain rates are
rapid [23]. Differential loading induced by gravitational forces, variable thermal conditions, or salt
boundary displacement is the primary force inducing salt movement and usually results in vertical
and lateral spreading or gliding along an inclined substratum [23]. Buried evaporite often manages to
reach shallow depths below the seafloor, giving rise to specific morphological structures and further
lineaments, as shown later in this work. Generally, lineaments are the surface expression of geological
features such as fractures; faults; folds; geological contacts; rivers; streams; and other physiographic
structures showing different origin, size, age, and depth [24–27]. They are important in recognizing
geological structures on Earth’s surface related to the control and distribution of natural and mineral
resources, geohazards, geothermal energy, and earthquakes. Tectonic lineaments relate to tectonic
processes such as faulting and folding and are used in the production of structural maps.

Figure 1. Map of the wide area of Eastern Mediterranean Sea and corresponding distribution of Late
Miocene (Messinian) salt. The data concerning the base map are from the ArcGIS 10 online database.
Black rectangles correspond to the automatic detection of bathymetric structures.The red lines in this
figure show the locations of the seismic reflection profiles shown later in this work where the seafloor is
deformed owing to the presence of underlying salt. Recently, updated maps concerning the distribution
of both Triassic and Messinian salts in the Mediterranean Sea have been presented in previous works [8].

2. Materials and Methods

Medium- and high-resolution bathymetric data, from the open-file database EMODNet (European
Marine Observatory and Data Network [28]) or compiled from various other sources [29–32], were
primarily used in our research. Medium-resolution bathymetry derived from EMODNet comprises a
grid/cell size of 0.25 arc minutes, while high-resolution bathymetry has a grid/cell size of 250 m.

The present methodology (Figure 2) continues the work of [16–18,33,34] that has been partially or in
whole applied in previously published geological and environmental studies [6,35–40]. We summarize
the steps of this methodology as follows:
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2.1. Enhancement of the Seafloor Texture

Firstly, slope and aspect images as well their derivatives are computed. Then, the slope and aspect
images are efficiently combined for the computation of the enhancement image F of seafloor texture
(e.g., lineaments). The enhancement image F is computed as proposed in [16] and tested using onshore
and offshore data [6,35–40].

F(p) = (S2(p) × SS(p) × SA(p))1/4 is calculated based on the slope S(p), the aspect A(p), the first
derivative of the slope SS (p), and the first derivative of the aspect SA(p) at point p (S(p)) of the
topographic surface.

2.2. Multiple Filtering

In the enhancement image F, a step filter G(a,w) is applied, proposed in [34], to decrease noise and
emphasize the linear and curvilinear structures of orientation a and width w.

Ig(a, w) = F(p)∗ G(a, w) (1)

The filter G(a, w) was constrained to be zero mean. In addition, the filter energy is normalized to
one under any orientation and width (filter parameters), so that the responses of different angles and
widths are comparable, respectively.

In order to enhance the curvilinear structures under any orientation and width, the image Im is
computed by getting the maximum of the corresponding pixel values of Ig(a, w).

2.3. Pixel Labeling

The preliminary goal of skeletonization is to classify Im pixels into three classes, C1, C2, and C3,
with label numbers 1, 2, and 3, respectively:

C1: The pixels corresponding to curvilinear structures.
C2: The pixels uncertain to correspond to curvilinear structures. We decide for them in the last

step, based on the other classes’ classification (C1 and C3).
C3: The pixels that do not correspond to curvilinear structures.
The definition of the above classes is based on the hysterisis thresholding technique, which has

been used on edge detection problem [41]. According to hysterisis thresholding, two thresholds,
Tl (low) and Th (high), are used to initially classify the pixels into three classes (C1, C2, and C3).
The advantage of this thresholding type is the exclusion of some connected point groups [42]. In the
proposed scheme, the thresholds Tl and Th are automatically estimated based on the median value of
Im values (Med).

• Tl is given by the mean value of Im values that reveal a value lower than Med.
• Th is given by the mean value of Im values that reveal a value higher than Med.

Let Bi be the image of initial pixel classification into classes C1, C2, and C3 and Im(p) and mv(p) to
denote the value of image Im on pixel p and the median value of the nine pixel-neighborhood of pixel
p in Im, respectively.

1. If Im(p) ≥ Th and Im(p) > mv(p), p is classified to C1, as its value is very high compared with the
image (Im(p) ≥ Th) and with its neighbourhood (Im(p) > mv(p)).

2. Else, if Im(p) ≥ Th or (Im(p) > Tl and Im(p) >mv(p)), p is classified to C2. This is true if the pixel value
is high compared with the image, but it is not high enough compared with its neighbourhood,
or reversely.

3. Otherwise, p is classified to C3.

Finally, a region growing-based method is applied on pixels of C2 class to provide the final pixel
labeling into classes C1 and C3. Let Bf be the image of final pixel classification into classes C1 and C3.
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According to the method, the pixels of C2 class are classified to C1 if they are connected to a pixel of C1;
otherwise, they are classified to C3 class.

Image skeletonization (thin curvilinear structure detection) (Bt) is provided, if we change the
second rule of classification to class C2, removing the case of Im(p) ≥ Th.

Figure 2. Flow-chart illustrating the methodology of the present work.

3. Results

3.1. Automatically Calculated Bathymetric Skeleton

Image skeletonization aims to enhance shape analysis and data interpretation. Figures 3 and 4
illustrate the results of the multiple filtering and skeletonization for both the Southern Cretan offshore
and the area on, east, and southwest of the Eratosthenes Seamount, using the bathymetric data as
input. The output of the multiple filtering approach for the Southern Cretan offshore and the area
on, east, and southwest of the Eratosthenes Seamount is illustrated in Figures 3a and 4a, respectively.
The strong and weak detections are depicted with yellow and blue colors, respectively. Finally, Figures
3b and 4b indicate the outcome of the thin curvilinear structure detection (skeletonization) using colour
lines, projected on the original bathymetric relief. The red lines correspond to strongly detected linear
and curvilinear elements, while the blue lines correspond to weak ones. The texture of the skeleton
and changes in specific segments of the images are shown in Figures 3b and 4b. The differences in the
skeleton texture possibly relate to (a) sedimentation rates, (b) the degree of geodynamic activity in a
certain area, (c) fluid and mass transfers, (d) slope instability processes, and (e) the activity of gravity
(gliding) tectonics. Because of the differences in the skeleton texture, we divided both study areas in
sub-regions (A, B, C and A’, B’, C’), respectively, based on the following criteria:

• The strength of the detection using the color scale shown in Figures 3a and 4a ranging from 0
(blue) to 550 (yellow) with no units;

• The length of lineaments (short, medium, long);
• The direction of lineaments;
• The spatial distribution of the lineaments (sparse, medium, dense).
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Figure 3. Automatic detection of the seafloor skeleton in the Southern Cretan offshore using
medium resolution (0.25 arc minutes) data from EMODNet (European Marine Observatory and Data
Network) [28]. The reference system is WGS84. (a) The output of the multiple filtering approach [34].
Color scale corresponds to the strength of the detection ranging from 0 (blue) to 550 (yellow) with
no units. (b) The skeleton (medial axes) overlain the bathymetric relief. The red lines correspond
to strongly detected linear and curvilinear elements, while the blue lines correspond to weak ones.
On the basis of signal texture (strength of the detection, length, direction, and spatial distribution of the
lineaments), we divided the area into three sub-regions (A, B, and C).
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Figure 4. Automatic detection of the seafloor skeleton in the Levantine Basin (east and southwest of the
Eratosthenes Seamount) using medium resolution (0.25 arc minutes) data from EMODNet (European
Marine Observatory and Data Network) [28] and other sources [29–32]. The reference system is WGS84.
(a) The output of the multiple filtering approach [34]. Color scale corresponds to the strength of the
detection ranging from 0 (blue) to 550 (yellow) with no units. (b) The skeleton (medial axes) overlain
the bathymetric relief. The red lines correspond to strongly detected linear and curvilinear elements,
while the blue lines correspond to weak ones. On the basis of signal texture (strength of the detection,
length, direction, and spatial distribution of the lineaments), we divided the area into three sub-regions
(A’, B’, and C’).
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More specifically, the sub-regions A, B, C and A’, B’, C’ (Figure 3a,b and Figure 4a,b) show the
following characteristics taking into account the above criteria:

• Sub-region A: Located in the Southern Cretan offshore (Ptolemy and Pliny Trenches including
Gavdos high), characterized by medium to long in length and medium to sparse distributed
lineaments generally trending NE–SW, NW–SE, and E–W, which present high detection strength
(Figure 3a,b).

• Sub-region B: Located in the Southern Cretan offshore (Strabo Trench and the region west of
Gavdos high) characterized by short to medium in length and medium to dense distributed
lineaments trending to all directions (Figure 3a,b). The lineaments in the southeastern part of
sub-region B present high detection strength, while those in the southwestern part of sub-region B
present low detection strength (Figure 3a).

• Sub-region C: Located in the Southern Cretan offshore (Mediterranean Ridge) characterized by
medium to long in length and medium to sparse distributed lineaments. Lineaments, close
to the limit with sub-regions B and C, present similar orientation with this limit (Figure 3a,b).
In addition, the lineaments near to the limit with sub-regions B and C present high detection
strength (Figure 3a). The lineaments away from the limit with sub-regions B and C are generally
short in length, medium to sparse distributed, and show no prevailing orientation (Figure 3a,b).

• Sub-region A’: Located on and west of the Eratosthenes Seamount characterized by (a) the presence
of strong detected E–W trending, medium to long in length, and medium to sparse distributed
lineaments on the Eratosthenes Seamount; and (b) very few, weak detected lineaments west of the
Eratosthenes Seamount (Figure 4a,b).

• Sub-region B’: Located southwest of the Eratosthenes Seamount characterized by (a) strong
detected, NE–SW trending lineaments intersected by a group of NW–SE trending lineaments,
both long in length and sparse distributed; and (b) medium to weak detected lineaments with no
prevailing orientation that are short in length and sparse to medium distributed (Figure 4a,b).

• Sub-region C’: Located east and southeast of the Eratosthenes Seamount characterized by generally
weak detected, short in length and medium to sparse distributed lineaments that generally trend
E–W to NW–SE (Figure 4a,b).

3.2. Comparison with Ground Truth Data

In Figure 5a,b, we present the comparison of the automatically calculated bathymetric skeleton
with ground truth data for two selected areas. A significant part of the linear and curvilinear elements
of the bathymetric skeleton is expected to correspond to tectonic lineaments, as both areas are strongly
influenced by intense geodynamic activity related to different mechanisms.
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Figure 5. Comparison of the automatically detected linear and curvilinear elements with ground truth
data. The red lines correspond to strongly detected linear and curvilinear elements, while the blue lines
correspond to weak ones. Red arrows show the linear and curvilinear elements corresponding to strong
automatic detection and they are in full agreement with previously reported geological faults in (a)
the wide area of Gavdos Rise in South Crete [43–45] and (b) southwest of the Eratosthenes Seamount.
Areas indicated by the closed green line are possibly affected by shallow salt movements [46–48].
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The seafloor topography of the Southern Cretan Margin is strongly associated with transtensional
movements in the upper 10–15 km of the crust, while transpression prevails below these depths [43].
Small-scale domes due to Messinian evaporitic intrusions may locally deform the recent stratigraphic
successions (Pliocene–Quaternary) of the Southern Cretan Margin. Specifically, Figure 5a presents
the automatically detected linear and curvilinear elements for the wide area of Gavdos Rise in South
Crete. The red arrows show the most prominent automatically detected tectonic lineaments related to
already reported geological faults [43–45]. Figure 6a,b present in more detail how we implemented the
validation of the automatically detected tectonic lineaments. This figure resulted from the overlay
of the geological faults (in red) [43–45] with the automatically detected skeleton. According to our
previous work [16], the proposed method with linear patterns selection algorithm (LPSA) yields
approximately 75% of the automatic detected lineaments to coincide either in location or in direction
with the geological faults from ground truth data. The methodology in this work yields approximately
85% of the geological faults (thick red lines) to coincide in both location (less than 0.5 arc-minutes) and
direction (less than 10 degrees) with the corresponding part of the bathymetric skeleton, meaning that
the recall of the proposed method is about 85% (Figure 6b). Thus, there is a strong correlation between
the automatically detected tectonic lineaments from the bathymetric skeleton (Figure 6) and those
reported from previous studies [43–45]. In addition, a significant amount of information concerning
the presence of additional tectonic lineaments is shown in Figure 5a, possibly related to primary or
secondary fracture systems that should be investigated in the future.

Figure 6. An example showing the comparison of the (a) automatically detected linear and curvilinear
elements from the western part of Gavdos Rise in South Crete with (b) geological faults (thick red
lines) from previous research [43–45] and references therein. The yellow ellipsis indicates areas of
canyons [45].

The deformation of the area southwest of the Eratosthenes Seamount is mostly driven by salt
tectonics related to the presence of underlying thick Messinian evaporites triggering processes of
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regional gravity spreading and gliding [46]. Specifically, the authors of [46], based on seismic and
swath bathymetric data for this area, reported the presence of basins anchored within pre-Messinian
sequences. This is because of massive salt removal and displacement of the salt/sediment system
to areas with smoother slopes. Two examples of such areas, indicated by green line, are shown in
Figure 5b. These areas (Figure 5b) are limited by distinctive, linear or curvilinear, continuous, strongly
detected lineaments that probably correspond to large-scale geological faults [46,47]. In addition,
these areas enclose curved morphological structures, whose distribution and morphology refer to salt
flow. This argument is based on the correlation of the lineaments in these two areas (Figure 5b) with
the seafloor morphology reported by [6,47,48]. In addition, the authors of [48] reported that, for the
Central Red Sea, strongly influenced by salt flow, the morphology of the sedimentary cover on top
of the moving salt often includes downslope ridges and troughs, along-slope ridges, areas of rough
topography, as well as step like morphology at the flow fronts. The formation of brines in several
deeps is the result of the dissolution of the Miocene evaporites upper part, and this can explain the
irregular seafloor topography (vertical relief) close to the flow fronts [48]. While the origin of the
downslope and along-slope ridges observed on the proposed salt flows cannot be definitely solved,
their striking morphological similarity, where present, with features observed on ice glaciers or related
to submarine mass movement indicates that sediment flow actually takes place near the Red Sea central
trough [48]. In this work, we used the findings of [46–48] to interpret and further demonstrate how the
automatically detected skeleton can assist the detection of shallow salt movements strongly related to
potentially hydrocarbon-rich areas such as the wide area southwest of the Eratosthenes Seamount.

4. Discussion

4.1. Seafloor Deformation due to Halokinesis and Tectonism

The term “halokinesis” is used for autonomous salt movements due to heterogeneous density
stratification in the crust [49,50]. The Mediterranean Basin is considered as the largest intracontinental
deep-water basin bordered by Europe and Afro-Arabia, being one the world’s largest salt-bearing super
giants (Figure 1). Two main salt geological intervals occur in the Mediterranean Basin; Triassic-Lower
Jurassic salt and Upper Miocene (Messinian) salt (see Figures 8.5, 8.7, and 8.8 in [8]). Examples of
seismic reflection (i.e., the most reliable ground truth method for imaging earth’s crust), showing
overburden and related seafloor deformation due to halokinesis, are shown in Figure 7. Figure 7a,b
present migrated seismic sections from line ION-7 crossing the Ionian Basin [51], corresponding to both
intrusions of Messinian and Triassic evaporites. Figure 7a images the seafloor and underlying strata in
the Ionian Abyssal Plain to reveal that Messinian salt deforms the overlying Pliocene-Quaternary strata.
This kind of morphology is the so-called ‘cobblestone’ morphology [52,53]. The term ‘cobblestone’
morphology is used when recognizing small-scale, topographic bathymetric features with short
wavelengths, a pattern primarily associated with small scale, diapiric movements. Figure 7b presents
the seafloor deformation due to diapiric movements of Triassic evaporites in the hanging-wall anticlines
of pre-existing thrusts [51,54,55]. Seafloor deformation due to the diapiric movements of Triassic
evaporites is clearly characterized by larger scale topographic highs compared with the deformation
due to the diapiric movements of the Messinian salts. Figure 7c shows an example from Southern
Crete (Ptolemy Trough), where the seafloor is only slightly deformed as a result of halokinesis [43].
In Figure 7d, very moderate seafloor deformation in the form of small-scale ridges and troughs is
visible in the NE–SW trending profile located SW of the Eratosthenes Seamount [56]. At this point,
we point out that the deformation of the Pliocene-Pleistocene sequence overlying the Messinian salt in
salt-rich basins around the Eratosthenes Seamount in the Eastern Mediterranean has been confirmed
by abundant studies over many decades [46–48,56–77].
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Figure 7. Seismic reflection profiles highlighting the styles of seafloor deformation due to the presence
of underlying salt—see red rectangles. TWT corresponds to two way travel time. The locations of the
seismic reflection sections are shown in Figure 1. These high-resolution 2D profiles image Messinian salt
(a) in the Ionian Abyssal Plain, together with underlying Triassic evaporites; (b) around the Kefallinia
Diapir [51]; (c) N–S trending high-resolution 2D profile from the Ptolemy trough, Southern Crete
(Greece), imaging very moderate deformation of the seafloor owing to halokinesis [43]; (d) NE–SW
trending high-resolution 2D profile located SW of the Eratosthenes Seamount revealing the presence of
Messinian salt in the Levantine Basin [56].

The bathymetric pattern related to salt presents distinct differences when compared with the
bathymetric pattern related to intense tectonic activity. In [6], a comparison of the bathymetric patterns
on and north of the Eratosthenes Seamount in Eastern Mediterranean proved that the present seafloor
morphology north of Eratosthenes Seamount relates to shallow salt movements, creating a chaotic
pattern. On the contrary, the bathymetric pattern on the Eratosthenes Seamount relates to the action of
E–W trending geological faults. Going one step forward in this work, we apply multiple filtering and
skeletonization to (a) correlate the automatically detected pattern of Gavdos Rise in Southern Crete
with ground truth data (Figures 5a and 6) and (b) detect patterns related to shallow salt movements
southwest of the Eratosthenes Seamount (Figure 5b). Taking into account [6] and the present work,
we report the following:

• Well-distinguished groups of lineaments trending to specific directions (Figures 5a and 6) characterize
the bathymetric pattern related to areas mostly affected by tectonism. The detection strength of the
lineaments for these groups is generally high (red and yellow colors in Figures 3a and 6);

• Morphostructures on the seafloor related to shallow salt movement (halokinesis) are recognized
based on flow like characteristics such as (a) irregular seafloor topography, (b) downslope ridges
and troughs, (c) presence of flow lobes (d) along-slope ridges and areas of rough topography,
and (e) steplike morphology. In addition, areas with seafloor related to salt movements may be
limited by distinctive, linear or curvilinear, continuous, long, and strongly detected lineaments
that probably correspond to large-scale geological faults (Figure 5b, area indicated by green line).
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Considerable work on the automatic extraction of geological lineaments has been published in the
last years. The authors of [19] developed an algorithm that is based on tensor voting coupled Hough
transform, aiming to extract geological lineaments from DEM and Landsat 8 OLI for the Loess areas
in Baoji, China. Later, the authors of [78] proved that the extraction of lineaments is affected by the
differences in the vertical accuracy. Specifically, the number of extracted lineaments as well as their
length and density increase when the accuracy of the DEM increases. Recently, the authors of [79]
managed to extract geological lineaments for a mine area in China based on wavelet edge detection
and tracking by hillshade. However, all three previously mentioned works used land DEMs in the
experimental phase supported by an abundance of ground truth data to validate their results. On the
contrary, the present work used marine DEMs of considerably large areas in Eastern Mediterranean
with limited ground truth data and not of very high resolution. However, multiple filtering and
skeletonization seem to be effective for the automatic extraction of tectonic lineaments and salt-related
morphostructures in bathymetric data even when bathymetric data are not of very high accuracy.

4.2. The Contribution of Multiple Filtering and Skeletonization in Marine Geology and Geophysics

Multiple filtering and skeletonization present a wide application on different problems of computer
vision and pattern recognition with significant real-world applications in remote sensing [19,34,78–81],
security [82], medicine [83], and computer graphics [84], especially for the identification and modelling
of structures. Thus, these techniques, as previously shown, can significantly assist the interpretation
of bathymetric and geophysical images to recognize seafloor and further subsurface structures.
Specifically, multiple filtering and skeletonization can be applied in the following ways:

• prior to marine mapping at the stage where already available digitized data are reprocessed and
evaluated, aiming to accurately specify the research targets and reduce the time and financial cost
of the entire marine research;

• in digital bathymetric data acquired through remote sensing techniques or marine surveying.

The combination of multiple filtering and skeletonization techniques to identify tectonic lineaments
and patterns related to evaporite movements with seafloor expression presents several advantages:

• Both are fast and simple methods with linear computational complexity concerning the image
area, yielding high accuracy detections, as shown in Figures 3–6 of Section 3.

• Multiple filtering is scale and orientation invariant [78].
• The skeleton accurately reflects the shape of the original image, preserving the topological

properties (homotopy) and symmetry of the object. It holds that the stability of these methods is
connected to the data quality (Figures 3–5).

• Automatic identification does not require any ground truth data or training process as the popular
deep learning (neural networks)-based methods [85], which cannot be applied in most of the
cases, owing to unavailable or very limited ground truth data.

• The detection strength, the length, the direction of lineaments, as well as their spatial distribution
are robust criteria for their sorting and further geological interpretation.

The only drawback of the proposed scheme is some possible false detections after the
skeletonization process, as skeletonization is sensitive to minor boundary deformations and image
noise. Some of them can be automatically removed via skeleton pruning [86], if they concern skeleton
parts of well-detected medial axes. In addition, segments with unpredictable and irregular orientation
can be automatically detected as outliers, if we compare their orientation with the orientation of the
other detected medial axes in a neighborhood. This part can be also included in our future work.

5. Conclusions

This work demonstrates a fast and effective methodology of bathymetric analysis based on
image multiple filtering and skeletonization. The experimental results with bathymetric data from
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the Southern Cretan offshore and the Levantine Basin (on, east, and southwest of the Eratosthenes
Seamount) and comparison with ground truth data indicate the reliable, time-effective, and cost-effective
performance of the proposed scheme. As a conclusion:

• The skeleton, provided by the application of the present scheme, preserves the shape and symmetry
of the original lineaments. In addition, the tracing of the lineaments is accurate, taking into account
their location, direction, and spatial extend. Obviously, the accuracy of lineaments automatic
extraction depends on DEM’s accuracy.

• Multiple filtering and skeletonization are independent in training process, so it works even in
cases of limited ground truth data.

• Robust criteria, such as the strength of the detection, the length, the direction, the spatial
distribution, and/or density of the lineaments, are valuable for the interpretation of the bathymetric
patterns. Consequently, either seafloor morphology related with intense tectonic activity or
evaporite movements with seafloor expression can be recognized and further interpreted to assist
the structural analysis of potentially hydrocarbon-rich areas.

Ongoing work targets (a) the automatic erasing of false detections and the combination of this
method with deep learning when more ground data are available, and (b) the prediction of possible
natural gas or oil deposits in combination with related datasets.
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Abstract: There is an urgent need for holistic tools to assess the health impacts of climate change
mitigation and adaptation policies relating to increasing public green spaces. Urban vegetation
provides numerous ecosystem services on a local scale and is therefore a potential adaptation strategy
that can be used in an era of global warming to offset the increasing impacts of human activity on
urban environments. In this study, we propose a set of urban green ecological metrics that can be
used to evaluate urban green ecosystem services. The metrics were derived from two complementary
surveys: a traditional remote sensing survey of multispectral images and Laser Imaging Detection
and Ranging (LiDAR) data, and a survey using proximate sensing through images made available by
the Google Street View database. In accordance with previous studies, two classes of metrics were
calculated: greenery at lower and higher elevations than building facades. In the last phase of the
work, the metrics were applied to city blocks, and a spatially constrained clustering methodology was
employed. Homogeneous areas were identified in relation to the urban greenery characteristics. The
proposed methodology represents the development of a geographic information system that can be
used by public administrators and urban green designers to create and maintain urban public forests.

Keywords: urban forest; landscape metrics; LiDAR; aerial images; street view images; semantic
segmentation; convolutional neural network (CNN); spatial clustering

1. Introduction

Holistic tools to assess the health impacts from climate change mitigation/adaptation policies
enacted to increase the amount of public green spaces are urgently needed. Urban vegetation provides
numerous ecosystem services on a local scale and is therefore a potential adaptation strategy that can
be monopolized in the era of global warming, and it can also offset the increasing impacts of human
activity on the urban environment.

In this respect, on their review on health and climate relating to ecosystem services provided by
street trees in an urban environment, Salmon et al. [1] stated that, “Our review, in agreement with other
papers in the ecosystem services (ESS) literature...has also highlighted the importance of scale when
determining the effect of trees on climate and health. Whilst much of the research to date has focused
on the regional and urban scale effects of vegetation on climate and health, it is much less clear what
the impacts of street trees are at local scales where the result of the intervention is most clearly felt”.

On a local scale, the presence of street trees can modify indoor temperatures by shading buildings
and can significantly reduce the risk of indoor overheating [2]. An empirical study [3] conducted on a
project scale using direct measurements obtained with an infrared camera showed that the degree of
foliage shading from rows of trees on building facades may decrease surface temperatures by up to
9 ◦C.
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Streiling and Matzarakis [4] found that clustering trees into lines or small groups interspersed
with open areas can help reduce the radiative load, provide shade, and allow long-wave cooling at
night. Growing large and broad trees with dense canopies can be considered in streets that have a low
height/width ratio, while taller narrower trees can be grown in streets that have a high height/width
ratio [5]. On a local scale, the characteristics of tree canopy, tree density, and proximity to other urban
structures influence the ability of plants to remove pollutants [6,7] Nilsson et al. [8] showed that in the
ecosystem service of traffic noise attenuation, the urban green characteristics on a local scale (depth,
width, and stem diameter of a tree belt) play a fundamental role. In addition, with respect to cultural
ecosystem services, a laboratory psychometric study was conducted in which three-dimensional (3D)
videos produced in a laboratory contained urban green coverage at eye level ranging from 0% to
70%: videos that contained a higher level of public greenery elicited a greater self-reported stress
reduction [9].

To transpose the results of previous research to other cities, specific ecological metrics on a local
scale are needed, and a combination of traditional remote sensing and so-called “proximate sensing”
appears to be a good candidate in this respect. The traditional field of remote sensing uses overhead
images of distant scenes to derive geographic information, and proximate sensing uses ground-level
images of objects and scenes that are nearby [10].

When classifying land cover, urban tree cover has traditionally been quantified using long-range,
remotely-sensed image processing, such as satellite imagery (LANDSAT), ortho-aerial photographs or,
more recently, Laser Imaging Detection and Ranging (LiDAR) [11,12], or by employing data derived
from field surveys [13]. Therefore, although the ecological metrics calculated from remote images can
be useful to quantify some ecosystem services, they are not applicable for assessing ecosystem services
that depend on street-level urban greening measures. Earth observation data, such as multispectral
satellite images, have long been used to classify green open spaces in cities. Despite the large increase
in spatial resolution, urban green classification from aerial images is still considered a difficult task,
since only the upper part of plants can be captured from the nadir’s point of view. For this reason,
high resolution satellite images are useful for classifying urban green with a wide spatial extension,
such as urban forests, green parks and gardens, but they are not efficient for urban green scattered or
in rows. In fact, the lack of detail at ground level makes it difficult to detect the characteristics deriving
from the shape of the foliage of the plants. Therefore, the urban green classification at street level
is still based on a labor-intensive territorial survey, which is inefficient and expensive. Fortunately,
the growing accessibility to different geo-tagged data sources allows to merge remote sensing images
with data of different modalities and observations. For example, Google Street View (GSV) offers users
street-level panoramic images captured in thousands of cities around the world, which allows you to
observe street scenes in big cities and thus provides instant detection capabilities and detail at the level
of the soil that lack in aerial imagery. Recently, Li et al. [14,15] developed a novel Google Street View
(GSV)-based method to study the distribution of street greenery. Unlike green metrics derived from
remotely-sensed data, the GSV-based method quantifies street greenery using a perspective from the
ground, which better represents the distribution of street greenery projected on building facades or on
street pavements. The aims of previous work have been to analyze the relationship between perceived
safety and green vegetation characteristics [14,16], quantify the sky view factor (SVF) from street-level
imagery, and to assess environmental inequalities in terms of different types of urban greenery [17].

The aim of this current study is to create a general-purpose set of ecological metrics by combining
remote sensing and proximate sensing (Street View) approaches with data retrieved from GSV, to
quantify urban forest ecosystem services and provide a widely transferable methodology. In this
respect, remote sensing metrics were calculated by combining high-resolution multispectral images
and LiDAR data to produce indices at different altitudes with respect to the ground. The ecological
metrics from proximate sensing were then calculated by semantic segmentation using pretrained deep
neural networks. To estimate the validity of this approach, a set of ecological metrics was used to
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classify contiguous homogeneous areas of a city through a spatial clustering algorithm [18,19]. Figure 1
presents a diagram of the workflow.

Figure 1. Workflow diagram.

2. Materials and Methods

2.1. Study Area and Data Sources

2.1.1. Study Area

Our research was conducted in the city of Viareggio in northern Tuscany, Italy. The study area
has boundary coordinates (datum WGS84, projection Universal Transverse of Mercator (UTM), zone
32) Nord min = 598,681, Nord max = 601,019, East min = 4,857,573, East max = 4,860,971, and mean
latitude = 43.87911◦ N.

Viareggio has a population of over 62,000 and is a seaside tourist town on the coast of the Ligurian
Sea. It is characterized by orthogonal streets that form rectangular blocks, and the building types are
terraced houses (with one or two floors), villas, and hotels. Urban greenery is widespread throughout
the city, but it has different typologies. In the northern area, there is a greater percentage of greenery
(hedges and rows of large trees higher than the facades of buildings), and in the southern area, small
trees are spaced further apart and are at a lower height than the facades of buildings (Figure 2).
The perimeter of the study area is defined by both natural and artificial borders: in the north, east,
south, and west are the Fosso dell ‘Abate waterway, the railway, the Burlamacco canal, and the Ligurian
Sea, respectively.

The study area covers an area of 3,555,104 square meters with 768,434 square meters of urban
green and the remaining part by artificial surfaces.
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Figure 2. Study Area.

2.1.2. Data Sources

The input data were both cartographic information and remote sensing data. Remote sensing
data were downloaded from a database of the Tuscan region, and vegetation cover data were obtained
from photogrammetric processing of seven aerial multispectral frames (four bands: red, green and
blue + near infrared regions (NIR) acquired on October 2013 using an UltraCam Xp (Vexcel) digital
metric camera (resolution of 0.2 × 0.2 m). UltraCam Xp simultaneously collects light from five different
spectral bands. The spectral sensitivity of red, green, blue, and near infrared and the panchromatic
channel from 410 nm to 690 nm, RED from 580 nm to 700 nm, GREEN from 480 nm to 630 nm, BLUE
from 410 nm to 570 nm, and NIR from 690 nm to 1000 nm.

The heights of vegetation and buildings were derived from 9 LiDAR image on 2006 (resolution
of 1 × 1 m). The LiDAR data were provided by the Italian Ministry of the Environment, Land, and
Sea. The points acquired from this survey have an altimetric accuracy of ±15 cm and a planimetric
accuracy is ±30 cm. In this work, the data available by the geographical portal of the Tuscan region
with a resolution of 1 × 1 m were used. That resolution was considered satisfactory for the objectives
of the work. If necessary, however, the proposed method could therefore also be applied to more
detailed scales.

The other cartographic data were derived from a topographic regional database in 2013 with detail
on a scale of 1:2000. All the input raster (multispectral images and city blocks raster) were aligned at a
1 × 1 m resolution using the nearest neighbor algorithm.

2.1.3. The City Block

In this work, the reference cartographic element is the city block, as it is the central element
of urban planning and urban design, and the basic building block of an urban city. We analyzed
vegetation within city blocks. According to the Oxford Dictionary definition, a city block is the smallest
area that is surrounded by four streets, usually containing several buildings and vegetation, and urban
block boundaries are frequently used to define units for extracting metrics from remotely-sensed
data [20]. In according to the definition of Oxford Dictionary, a city block is the smallest area that is
surrounded by four streets, usually containing several buildings and vegetation. The blocks were
obtained by clipping the study area using OpenStreetMap roads.
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2.2. Proximate Sensing Landscape Metrics

2.2.1. Google Street View (GSV) Images Collection

Leung and Newsam use the term “Proximate Sensing” to describe a more comprehensive
framework that uses ground level images of nearby objects and scenes to automatically map
what-is-where on the surface of the Earth, similar to how remote sensing uses overhead images [21].
In this study, we used GSV images downloaded using the GSV static imageApplication programming
interface API.

By specifying different parameters in the API, users can download GSV images with different
fields of view, heading angles, and pitch angles. In this respect, heading indicates the compass heading
of the camera, (heading values range from 0 to 360), pitch specifies the up or down angle of the camera
relative to the street view vehicle, and the field of view determines the horizontal field view of the
image. These parameters were used to define the ecological metrics of the streetscape.

According to literature, the ecological services of urban green areas are linked to two effects: the
shading of foliage on the facades of buildings and the coverage of the sky view of the street [1,3–5,7].
For this reason, we defined two ecological metrics as follows: the percentage of green cover on facades
(GCF), which is defined as Equation (1):

GCF =

(∑number o f pixels classi f ied a street inside FOV f acades∑
total number o f pixels inside FOV f acades

)
, (1)

And percentage of green cover on sky view of the street (GCS), which is defined as Equation (2):

GCS =

(∑number o f pixels classi f ied a street inside FOVsky∑
total number o f pixels inside FOVsky

)
. (2)

where FOVfacades and FOVsky are the field of view of the image of the facades of buildings and the field
of view of the sky view of the street respectively, and l and r are the left and right sides of the street.

Images from all image collection points along city roads were downloaded every 15 m along
each roadway, although there were no data for some GSV sampling points, road segments, and
areas of the city for various reasons (such as corrupt or missing data or areas with no-coverage).
Notwithstanding those instances, the sampling regime covered the full extent of the cities’ official
boundaries. Four ecological metrics can be extracted for each GSV sampling point: two for the right
side and two for the left side.

The following methodology was used to define the parameters necessary for extracting the
four GSV images: first, we linked the distances of headings and heights relative to the buildings
on the right and left with the GSV sampling points. The buildings’ heights were calculated using
a map overlay operation between LiDAR geodata and the building layer of the Open Street Map
geodatabase. The procedure used to link the geometric parameters of the streetscape (headings,
heights, and distances) with the GSV sampling points (Figure 3a) was conducted using Geographic
Resources Analysis Support System GRASS software and is available as supplementary material (file
grassProcedure.txt). The FOVfacades and the FOVsky were then calculated using the following formula
(Figure 3b), respectively:

FOVl,r
f acade = 2· tan−1

(
hl,r

f acades−hgoogle

ll,rstreet

)

FOVl,r
sky = 90− FOVl,r

f acade

(3)

Finally, the pitch angles relative to the two metrics were obtained using the following:

pitchl,r
f acade = 0

pitchl,r
sky =

FOVl,r
f acade

2 +
FOVl,r

sky
2

. (4)
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Each digital photograph (red-green-blue color channel jpeg image) was acquired from the GSV
API at a resolution of 400 by 400 pixels. The images were downloaded via the “Googleway” library
using the statistical software, R. The procedure used is available as supplementary material (file
R_procedure.R).

 
Figure 3. Sampling procedure: (a) sampling points, (b) Pitch and Field of View (FOV).

2.2.2. Image Segmentation

We estimated the total area covered by trees in each image by applying semantic segmentation
using deep learning [22]. A semantic segmentation network classifies every pixel in an image, which
results in an image segmented by class. In this phase of the work, we used the pre-trained network
of Matrix Laboratory MATLAB software based on the Deeplabv3+ network, which is one type of
convolutional neural network (CNN) designed for semantic image segmentation [23], with weights
initialized by a pre-trained ResNet-18 network. ResNet-18 is an efficient network that is well suited
to applications that have limited computing resources. The network was trained using the CamVid
dataset [24] from the University of Cambridge, which is a collection of images containing street-level
views obtained while driving, and it provides pixel-level labels for 32 semantic classes including car,
pedestrian, and road. To make the training easier, the 32 original classes in CamVid were grouped into
11 classes as follows: “Sky”, “Building”, “Pole”, “Road”, “Pavement”, “Tree”, “SignSymbol”, “Fence”,
“Car”, “Pedestrian”, and “Cyclist”.
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To validate the network, we extracted 200 random images from those downloaded with Street View
API, manually segmented them, and then used them as a validation set to evaluate the performances
of the pretrained network. Deeplab v3+ is trained using 60% of the images from the dataset. The rest
of the images are split evenly in 20% and 20% for validation and testing, respectively.

2.3. Remote Sensing Landscape Metrics

The remote sensing data were used to obtain the coverage and height of vegetation. The urban
vegetation coverage was identified through an analysis of the normalized difference vegetation index
(NDVI). As reported in the literature [25,26], since only healthy vegetation was included in the study, it
was extracted with respect to the NDVI having a value greater than or equal to 0.2. The result was
presented as a Boolean map with a resolution of 1 m (which is similar to LiDAR data), in which the
value of 0 indicates an absence of vegetation, while a value of 1 indicates the presence of vegetation.

Since the urban green area can be characterized by various types of vegetation with differing
heights, shapes, and ecological functions, we distinguished two types according to the average height
value of the buildings in each city block. To obtain the height of the vegetation, we overlaid the NDVI
binary and normalized digital surface model (nDSM) generated from LIDAR data, which provided a
raster map divided into two height classes (Figure 4): the first class is green cover on facades, and is
represented by a value less than (or equal to) the average height of the buildings, and the second is
green cover seen on a sky view, and is represented by the average value of the height of the buildings.

 
Figure 4. Urban green map classification.

The results were spatialized on the rasterized city blocks, as they are the central elements of urban
planning and urban design on which the landscape metrics were calculated. As we considered that
the ecological characteristics of urban greenery depend not only on the overall surface coverage, but
also on the shape and distribution of vegetation within city blocks, we identified homogeneous city
blocks through the use of landscape metrics. The metrics we used were the percentage of landscape
(PLAND) and edge density (ED), which were normalized for the area. All metrics was calculated using
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Fragstats 4.2 software. We chose PLAND because the city blocks had different dimensions, while ED
is an important ecological parameter and many urban green benefits (such as pollution abatement,
acting as an acoustic barrier, and being aesthetically pleasing) depend on the linear development and
distribution of vegetation rather than its surface attributes [27–29].

Similar to the metrics derived from proximate sensing, the urban green metrics obtained from
remote sensing were also calculated by classifying urban greenery into two classes through a map
overlay operation between LiDAR and NDVI data. The two classes are: below the height of the block
buildings and above the height of block buildings.

PLAND enables the percentage plant cover in each city block to be determined using the following
calculation:

PLANDi =

∑n
j=1 aij

A
(5)

where PLANDi is the proportion of the landscape occupied by a patch type (class), i (below or over the
height of buildings), aij is the area of patch i, j, and A is the total landscape area.

The EDi metric enabled the compactness and distribution of the vegetation of each block to be
determined using the following calculation:

EDi =
m∑

k=1

eik (6)

where eik is the total length (m) of the landscape edge involving patch type (class), i, and includes the
landscape boundary and background segments involving patch type i.

Spatial Clustering

As the ecological and visual characteristics of a city are manifested on a larger scale than that of a
city block, it was necessary to create homogeneous areas by clustering city blocks based on their urban
greenery characteristics.

As traditional clustering procedures do not consider the spatial relation between the geometries [30],
we used a spatially bound geographic clustering procedure that grouped the territorial area objects
into homogeneous contiguous regions [31].

Regionalization with dynamically constrained agglomerative clustering and partitioning
(REDCAP) is a new method of spatial clustering and regionalization that was presented by Guo [32].
It is essentially based on a group of six methods for regionalization that are composed using a
combination of three agglomerative clustering methods (single linkage clustering, SLK, average linkage
clustering, AVG, and complete linkage clustering, CLK) and two different spatial constraining strategies:
first-order constraining and full-order constraining [32]. The work of Guo [32] describes the technical
and computational details of these six methods of regionalization, but we briefly describe here the
theoretical context in which REDCAP is collocated, how it works in the case, and how it is applied in
our analysis, of the AVG full-order method. The analysis is based on a contiguity matrix and a set of
constrained strategies that drive the agglomerative clustering method. The average linkage clustering
(ALK) defines the distance between two clusters as the average dissimilarity between all cross-cluster
pairs of data points:

dALK(L, M) =
1
|L||M|

∑
u∈L

∑
u∈M

duv (7)

where |L| and |M| are the number of data points in clusters L and M, respectively, u ∈ L and v ∈M are
two data points, and duv is the dissimilarity between u and v.

The merging process incorporates the contiguity constraints using the full-order constraining
strategy [32]. Contiguity-constrained agglomerative clustering requires that two clusters cannot
be merged if they are not spatially contiguous, and this is the differential element between classic
spatial clustering and regionalization. A full-order constraining strategy includes all edges in the
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clustering process, and the distance between two clusters is defined over all edges. This strategy is
dynamic because it updates the contiguity matrix after each merge to track all edges which connect
two different clusters.

3. Results

3.1. Image Segmentation

Using the Googleway library, we downloaded 14,542 geo-tagged images relating to 3638 sampling
points acquired in 2018. Figure 5 shows the sampling points (Figure 5a) and some typical examples of
the segmentation process (Figure 5b). The results shown in Table 1 show an overall accuracy of 89%
and an accuracy of 83% for the tree classes.

 
Figure 5. (a) Sampling points and (b) segmentation samples.

Table 1. Confusion matrix for network validation.

Sky Building Pole Road Pavemnt Tree Sign. Fence Car Pedestrian Bicyclist.

Sky 0.94 0.01 0.02 0.00 0.00 0.04 0.00 0.00 0.00 0.00 0.00
Building 0.01 0.80 0.07 0.00 0.01 0.02 0.05 0.02 0.01 0.01 0.00

Pole 0.01 0.07 0.77 0.00 0.01 0.03 0.05 0.03 0.01 0.02 0.00
Road 0.00 0.00 0.00 0.94 0.04 0.00 0.00 0.00 0.01 0.00 0.00

Pavement 0.00 0.01 0.01 0.02 0.93 0.00 0.00 0.01 0.01 0.01 0.00
Tree 0.02 0.02 0.03 0.00 0.00 0.88 0.01 0.03 0.00 0.00 0.00

SignSymbol 0.00 0.04 0.05 0.00 0.00 0.01 0.88 0.01 0.01 0.00 0.00
Fence 0.00 0.01 0.02 0.00 0.00 0.01 0.00 0.93 0.01 0.01 0.00
Car 0.00 0.00 0.01 0.00 0.00 0.00 0.01 0.02 0.91 0.03 0.01

Pedestrian 0.00 0.02 0.02 0.00 0.01 0.00 0.00 0.01 0.02 0.90 0.01
Bicyclist 0.00 0.00 0.01 0.00 0.01 0.00 0.00 0.00 0.01 0.02 0.95

Figure 6 shows the receiver operation curves (ROC) curves and the values of the area under the
ROC curve (AUC) for the different classes calculated by means of a sub-sample of 50 images. The area
under the curve for all the four class is very large indicating the high accuracy of the algorithm.
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Figure 6. Left: receiver operation characteristics (ROC) curves obtained for DeepLabV3+ architecture
for semantic segmentation. Zoomed view of the selected area is shows in the right figure. Area under
the curve (AUC) values for each method is reported in the legend.

These results are in line with those obtained in other researches that have used DeepLabV3+
in remote sensing [33] or in other fields of study [34]. Few segmentation outputs obtained using
DeepLabV3+ are in the supplementary materials. It can be seen that the green class is segmented
accurately with a sharp class boundary.

The Figure 7a shows the frequency distribution of the two metrics derived from segmentation
of street view images. The city of Viareggio is characterized by greenery affecting most of the lower
facades of buildings on public roads. The GCF index has an average value of 10% (median = 8.6%) with
the first quartile of 2.9% and the third quartile of 14.6%. However, the GCS index has lower values,
with an average of 3.1% (median 1.3%) and first and third quartiles of 0.2% and 4.3%, respectively.
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Figure 7. Frequency distribution metrics: (a) street view metrics (b) percentage of landscape (PLAND)
and (c) edge density (EDGE).

We used the network-based inverse distance weighting (NT-IDW) [35] method to spatialize the
relative sampling point values in raster maps of the two indices. The NT-IDW method expands the
commonly used spatial interpolation methods, IDW (inverse distance weighting) and inverse distance
weighting, and the results are applied to analyze spatial data observed on a network. IDW assumes that
all locations exist in a two-dimensional Euclidean space, (the distance between the sample locations
and the target locations are measured using the straight-line distance). NT-IDW extends from IDW but
uses a network distance instead. NT-IDW was conducted using the routines in the ipdw R package [36],
and Figure 8 shows the results of spatialization using the NT-IDW method. The GCF index has higher
values in the northern part of the city, especially in the north-west quadrant, where the so-called
“garden city” is located. In contrast, the GCS index has relatively high values within isolated hot spots
scattered across the entire urban area.

Figure 8. Maps of Grenn Cover on Facades (GCF) and Green Cover on Sky (GCS) indices.
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3.2. Remote Sensing Landscape Metrics

The Figures 7b,c show box and whisker plots of landscape metrics distribution of the green cover
on facades compared to the green cover on sky view for PLAND and ED, respectively.

The results of PLAND (Figure 7b) show the percentage of green cover and also show that most
of the city has green cover below the height of the buildings rather than higher than buildings. The
former has a first quartile value of 3%, median value of 7%, and third quartile value of 17%, while the
latter has a first quartile of 0%, median value of 0.5%, and third quartile value of 3%.

The results of ED (Figure 7c) show the no-compactness values of vegetation, which are negatively
related to the compactness of urban green. An analysis of the boxplot shows that the city is mostly has
green cover below the height of buildings (first quartile value of 280 m/ha, median value of 567 m/ha,
third quartile value of 1028 m/ha) but less green cover over the height of buildings (first quartile value
of 16 m/ha, median value of 94.5 m/ha, and third quartile value of 405 m/ha).

These results are visually represented through two maps that show the quantile distribution of
different vegetation types: green cover on facades and on sky view (Figure 9). In both, the green cover
below the height of buildings is predominantly located north of the study area, and its distribution is
more compact than that of sky view, which is mainly located south of the city and is more fragmented.

In order to evaluate, the homogeneity of the metrics within each block were calculated by the
standard deviation statistics within and between the blocks. In fact, the verification of the homogeneity
of the metrics within the blocks allows to verify the efficiency of the blocks as a tessellation element of
the study area. The results shown in Table 2 show that the blocks are an efficient tessellation of the
urban space. The descriptive statistics of the 351 isolates are available as supplementary material.

Table 2. Statistics of metrics within and between the blocks.

Variable
Within block Mean

Square (a)
Between block Mean

Square (b)
Ratio a/b

Edge density on facades 10.7067 1050.1234 0.0102
Edge density on Sky 9.7539 622.3140 0.0157

Percent of landscape on facades 0.0030 0.4060 0.0075
Percent of landscape on Sky 0.0016 0.0835 0.0188

Green Cover on facades 1.2533 × 10−5 3.5 × 10−6 3.5792
Green Cover on Sky view 7.1352 × 10−6 3.5016 × 10−6 2.0377

Number of pixel Landscape metrics 3,553,123
Degree of freedom landscape metrics 3,552,772

N. of pixel Street View metrics 58,218
Degree of freedom Street View metrics 57,867

Degree of freedom Blocks 351
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Figure 9. Maps of remote sensing metrics: (a) percent of landscape on facades; (b) percent of landscape
on Sky; (c) edge density on facades; (d) edge density on Sky.

3.3. Results of Spatial Clustering with REDCAP Method

As it is necessary to create homogeneous areas by clustering city blocks, Pakzad and Salari [37]
explained the ecological and visual characteristics of the city on a larger scale than that of the city block.
Therefore, we applied REDCAP as the regionalization tool, which enabled the city to be divided into
homogeneous and spatially close clusters based on the same green cover characteristics. The metrics
used were: PLAND over block height (PLANDOvB) and PLAND below block height (PLANDBelB),
ED over block height (EdgeOvB) and ED below block height (EdgeBelB), and street view on facades
(GCF) and street view on sky view (GCS).

Figure 10 shows the correlation between metrics used.
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Figure 10. Correlation matrix. Main diagonal graph are the frequency distribution of variables. Cells
above the main diagonal show the correlation coefficients. Graph above the main diagonal is the scatter
plot of the variables.

The regionalization approach is sensitive to correlated attributes during the calculation of
homogeneity between regions, and many of the attributes are derived from the same data, leading to a
correlation between attributes. Thus, it was necessary to apply principal component analysis (PCA)
to the variable’s metrics, and unique information could then be retained while excluding correlated
information between variables [38–40]. We chose the first three dimensions based on the 95% threshold
criterion [41]. Table 3 shows the loading variable of the first three PCs. The first component loads
positively on ED metrics, the second PC loads negatively on the metrics below the level of the isolates
(GCF, PLANDBelB) and positively with PLANDOvB, and the third PC has a high GCS load.

Table 3. Principal component analysis (PCA) dimensions.

PC1 PC2 PC3

Green Cover on Facades 0.3559 −0.5382 0.2702
Green Cover on Sky 0.3834 0.1345 0.8119
Percent of landscape below block height 0.3686 −0.4999 −0.3795
Percent of landscape over block height 0.4011 0.5186 −0.1583
Edge density below block height 0.4789 −0.1277 −0.1980
Edge denisty over block height 0.4475 0.3964 −0.2440

% of Variance 63.0674 23.8025 9.1246

We therefore used the values of PC1, PC2, and PC3 calculated for each of the 351 isolates as
input data to identify clusters of contiguous and homogeneous blocks through the REDCAP method.
Since the REDCAP method requires to specify a priori the number of clusters to be created, it was
necessary to find the optimal number of clusters. We selected the elbow method to determine the
optimal number of clusters, as this method optimizes the variance within clusters [42]. This method
looks at the variance within the clusters as a function of the number of clusters: One should choose
a number of clusters so that adding another cluster does not give much better modeling of the data.
More precisely, if one plots the variance within the clusters against the number of clusters, the first
clusters will add much information (explain a lot of variance), but at some point the marginal gain will
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drop, giving an angle in the graph. The number of clusters is chosen at this point, hence the “elbow
criterion”. The elbow diagram in Figure 10 shows that when there are more than 10 clusters, there is
no significant decrease in the variance within the clusters. So, the optimal number of clusters was 10.

Figures 11b and 12a respectively, show the frequency distribution of ecological metrics within
the clusters of homogeneous blocks identified through the REDCAP procedure. Cluster values are
shown in Table 4. The lowest value for all metrics is visible in cluster 2, which includes only built city
blocks. Furthermore, clusters 1 and 10 are urban blocks with a low presence of vegetation; although
they are similar to each other, they belong to two different clusters because they are not contiguous.
This characteristic is typical of the geographically constrained clustering methodology REDCAP, which
can identify clusters of similar blocks in the metric values as long as they are distant in the geographical
space. The maximum values, which are representative of a greater presence and distribution of
vegetation, are identified in clusters 9, 7, and 3. These clusters are within the northern area, where
there is a greater percentage of greenery and where hedges and rows of large trees are higher than the
facades of buildings.

Figure 11. Spatial clustering results. (a) Elbow method and choice of the optimal number of clusters.
(b) Frequency distribution boxplot of the green metrics of the blocks within each cluster.
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Figure 12. (a) Cluster map, (b) Ecosystem Services total score map, (c) Ecosystem Services score below
block heights, and (d) Ecosystem Services score above the block height.

To summarize the results obtained from the 6 metrics, we proposed the use of three Ecosystem
Services (ES) score indices: ES score below block heights (ESk

below), ES score above block heights (ESk
above),

and ES total score (ESk
tot), which are formulated as follows:

ESk
below =

∑ PlandBelBk
maxk(PlandBelBk)

+
EdgeBelBk

maxk(EdgeBelBk)
+

GCFk
maxk(GCFk)

3
(8)

ESk
above =

∑ PlandOverBk
maxk(PlandOverBk)

+
EdgeOverBk

maxk(EdgeOverBk)
+

GCSk
maxk(GCSk)

3
(9)

ESk
tot =

ESk
below + ESk

above
2

(10)

Figure 12b–d shows maps of the three ES indices.
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Table 4. Mean, median, first, and tirth quartiles of metrics of the blocks within each cluster. PLANDBelB
and PLANDOvB are percent of green detected by remote sensing respectively, below and over the
height of block. EdgeBelB and EdgeOvB are the edge density of green detected by remote sensing
respectively, below and over the height of block. GCF and GCS are the percent of green detected by
segmentation of GSV images respectively, on facades and on sky view.

Clusters

1 2 3 4 5 6 7 8 9 10

PLANDBelB Mean 8.3 3.9 24.4 8.4 13.0 27.4 34.5 13.4 45.6 4.6

Q1 4.3 0.4 17.6 5.2 7.4 22.5 26.2 2.1 36.1 0.4

Median 6.9 2.1 22.6 6.4 11.4 27.4 31.8 10.1 41.8 2.1

Q3 12.1 5.1 29.7 11.7 15.1 32.0 43.2 14.8 56.4 3.8

PLANDOvB Mean 1.1 1.2 9.5 7.3 1.9 1.0 8.1 5.9 6.6 7.9

Q1 0.1 0.0 4.6 0.3 0.3 0.2 2.5 0.0 4.5 0.0

Median 0.3 0.1 7.7 4.3 0.9 0.6 8.5 1.1 5.9 0.0

Q3 1.4 0.5 13.2 8.7 1.9 1.6 11.2 8.7 9.2 7.9

EdgeBelB Mean 608.8 253.1 1884.1 768.8 706.7 1146.3 1608.3 769.5 1493.7 593.9

Q1 362.5 48.2 1566.5 355.9 505.7 1020.4 1262.2 252.0 1006.3 93.3

Median 565.6 157.8 1824.9 554.0 646.5 1183.5 1449.2 574.8 1596.8 150.5

Q3 838.2 349.0 2073.6 919.6 807.7 1311.6 1924.1 1099.8 2041.3 266.3

EdgeOvB Mean 152.0 150.2 1053.5 540.3 238.0 165.3 720.9 498.2 769.2 672.8

Q1 18.0 0.0 631.2 50.6 64.1 59.0 236.0 0.0 426.9 0.0

Median 80.0 21.5 950.4 344.2 134.4 105.7 693.9 180.5 692.3 6.3

Q3 226.9 80.4 1354.7 724.0 187.5 252.8 1111.5 1021.9 1071.1 956.3

GCF Mean 11.1 2.0 21.5 6.0 7.3 26.0 23.6 5.1 12.9 4.6

Q1 8.0 0.2 17.7 3.6 3.7 19.9 18.8 1.5 7.6 1.0

Median 10.5 1.0 20.7 5.9 5.0 24.3 25.8 4.3 12.6 1.3

Q3 13.7 3.1 25.3 8.1 10.0 31.5 28.7 8.0 19.1 6.4

GCS Mean 2.2 1.4 6.8 5.6 2.7 3.1 8.1 6.7 2.6 2.4

Q1 0.2 0.1 2.3 0.7 0.9 0.6 3.9 1.6 0.1 0.1

Median 0.9 0.4 5.5 3.9 1.9 1.9 6.6 4.1 1.7 0.7

Q3 3.6 2.2 9.3 7.7 4.5 3.0 11.6 10.1 4.3 2.4

The figures show that areas with the lowest scores for the three ES indices are clusters 1, 2, and 5.
The scores are particularly low in cluster 5 (see Figure 13a), which includes the promenade and is
the most important tourist area of the city. Clusters 3, 6, 7, and 9 have the highest scores for all three
indices and are representative of the so-called “garden city” which was recently developed. The high
values for the above-block height scores occur in relation to plants preserved in the pine forest within
the urban area (Figure 13b). Clusters 1, 2, 4, 8, and 10 are all characterized by a high building density,
and slightly different scores are obtained. For example, there are rows of small plants along the
sidewalks (Figure 13c) or trees in the middle of roads (Figure 13d) in clusters 4 and 8, whereas clusters
1, 2, and 10 have almost no public greenery, despite having a similar urban fabric.
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Figure 13. Typical representative public greenery: (a) promenade, (b) pine forest within the urban area,
(c) are rows of small plants along the sidewalks, (d) trees in the middle of roads.

4. Discussion

This paper proposes a set of ecological metrics for urban greenery that can be used to evaluate urban
green ecosystem services. The metrics were derived from two complementary surveys: a traditional
remote sensing survey using multispectral images and LiDAR data, and a proximate sensing survey
using images available on the GSV database.

With respect to the classification of vegetated areas, the results of our study confirm the efficacy
of the combined use of NDVI and LiDAR data for remotely-sensed images [43,44] and of semantic
segmentation using deep learning for GSV images [45,46].

The methodology is unique, as it identifies metrics (based on existing literature) of urban green
ecosystem services using both data sources. The ecosystem services of urban forests were derived
from greenery shading facades of buildings and from the covering of roads, roofs, and courtyards by
the foliage of trees. The metrics were then divided into urban greenery below the height of buildings
and that above the height of buildings. The correlation matrix in Figure 10 shows that the proximate
sensing metrics agree with those derived from remote sensing data. The partial correlation (about
0.6) between GCF/GCS and the PLAND/ED indices shows that both reliefs can map the presence of
vegetation with good coherence, but they reveal different characteristics. Proximate sensing data more
efficiently highlights the shading of facades and streets, but the data are limited to public spaces that
are accessible via a vehicle. In contrast, the data from remote sensing are more efficient for highlighting
roofing and the shading of private courtyards.

The urban green survey using proximate sensing images at street level can be conducted at a low
cost and can thus be used to monitor the health status of urban green spaces. However, further research
is required to define methodologies (based on the use of commercial spherical cameras integrated with
medium-scale satellite images) that can be used by city administrations (Landsat and Sentinel) [45,46]
to conduct low-cost, short-interval monitoring.

In accordance with previous studies [47–50], we report a set of metrics for city blocks. The research
also made it possible to create a methodology for verifying the ecological homogeneity of urban
blocks which can therefore be considered efficient tessellation units for managing urban green areas.
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Indeed Sheppard et al. [51] argue that the city block scale is an often neglected but promising level for
community engagement and co-creation of climate change responses.

However, an innovative element of this study is the application of regionalization techniques
through constrained clustering that are used to identify homogeneous areas, with the aim of determining
the horizontal and vertical characteristics of urban greenery. This method will enable urban planners
to identify areas within a city that can be considered greener than others, and it can also be used as a
monitoring tool when conducting a differentiated analysis of gain or loss with respect to urban street
greenery. In addition, it could be used in the planning stage of an urban greening program to assist urban
planners in selecting appropriate locations, sizes, and types of greenery that provide the maximum
affect. Furthermore, it could be employed to check the visual impact of urban forest management
practices and document the visibility of urban greenery in cities. The work also showed that the block
is a sufficiently homogeneous and therefore efficient geographical unit for the classification of urban
green. A finer geographical unit could have the advantage of a greater homogeneity of the metrics,
but it would make it more difficult to transfer the results of the research to guide management and
improvement interventions of the green ecosystem services in the city.

The block clusters obtained with the REDCAP method in fact meet the requirements set by Barron
et al. [52] (p. 21) to define the “neighborhood scale” as a set of cohesive blocks. They highlight that
“The neighborhood scale captures human green space experiences at shorter distances, allowing for
consideration of accessibility, sightlines, aesthetics, vegetation layering, and quality of greenspace
design. The experiential neighborhood scale is small enough to conceptually include the impact of
individual trees, an important component of urban greens paces”. Therefore, the authors in their
work propose interventions that provide strategic green space enhancement at the neighborhood and
block scale.

The high diversification and complementarity of the metrics proposed at the city block level
enable a better understanding of the role that trees and vegetation play in urban dynamics and human
health. Although some studies have shown a link between human health benefits and the presence of
urban greenery [53–55], these studies have used small samples and a limited geographical scope for a
single route. The ability to measure a complete set of ecological green urban metrics would enable
researchers to determine whether the health benefits of urban trees are pervasive, whether they exist
in specific contexts with respect to biogeographical conditions, or whether they can be maximized
(for example with respect to local policies, management practices, and socioeconomic indicators).
This method enables urban tree cover and its relationship with local conditions or social factors to be
analyzed on a much finer scale than previously possible. The relationships between urban trees and
physical and social components of cities that were previously opaque, such as how income level and
social status relate to tree presence and neighborhood aesthetics, can now be investigated in depth.

5. Conclusions

Our study proposes a set of ecological green urban metrics based on the integration of remote
sensing and proximate sensing data. Metrics derived from proximate sensing were calculated by
classifying the urban forest using GSV database images. Green areas were classified by semantic
segmentation using pretrained deep neural networks. The results demonstrate the high efficiency of
the method, which has an accuracy of 83%.

Metrics from remote sensing were derived from overlaying multi-spectral images and LiDAR
data. In accordance with previous studies, two classes of metrics were calculated: greenery at a lower
or higher elevation than building facades, respectively.

In the last phase of the work, the metrics were related to city blocks, and homogeneous
areas were identified relative to the characteristics of urban green using a spatially constrained
clustering methodology.
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The proposed methodology enables the creation of a geographic information system that can be
used by public administrators and urban green designers to maintain and create new public forests
in cities.

Furthermore, research can be further developed in three possible ways: by expanding the survey
to other urban elements, in particular buildings and roads, by verifying the relationships between
homogeneous clusters that show characteristics of landscape ecology and the visual quality of the city,
climatic well-being, or as a pollution reduction strategy, or by employing different and more complex
landscape metrics.
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Abstract: A recent study of property valuation literature indicated that the vast majority of researchers
and academics in the field of real estate are focusing on Mass Appraisals rather than on the further
development of the existing valuation methods. Researchers are using a variety of mathematical
models used within the field of Machine Learning, which are applied to real estate valuations with
high accuracy. On the other hand, it appears that professional valuers do not use these sophisticated
models during daily practice, rather they operate using the traditional five methods. The Department
of Lands and Surveys in Cyprus recently published the property values (General Valuation) for
taxation purposes which were calculated by applying a hybrid model based on the Cost approach
with the use of regression analysis in order to quantify the specific parameters of each property. In
this paper, the authors propose a number of algorithms based on Artificial Intelligence and Machine
Learning approaches that improve the accuracy of these results significantly. The aim of this work is
to investigate the capabilities of such models and how they can be used for the mass appraisal of
properties, to highlight the importance of sensitivity analysis in such models and also to increase the
transparency so that automated valuation models (AVM) can be used for the day-to-day work of the
valuer.

Keywords: general valuation; Cyprus; artificial intelligence; mass appraisals; real estate; algorithms;
mathematical models; AVM; CAMA

1. Introduction

1.1. Background of the Study

Machine Intelligence imitates human perception, by utilizing mathematical models that compete
against humans to deliver certain tasks such as the assessment and analysis of a studied system
and predictions of out-of-sample observations. The accomplished tasks can be highly complex,
based on mathematical models which simulate a physical, social, financial and so forth, system of
study [1,2]. Machine learning algorithms belong to the wider thematic area of Artificial Intelligence,
with applications in Healthcare [3], Automotive (self-driving cars) [4], Finance and Economics
(predictions, assets management) [5], Military (drones capable of autonomous action) [6], Advertising
(predict/quantify the behaviour of customers) [7], Image Recognition [8], and so forth. The idea that
machines could exhibit intelligence is not a new concept, rather it stems from ancient times [9], for
example, the robot Talos made by Hephaestus in Ancient Greek Mythology [10]. A bibliometric study
of Artificial Intelligence Algorithms in Mass Appraisals Research [11] revealed that complex methods
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are increasingly considered in Real Estate predictions, in contrast to the well-established five methods
for valuations.

At this point, it should be noted that remote sensing, aerial or oblique photos can be used in order
to obtain this information automatically (this research paper though, only focuses on the mathematical
modelling of price prediction. It should also be noted, however, that professional valuers hesitate to
utilize such algorithms [12], and certain questions arise concerning the application of mathematical
models for the improvement of the valuer’s work. Questions such as, whether Machine Intelligence
can replace Human Intelligence, if the mathematical models can replace the judgment of the individual
valuer, and who would sign the outcome of an Automated Valuation Model are commonly debated
topics. Yann LeCun quoted: “Our intelligence is what makes us human, Artificial intelligence is an
extension of that quality. Many discussions have been had over recent years about whether there
shall be a limit to restrict artificial intelligence and which level of artificial intelligence is optimal”.
Merriam-Webster [13] would add that AI can perform tasks that a human is unable to perform either at
the same pace, quality, at the same cost or at all. The question arises whether artificial intelligence can
replace the human valuer, taking into consideration computer-assisted mass appraisal (CAMA) and
automated valuation models (AVM). It needs to be stated that, within the environment of appraisals,
CAMA and AVM have been used since as early as the 1950s [14], and were further developed in the
1960s.

1.2. State of the Art

It appears that machine intelligence up until today can only successfully replace humans in the
execution of specific tasks [15,16] which are often repetitive, dull and time-consuming [17]. Typical
examples of Machine Intelligence for the case of Real Estate Valuations could be the collection
of comparable evidence, automated exclusion of incorrect registrations in a database (anomaly
detection) [18], calculation of the uncertainty of prediction in each particular chosen region through the
computation of the local outliers and calibration of the prediction according to spatial parameters [19].
Contradictory, Artificial Intelligence cannot be considered to accurately understand specific property
characteristics regarding the quality of construction, aesthetic characteristics, design, internal materials
and appliances, the view to sea or nature, the deterioration of specific structural elements, local price
peaks where comparable evidence is not available, property ownership issues (shares of ownership,
rights of use etc.) and tax, legal or governmental special cases, because such models are complex and
incomprehensible [20].

Artificial intelligence and machine learning methods have been widely utilized in Real-Estate, and
a variety of studies have been performed. In Reference [21] the Hierarchical Linear Model is utilized
in Mass appraisals of residential properties, to overcome the limitations of traditional econometric
models such as Ordinary Least Squares. The absence of data of comparable properties is a major
issue, while the consideration of micro- & macro- level characteristics of the properties should be
considered [22]. In Reference [23], the spatial and temporal variation of properties is investigated,
by a regression-cokriging method. However, to the best of our knowledge, no study exists on the
interpretation of the black-box machine learning models, regarding Real Estate Mass Appraisals.

The purpose of this study is to investigate how the complex, machine learning models work,
regarding Real Estate price predictions, and present the various models and the corresponding results.
In Section 2, we explain the analyzed dataset as well as it variables, followed by the Machine Learning
Methods utilized for the target task, as well as the generic algorithm to obtain the closed-form formula
for the Higher Order Regression Model, via an automated, step-wise method. In Section 3, we present
the sensitivity analysis results of the predictors, regarding Real Estate prices. In Section 3.3, the
influence of the dataset volume is also investigated, by a parametric study, for a variety of partitions of
the given dataset. In Section 3.4, we present the obtained formulas, utilizing five (5), and ten (10), and
in Appendix A.1, for one hundred (100) nonlinear terms.
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2. Comparable Evidence and Methods

2.1. Database, Pre-Processing, Methods and Performance Metrics

The studied database was obtained from the Department of Lands and Surveys (DLS). The
data were used for the purposes of the Cyprus new general valuation [24] and refers to transactions
between 2008 and 2014, out of which only transactions for apartments in Nicosia District were studied.
Although it does not contain important socioeconomic variables [25], it is considered as vastly useful by
professional valuers, as it contains comparable evidence about certain property types. Hence, the level
of information available for the valuer could be greatly enhanced; however, the reliable exploitation
of the contained information remains vague. A significant effort was spent in order to prepare the
database in a predictors-output format. At this point, the authors highlight that the data would be
significantly enhanced if remote sensing was integrated in order to enrich the database provided that
was completed by on-site or drive-by observations.

In particular, 4261 observations of apartment/office sales in Nicosia existed, nevertheless from
column Unit_desc, only values “APPARTMENT” & “2-FLOOR APPRTMENT” were kept, resulting in
3786 remaining observations. Furthermore, only Municipalities that are regulated by the Nicosia Local
Town Plan were selected, those Quarters with less than 20 observations were deleted and, finally, 3561
sales data were used for the analysis and predictions. In order to enhance the prediction accuracy of
the models, Urban Planning data were added for each Planning Zone, and in particular, the maximum
building density, the number of stories, height and coverage of the allowed building, the minimum
sq.m. per resident and the expected sq.m. per resident. Due to multicollinearity among urban planning
variables, only the maximum building density was finally kept. The transaction dates were converted
to reflect the date 30 September 2018, as floating numbers constituting a continuous variable, and the
prices were adjusted to 1 January 2013 utilizing the Central Bank of Cyprus Index. This index is using
property data gathered from valuations submitted to the contracted banks since 2006. The relevant
information is provided from independent property surveyors that evaluate properties mainly for
mortgage purposes such as housing loans, mortgage refinancing and mortgage collateral.

The utilized variables were as follows, with their abbreviations in parentheses, for each Unit
(Appartment)

• Unit Enclosed extent, which is the Internal Area in m2 (IntArea).
• The Unit covered extent, which is the Area of covered verandahs in m2 (CovVer).
• The Unit uncovered extent, which is the Area of uncovered verandahs in m2 (UnCovVer).
• Parcel extent, that is the Area of parcel (or plot) in m2 (ParcExt).
• The Built Years, calculated as the difference among the date the transaction happened and the

date the building was constructed, in years (BuiltYrs).
• The Unit condition code (Cond), that denotes the condition of the building, and takes values from

1 (best condition) to 4 (worst condition).
• The Unit’s view code (View), which denotes the view of the unit, with values from 1 (best view)

to 4 (worst view).
• The Unit’s class code (Class), denoting the class of the building. It takes Values from 1 (best class)

to 4 (worst class).
• Density (Dens), as the maximum allowed density (built m2, over plots m2) of the specific district.

The dependent variable was the apartment’s price as accepted by the Cyprus Department of
Lands and Surveys. This price was adjusted by utilizing the Central Bank of Cyprus Index and the
dates were transferred to 30 September 2018. The abbreviation for the dependent variable is (Adj.
Accepted Price).
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2.2. Error Metrics

Machine learning methods exhibit diverse performance on a studied dataset, with respect to the
error metrics each time utilized. The Coefficient Of Dispersion (COD) was used (Equation (1)) as
defined by Appraisal Ratio Studies [26], as a common metric utilized in Real Estate Appraisals. It is
based on the Predicted Values (PV), the Dependent Variable (DV), and the number of observations

N. COD is defined by COD = 100
1
N ∑(| PV

DV |− 1
N ∑ PV

DV )
1
N ∑ PV

DV
. Furthermore, the utilized error metrics were the

Root Mean Squared Error RMSE =

√
∑ (PV−DV)2

N , the Mean Absolute Error MAE = ∑|PV−DV|
N , the

Mean Absolute Percentage Error MAPE = 1
N ∑ |PV−DV|

DV , the Maximum Absolute Percentage Error
(MAXAPE), as well as the Pearson Correlation Coefficient ρ, the slope of the Predicted versus Actual
values α, such that PV = α ∗ DV + β, and the SR = 1

N ∑ PV
DV .

2.3. Anomaly Detection

Although the observations in the studied database regard official registration in the DLS, some
extremely unreasonable records occur. For example, property in Nicosia Municipality, Ag. Andreas
Quarter, built in 1965, with 66 sq.m covered area, and a price of 3.524e, Latsia/Ag. Georgios (1977),
68 sq.m, with a price of 17.781 e, Nicosia/Ag. Omologites (1982), 44 sq.m, 15.724 e, Nicosia/Ag.
Antonios (1973), 35 sq.m, 22.562 e, and. Strovolos/Chryseleousa (1986), 76 sq.m, 17.283 e. Accordingly,
an iterative procedure was implemented in order to identify the outliers and eliminate at each step the
observation which violates a specified threshold. The corresponding results were highly enhanced, as
even for the Linear Regression (LR) (Figure 1) the R squared was increased from 0.611 to 0.744, while
the shape of the scattered observations is closer to a straight line after the removal of the outliers.
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(b) Random Forests
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Regression
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(d) Gradient Boosting

Figure 1. Accepted Price vs. Simulated for the test-set data.
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Algorithm 1 was selected in order to exclude observations with high prediction errors, as they
represent apartments which were under- or over- priced by the DLS, for some particular reason.
The algorithm was selected amongst others because it presented better results in terms of percentage
errors that are more easily understood by property professionals.

Algorithm 1: Anomaly Detection
Data: Predictors(IntArea, CovVer, UnCovVer, ParcExt, BuiltYrs, Cond, View, Class, Dens),

and Responce (Adj.AcceptedPrice) for the entire Dataset.
Result: New, Decreased Dataset

1 Do Linear Regression
2 Compute MAXAPE
3 while MAXAPE ≥ 50% do

4 Linear Regression;
5 Compute MAXAPE;
6 Find index i of observation with APEi = MAXAPE;
7 Delete observation with index i;
8 end

9 return Decreased Dataset

2.4. Machine Learning Methods

In order to evaluate more complex models, apart from Multiple Linear Regression (MLR), a Higher
Order, Nonlinear Regression (NLR) was implemented. In particular, all combination of the variables
were created, up to third order

xi ∗ xj ∗ xk,

with i, j, k ∈ [1, 9] for all the nine independent variables. Afterwards, a forward step-wise algorithm
was implemented, in order to sequentially add to the model the combined variable with xi ∗ xj ∗ xk,
which corresponds to the model with the lowest APE. Algorithm 2 represent the applied procedure.

Algorithm 2: Step-wise, Higher Order Regression
Data: Predictors(IntArea, CovVer, UnCovVer, ParcExt, BuiltYrs, Cond, View, Class, Dens),

Responce (Adj.AcceptedPrice) for the Decreased Dataset, and desired number of
features n f

Result: NLR Model
1 Create Nonlinear Features xi ∗ xj ∗ xk

2 Compute all APE with Uni-variate Regression
3 Store i, j, k combination corresponding to the minimum APE
4 for i1 = 2 : n f do

5 for i2 = 1 : all non-Stored features do

6 Add i2 to the Model
7 Compute all APE with Multi-variate Regression
8 end

9 Store i, j, k combination corresponding to the i2, with minimum APE
10 end

11 return all combinations of i, j, k for the NLR Model

123



Remote Sens. 2019, 11, 3047

Furthermore, we utilized Random Forests (RF) [27] as implemented in Reference [28], and
Gradient Boosting (GB) [29]. All analyses were run on Juia [30] programming language by utilizing
the mentioned packages, as well as code written by the authors, as described in Algorithms 1 and 2.

3. Results

3.1. Regression Analysis

The regression results are presented in Table 1 for the four methods studied and the corresponding
error metrics.

Table 1. Regression Results for the four methods studied, and error metrics.

Methods ρ MAE RMSE MAPE MAXAPE SR α COD

Train Set
Random Forests 0.914 17931.100 28854.237 0.111 1.307 1.031 0.739 10.778
Gradient Boosting 0.992 2630.784 8923.668 0.016 0.441 1.002 0.983 1.753
Linear Regression 0.863 24546.300 34745.422 0.151 0.550 1.027 0.746 14.703
Non-Linear Regression 0.880 23520.570 32700.793 0.146 1.100 1.032 0.775 14.197

Test Set
Random Forests 0.877 20817.165 27950.722 0.134 0.802 1.040 0.753 12.950
Gradient Boosting 0.803 24485.519 35946.437 0.151 1.092 1.009 0.776 15.017
Linear Regression 0.858 22977.825 30047.707 0.146 0.506 1.025 0.789 14.279
Non-Linear Regression 0.862 22525.779 29500.974 0.144 0.552 1.032 0.761 13.984

3.2. Sensitivity Analysis

A modified version of the Profile method [31,32] is utilized, in order to investigate the contribution
of each independent variable to the dependent variable. In particular, each input variable varies within
its given (raw) range while all the other input variables are kept constant in a certain value. This
constant takes three discrete values: 25% Percentile, Median, 75% Percentile. Through Sensitivity
Analysis, the comparison of the black-box models can be illuminated, as we compare the effect of
a predictor (i.e., Unite Enclosed Extent in Figure 2) to the studied variable (Adj. Accepted Price),
indicating a decreasing pattern for IntArea higher than 180 m2, which cannot be identified with the
Linear Model. Accordingly, in Figure 3, the Adj. Accepted Price is being decreased with respect to the
built years; however, the Machine Learning models concur that this effect is weakens for built years
more than 30. However, although all models exhibit similar patterns, different sensitivity curves are
obtained for each model. This effect indicates the complexity of such models, which should be utilized
critically, or as ensembles [33]. The complete presentation of the Sensitivity Analysis Figures for all
predictors is presented in Appendix A.
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Figure 2. Sensitivity Analysis for Unit Enclosed Extent
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Figure 3. Sensitivity Analysis for Unit Built Years.

3.3. How Much Data Is Big Enough?

A common problem in simulation with Machine Learning Methods is the amount of data. In order
to investigate the importance of the data volume to the accuracy of prediction, we utilized random
portions of the dataset and each time we fitted a Random Forests model to the partition of the data. In
Figure 4 we present the corresponding Mean Absolute Percentage Errors concerning the number of
observations. Afterwards, we fit a logarithmic curve:

y = αlog(x) + β, (1)

to the obtained results, and extended the curve up to 5000 observations from the results we see
that the number of data is an important factor influencing the prediction accuracy, with a clear
decreasing pattern.
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Figure 4. Number of data importance

3.4. Prediction Formula

With nonlinear Regression, we obtain the following Equations for the prediction:
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(A) With five terms (MAE=23993 e)

Adj.AcceptedPrice = 2.13785E + 03 ∗ IntArea

− 2.44629E + 01 ∗ BuiltYrs ∗ IntArea

+ 4.67313E − 01 ∗ BuiltYrs ∗ CovVer ∗ IntArea

+ 3.52720E + 02 ∗ UnCovVer

+ 2.43798E + 02 ∗ Dens ∗ View ∗ CovVer + 1.09116E + 04

(2)

(B) With ten terms (MAE=23748 e, also used in sensitivity)

Adj.AcceptedPrice = 2.87808E + 03 ∗ IntArea

− 3.52523E + 01 ∗ BuiltYrs ∗ IntArea

+ 1.35281E − 02 ∗ BuiltYrs ∗ CovVer ∗ IntArea

+ 3.30431E + 02 ∗ UnCovVer + 5.16573E

+ 02 ∗ Dens ∗ View ∗ CovVer + 3.01148E

− 01 ∗ BuiltYrs ∗ BuiltYrs ∗ IntArea

+ 2.32119E − 02 ∗ IntArea ∗ IntArea ∗ IntArea

− 6.87503E + 00 ∗ IntArea ∗ IntArea

− 1.57789E + 00 ∗ View ∗ Cond ∗ ParcExt

+ 3.23269E − 04 ∗ ParcExt ∗ ParcExt ∗ Dens − 7.24500E + 03

(3)

4. Discussion

Sensitivity analysis for features’ importance to the dependent variable (Adj. accepted Price),
demonstrated similar patterns, for all the four methods used. However, Certain differences were also
depicted, which highlights the need for such analyses on the trained machine learning models. The
accurate modelling of a studied system is challenging, and its predictive value is controversial [12,34],
while the hopeful prospects that computers and refined models, will accomplish high prediction
accuracy, were repeatedly defeated [1]. The utilization of a more accurate model instead of empirical
rules exhibited enhanced prediction accuracy in property valuations. However, mathematical models
without error estimation could jeopardize valuations hence we recommend that one obtains an initial
estimation +/− a prediction error, as well as comprehensively investigating the errors’ extrema and
distributions. Machine learning algorithms can be used to validate professional valuations and not to
replace human judgment, in order to avoid the impact of the highly improbable [35].

The outermost important factors that the authors recommend to be examined are Time, Money,
Quality, Accuracy, Bureaucracy, Responsibility, Regulations, Licenses, Initial cost, Neutrality and
available data. Every single property valuation is a unique project and has a clear starting and ending
date. Manual valuations are usually resourced intensive for both time and money and often deliver
results in crucial revaluations later or sometimes never (Quevara [36]). In a project, there is always
a trade-off between Time, Money and Quality. Increasing one of the factors almost automatically
decreases the remaining two. For example, a valuer who tries to complete more valuations within a
given period, either must decrease the quality of each valuation to be faster per valuation or must hire
more staff to deliver more valuations. AI does not have any of these constraints. It can work 24/7 and
with the correct data, can produce a theoretically infinite amount of valuations. Practically, the amount
is limited to the available data as well as the input of this data by a human source.

In the above paragraph, data has been mentioned as an important component. CAMA and AVM
can only exhibit high computational efficiency if the database contains adequate data. Theoretically,
one could state that if no data is available, AI could not be used. On the other hand, without precise
data, any human-based valuation would not be very precise either. It takes years of studying and
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obtaining practical experience as well as local market knowledge for a valuer to be able to deliver
accurate valuations and appraisals. This process of learning is time-consuming and rather expensive.
AI can do so within a short period of time and can improve its performance based on past observations.
Due to that, human valuers are expensive. AI can offer a much less expensive rate for any valuation
since cost such as travel time and travel expenses to the property can be saved. However, AI has a
higher initial cost as it is expensive to set up a model. The maintenance of the database and feeding the
AI model with more data are usually the highest running expenses. Any invention that may replace
workers with machines in a particular field can have a positive effect on society by “reducing the price
of goods, increasing real income” [37]. Research conducted in this context suggests that the methods,
currently used extensively, have inherent errors regarding how they derive their value estimates [38].
Many scientists stated that feelings and sympathy are what make us humans. These are unarguably
great assets of every human; however, in valuations, they can create inaccuracies due to the loss of
neutrality. Humans can only control their doings up to a certain level. AI does not lose neutrality and
hence accuracy, due to sympathy, therefore, in this aspect it can create more accurate valuations.

Carrying out an official valuation requires, in almost every country, a license. These licenses are
often provided by human-based associations. Often political reasons block any technological process
as some humans fear losing their job to AI. This political lobbying reduces progress considerably and
by doing so the human valuer is heavily favoured. Human valuers often argue about the responsibility
and legal pursuit of AI. A valuation carried out by a human valuer can always be challenged and
one can sue the person who completed the valuation but the questions to be answered are—who do
you sue when a CAMA valuation is in question, and who signs a CAMA valuation. The above two
questions can unfortunately not be answered easily. Looking for the responsible party of a CAMA
valuation is a tricky process, which is one of the major drawbacks of AI. However, if we feed the AI
model with enough data and constantly maintain and update the database, the possible margin of
error shall be small enough to be negligible, and costly legal processes could be avoided or minimized.
Besides that, we must understand in which situations we value properties and if all valuations need to
be legally appropriate in terms of responsibility and suitability. Nowadays, countless valuations are
done daily; mostly valuations for courts or banks giving out mortgages or attempting to repossess
distressed/mortgaged assets, but there are so many more valuations conducted for many other reasons.

All the explanations described in the above paragraph could be ideal situations for the use of
AI, in order to provide cheaper and faster valuations. Having this kind of valuation completed by
AI models would, of course, reduce the total number of valuations completed by human valuers.
However, it has to be stated that the effect of artificial intelligence on the level of human employment
will be dramatic reduced [39]. This, however, does not necessarily mean that any human valuer
should lose their job. It could mean the opposite. Human valuers could focus more on each valuation,
automatically increasing the quality of every valuation completed by a human valuer. Special reference
must be made to complex valuations where a valuer needs a lot of time to fully understand and adjust
the influencing factors. By giving human valuers more time to focus on these complex valuations
and valuations for bank lending or repossessing purposes, increases the quality significantly. The
improvement of quality will automatically lead to a higher achieved price per valuation which could,
in the end, create higher profits for any valuer.

Remote Sensing Integration in Mass Appraisals

Remote sensing is another important tool that can be used in Mass Appraisals and data collection.
In remote sensing, information about a given category of property is acquired without necessarily
visiting the property [40]. According to Nayak and Zlatanova [41], remote sensing experts establish
GIS systems that are often utilized. Remote sensing makes it possible to determine the attributes of
a property such as its location, lot size, and type of structures that have been erected on the land.
This is especially helpful because some property may be located in areas where access is restricted, as
mentioned by Xiao-sheng, Zhe and Ting-li [42]. Remote sensing makes the identification of property
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easier because in the remote sensing developed maps, property lines can be drawn that show the exact
location of the property [43]. Remote sensing can also be used to provide measures for a number of
dependent variables, which are linked to human activity, especially with regards to the environmental
impacts of various social, economic, as well as, demographic processes. For instance, remote sensing
observations of land cover may depict the footprints of agricultural intensification, the expansion
of urban areas, as well as road development and many other factors that are affecting the value
of properties. These may also entail observations of vegetation density that may be linked to the
impacts of fertilization, irrigation, coupled with other agricultural practices. Other areas may cover
observations of new buildings constructions that are related to mass appraisals. Therefore, models that
combine remote observations with ground-based social data may be very important in understanding
their market value.

5. Conclusions

Machine learning models are highly non-transparent and it is difficult to completely understand
what affects the value of a particular property the most. We defeat this issue by detailed sensitivity
analysis for each predictor, by utilizing and comparing four machine learning models. Further studies
in this sector need to be carried out in order to improve the overall transparency of any model
used. However, Machine learning models are characterized by a consistent error across all the given
observations, which follows a known statistical distribution, while valuations completed by human
valuers might contain different types and magnitude of biases. The models would be even more
precise if the database was enriched with more data that are related to the characteristics of the
property. The easiest and cheapest way to get these data today is through satellite imagery. Data such
as elevation, building height, age, construction type and distance from value influence centers such as
schools, hospitals, public transportation and so forth, or even pollution or air quality in the area under
study can be collected from satellites. Lastly, with machine learning techniques, important constraints
have been identified such as the transparency of models and the repeatability of the results [14].
Especially in Cyprus, larger-scale tests on still needed to be completed repeatedly. Finally, machines
have already taken over a lot of jobs that were previously carried out by humans and every time we
got to a point where the chance that humans could lose jobs, more jobs were created thereby increasing
prosperity and the quality of life for humans. Machines assist us and improve our lives. Coming back
to the starting quote, machines, and especially AI as described above, are capable of increasing our
quality of intelligence as humans.

Author Contributions: T.D. conceived of the presented idea and wrote the main part of the manuscript. N.B.
performed the computations and wrote the relevant part. T.D. interpreted the numerical results.

Funding: This research received no external funding.

Acknowledgments: Special thanks to Varnavas Pashoulis from the Department of Lands and Surveys, who
helped us to gain access to the dataset used in this research paper. Also to D.G. Hadjimitsis for his continuous
support.

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

Appendix A

Appendix A.1. Prediction Formula with 100 terms (MAE = 19694 e)

Adj.AcceptedPrice = 3.31113E + 03 ∗ IntArea − 4.68398E + 01 ∗ BuiltYrs ∗ IntArea − 5.65708E −
01∗ BuiltYrs ∗CovVer ∗ IntArea+ 1.86782E+ 03∗UnCovVer− 2.78991E+ 02∗Dens ∗View ∗CovVer+
4.88587E − 01 ∗ BuiltYrs ∗ BuiltYrs ∗ IntArea + 6.60039E − 02 ∗ IntArea ∗ IntArea ∗ IntArea −
1.70363E+ 01 ∗ IntArea ∗ IntArea+ 3.24869E+ 00 ∗View ∗Cond ∗ ParcExt+ 1.70068E− 03 ∗ ParcExt ∗
ParcExt ∗ Dens + 1.30015E + 01 ∗ Cond ∗ BuiltYrs ∗ IntArea − 5.17967E − 07 ∗ ParcExt ∗ ParcExt ∗
ParcExt − 1.00466E + 01 ∗ Dens ∗ BuiltYrs ∗ IntArea − 5.65825E − 02 ∗ View ∗ BuiltYrs ∗ ParcExt −
8.15277E + 00 ∗ Class ∗ ParcExt + 4.49178E − 02 ∗ BuiltYrs ∗ UnCovVer ∗ UnCovVer + 6.90546E +
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01 ∗ CovVer ∗ IntArea − 1.04803E + 02 ∗ CovVer ∗ CovVer − 1.55104E − 03 ∗ ParcExt ∗ UnCovVer ∗
UnCovVer − 1.27722E + 01 ∗ Dens ∗ BuiltYrs ∗ BuiltYrs + 3.00378E + 03 ∗ BuiltYrs − 1.23882E + 01 ∗
Cond ∗CovVer ∗ BuiltYrs− 5.87984E+ 01 ∗ BuiltYrs ∗ BuiltYrs+ 5.66044E− 01 ∗ BuiltYrs ∗ BuiltYrs ∗
BuiltYrs − 1.16139E + 02 ∗Class ∗Class ∗UnCovVer − 1.00749E + 03 ∗Class − 1.54169E + 02 ∗Class ∗
Cond ∗ BuiltYrs − 5.23747E − 02 ∗ CovVer ∗ CovVer ∗ CovVer − 1.69265E − 01 ∗ CovVer ∗ IntArea ∗
IntArea − 3.02085E + 03 ∗ CovVer + 1.27557E + 01 ∗ Dens ∗ ParcExt ∗ Dens + 8.11517E + 04 ∗ Dens +
2.19071E + 00 ∗ Cond ∗ UnCovVer ∗ UnCovVer − 2.34493E + 02 ∗ Class ∗ UnCovVer − 7.94913E − 01 ∗
BuiltYrs ∗ CovVer ∗ CovVer + 3.26919E − 01 ∗ Cond ∗ ParcExt ∗ CovVer − 7.49578E − 06 ∗ ParcExt ∗
ParcExt ∗ IntArea+ 1.38552E+ 02 ∗Dens ∗View ∗ IntArea− 2.01899E+ 03 ∗View ∗View− 4.53539E−
01 ∗ Class ∗ ParcExt ∗ CovVer − 2.15116E + 00 ∗ Cond ∗ IntArea ∗ IntArea − 3.77756E − 01 ∗ Cond ∗
BuiltYrs ∗ ParcExt + 9.21765E − 01 ∗ Dens ∗ BuiltYrs ∗ ParcExt + 1.84117E − 03 ∗ ParcExt ∗ IntArea ∗
IntArea − 3.30262E − 01 ∗ ParcExt ∗ IntArea + 3.04830E + 00 ∗ Cond ∗ Cond ∗ ParcExt − 1.46508E +

01 ∗ Dens ∗ Cond ∗ ParcExt − 3.86245E − 02 ∗ UnCovVer ∗ IntArea ∗ IntArea + 5.24053E − 01 ∗
UnCovVer ∗ CovVer ∗ CovVer − 2.75663E + 01 ∗ Cond ∗ UnCovVer ∗ CovVer + 7.11439E + 01 ∗ View ∗
BuiltYrs ∗ UnCovVer + 1.02919E − 01 ∗ UnCovVer ∗ UnCovVer ∗ IntArea − 3.28336E + 00 ∗ Class ∗
UnCovVer ∗UnCovVer− 7.87081E+ 02 ∗Dens ∗Cond ∗CovVer− 2.26100E+ 03 ∗View ∗View ∗Cond+
5.63615E − 01 ∗ UnCovVer ∗ CovVer ∗ BuiltYrs + 4.64562E + 01 ∗ View ∗ Cond ∗ Cond + 2.81664E +

01 ∗ CovVer ∗ CovVer ∗ View − 1.93202E − 01 ∗ View ∗ CovVer ∗ ParcExt − 4.70719E + 00 ∗ Dens ∗
BuiltYrs ∗ UnCovVer + 6.68377E + 03 ∗ Dens ∗ View ∗ Class + 3.48819E + 01 ∗ View ∗ UnCovVer ∗
CovVer+ 5.50960E+ 01 ∗ Dens ∗UnCovVer ∗CovVer+ 6.22286E+ 01 ∗ Dens ∗UnCovVer+ 8.19344E+

02 ∗Dens ∗Class ∗UnCovVer− 4.44616E+ 04 ∗Dens ∗Dens− 1.24587E+ 01 ∗Dens ∗Class ∗ ParcExt+
5.88687E+ 00 ∗Class ∗Class ∗ ParcExt− 1.66661E− 01 ∗CovVer ∗CovVer ∗ IntArea+ 6.65160E+ 03 ∗
Dens ∗ Dens ∗ Cond + 3.01051E + 01 ∗ Cond ∗ CovVer ∗ CovVer + 1.08769E + 02 ∗ BuiltYrs ∗ CovVer −
2.07236E + 01 ∗View ∗ BuiltYrs ∗ CovVer − 5.19018E + 00 ∗ Cond ∗ BuiltYrs ∗UnCovVer − 1.55653E −
01 ∗ UnCovVer ∗ IntArea ∗ BuiltYrs + 1.09671E + 00 ∗ Dens ∗ ParcExt ∗ CovVer − 1.29912E + 02 ∗
View ∗ BuiltYrs ∗ Dens − 7.65347E + 00 ∗ BuiltYrs ∗ UnCovVer ∗ Class + 9.07541E + 01 ∗ Dens ∗
Cond ∗ IntArea − 4.31216E − 04 ∗ ParcExt ∗UnCovVer ∗ CovVer − 1.37379E + 01 ∗View ∗UnCovVer ∗
UnCovVer + 5.77048E − 03 ∗ ParcExt ∗ ParcExt − 5.29492E − 03 ∗ BuiltYrs ∗ BuiltYrs ∗ ParcExt −
1.10686E + 03 ∗ Class ∗ Class ∗ View + 6.79802E − 01 ∗ Dens ∗ UnCovVer ∗ IntArea − 2.49660E + 00 ∗
Dens ∗ View ∗ ParcExt + 1.30759E + 03 ∗ Class ∗ CovVer − 1.71103E + 02 ∗ Class ∗ CovVer ∗ Class +
9.43679E + 01 ∗ Cond ∗ CovVer ∗ Cond + 2.89773E + 01 ∗ Dens ∗ Dens ∗ BuiltYrs − 1.90894E + 02 ∗
UnCovVer ∗CovVer− 1.54163E+ 03 ∗Dens ∗View ∗UnCovVer− 2.77202E+ 03 ∗Dens ∗Dens ∗Dens+
5.71547E+ 00 ∗ Dens ∗ BuiltYrs ∗CovVer + 2.71628E+ 02 ∗View ∗UnCovVer ∗View+ 2.80269E+ 01 ∗
UnCovVer ∗ UnCovVer − 7.70039E + 01 ∗ BuiltYrs ∗ UnCovVer − 2.44312E + 00 ∗ Dens ∗ UnCovVer ∗
UnCovVer + 2.38252E + 01 ∗ Class ∗ UnCovVer ∗ CovVer − 4.06621E − 05 ∗ ParcExt ∗ ParcExt ∗
CovVer − 7.10543E + 04
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Figure A1. Sensitivity Analysis for Unit Class.
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Figure A2. Sensitivity Analysis for Unit Condition Code.
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Figure A3. Sensitivity Analysis for Unit Covered Extent.
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Figure A4. Sensitivity Analysis for Density.
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Figure A5. Sensitivity Analysis for Parcel Extent.
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Figure A6. Sensitivity Analysis for Uncovered Extent.

1 2 3 4 5

1.60×105

1.65×105

1.70×105

1.75×105

View

Ad
j. 

Ac
ce

pt
ed

 P
ric

e Medians -  Random Forests
Medians -  Gradient Boosting
Medians -  Linear Regression
Medians -  Non- Linear Regression

Figure A7. Sensitivity Analysis for View.
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Abstract: Flooding periodicity is crucial for biomass production and ecosystem functions in wetland
areas. Local monitoring networks may be enriched by spaceborne derived products with a temporal
resolution of a few days. Unsupervised computer vision techniques are preferred, since human
interference and the use of training data may be kept to a minimum. Recently, a novel automatic local
thresholding unsupervised methodology for separating inundated areas from non-inundated ones
led to successful results for the Doñana Biosphere Reserve. This study examines the applicability of
this approach to Camarque Biosphere Reserve, and proposes alternatives to the original approach to
enhance accuracy and applicability for both Camargue and Doñana wetlands in a scientific quest
for methods that may serve accurately biomes at both protected areas. In particular, it examines
alternative inputs for automatically estimating thresholds while applying various algorithms for
estimating the splitting thresholds. Reference maps for Camargue are provided by local authorities,
and generated using Sentinel-2 Band 8A (NIR) and Band 12 (SWIR-2). The alternative approaches
examined led to high inundation mapping accuracy. In particular, for the Camargue study area
and 39 different dates, the alternative approach with the highest overall Kappa coefficient is 0.84,
while, for the Doñana Biosphere Reserve and Doñana marshland (a subset of Doñana Reserve) and
7 different dates, is 0.85 and 0.94, respectively. Moreover, there are alternative approaches with high
overall Kappa for all areas, i.e., at 0.79 for Camargue, over 0.91 for Doñana marshland, and over 0.82
for Doñana Reserve. Additionally, this study identifies the alternative approaches that perform better
when the study area is extensively covered by temporary flooded and emergent vegetation areas
(i.e., Camargue Reserve and Doñana marshland) or when it contains a large percentage of dry areas
(i.e., Doñana Reserve). The development of credible automatic thresholding techniques that can be
applied to different wetlands could lead to a higher degree of automation for map production, while
enhancing service utilization by non-trained personnel.

Keywords: inundation mapping; flood mapping; automatic thresholding; Sentinel-2; wetlands;
marshland; Camargue; Doñana

1. Introduction

Wetlands, which constitute unique habitats for many different plant and animal species, are
important for their water-related ecosystem services, such as food provision, water filtration,
and protection against soil erosion [1]. Additionally, they provide important recreational and leisure
activities, such as bird watching, fishing, and hiking [2]. Wetlands are in danger of rapid decline in
both quantity and quality due to impacts related to climate change and human pressures [3]. Therefore,
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monitoring the variability of the surface water extent across time is important for taking actions
to increase resilience. Satellite data can provide a cost-effective solution for frequent and accurate
monitoring of surface water extent.

Numerous approaches, utilizing optical or radar data for estimating water surface areas, have
been proposed in the literature. The advantage of radar-based approaches is that they can operate
under nearly all-weather and day-night conditions. However, emergent vegetation [4], waves [5,6],
sand [7], and radar shadows produced by terrain features [8] impede the efficient delineation between
water and land. On the other hand, the extraction of the water surface from optical imagery is generally
more straightforward than radar imagery [9,10], since the rich spectral information of optical data
allows for the reliable detection of the water presence by utilizing various indices and bands. The main
limitation of using optical data is cloud presence, which prohibits the observation of the earth’s surface [10].
Several approaches utilize both optical and radar data to deal with the lack of optical data during extended
periods of cloud cover and overcome the limitations of radar data [11,12]. The methodology presented in
this work relies on optical data. Thus, literature information focuses on this category of approaches.

Thresholding approaches detect water-covered areas by applying thresholds to one or more
spectral bands or indices [13–19]. Commonly used indices include the Normalized Difference Water
Index (NDWI) [15,16,19], Modified NDWI [14,18–20], and Automated Water Extraction Index [17–19,21].
Several approaches use information from Shortwave infrared (SWIR) spectral ranges to identify shallow
inundated wetland areas, since it is less sensitive to sediment-filled waters and, hence, more efficient
for registering the boundaries between water and dry areas in shallow wetlands [13,22–24]. Automatic
thresholding approaches can be applied to different areas and are computationally inexpensive, but
they may wrongly classify dark objects (i.e., shadows and buildings) as water when their spectral
characteristics are similar [25]. Automatic thresholding approaches are distinguished into: (a) global
approaches [15,17,19,20,26], which estimate thresholds based on the histogram analysis of the complete
image, and (b) local thresholding approaches [23], which estimate local thresholds for image subsets
containing high percentages of pixels belonging to the water and non-water classes, and then may take
into consideration subsets’ thresholds to estimate an overall threshold. Local thresholding approaches
overcome the incapability of global approaches to estimate an optimal histogram threshold when
the class proportions within the image are imbalanced [27]. Various algorithms (such as Otsu’s [28],
and Kittler and Illingworth’s [29]) have been used for estimating thresholds separating inundated and
non-inundated pixels inside an image.

Machine-learning algorithms, including supervised and unsupervised ones, have also been used
for detecting water bodies from multispectral imagery. Supervised approaches applied for water
detection include random forests [30,31], neural networks [32], support vector machines [33,34], deep
neural networks [35,36], and decision trees [13,22,37], while frequently used unsupervised approaches
for water mapping include K-means [38] and Iterative Self-Organizing Data Analysis Technique
(ISODATA) [39]. Even though machine-learning approaches usually exhibit higher accuracy than
thresholding ones [30], they have several limitations. (a) In case reference data is not available,
supervised approaches require collection of training samples, which is a time-consuming and tedious
task that requires expert knowledge and/or validation in the field [25,40]. (b) Supervised methods may
meet problems when mapping water bodies over large scale areas [41]. (c) Unsupervised methods need
expert knowledge to select the initial class and iteration parameters [42], and may need post processing
of the results to combine adjacent regions into larger regions corresponding to water bodies [30].

Most of the previously mentioned approaches aim to detect water in open-water bodies such as
rivers, lakes, reservoirs, and watersheds [17,19,20,30,33,37,43], while a part of them focuses on wetland
areas [13,22–24].

This study focuses on wetland areas and examines alternative approaches of the original automated
local thresholding approach presented in Reference [23] with the objective to suggest alternative
approaches, which may produce credible results for both Camargue and Doñana wetlands, i.e.,
be identified as possibly applicable to further wetland areas and biomes. Each examined alternative
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approach relies on a specific band or band combination, acknowledged as effective by the underlying
physics, and a specific approach for estimating splitting thresholds. The different Sentinel-2 (S2)
based inputs examined for estimating thresholds include: (i) Band 11 (SWIR-1), (ii) product (result
of the multiplication) of Band 12 (SWIR-2) and Band 8A (NIR), and (iii) product of SWIR-1 and NIR.
The different methods for estimating splitting thresholds include: (i) minimum entropy thresholding,
and (ii) Otsu’s algorithm. The results of the alternative approaches are compared against reference
maps, provided for Doñana and Camargue by local research institutes, based on locally developed
water detection models [22,24].

2. Materials and Methods

2.1. Study Areas

2.1.1. Camargue

The Camargue (Figure 1) is a polderized delta created by the Rhône River that covers an area of
145,300 ha rarely exceeding 5 m in altitude. It comprises a high diversity of wetland types according
to a water-salinity gradient such as lagoons, salt meadows, dense halophilous scrubs and steppes,
brackish/freshwater marshes with tall emergent or permanent aquatic vegetation, and temporary pools.
The climate is Mediterranean, being characterized by mild and wet winters and hot and dry summers.
With mean annual precipitations of 600 mm, mainly concentrated from autumn to early spring, and a
mean evapotranspiration of 1400 mm, the Camargue is characterized by high water deficits, especially
in the summer [44,45]. As a result, 730 millions of cubic meters of water are pumped from the Rhône on
average each year to compensate for river embankment, avoid soil salinization, and enhance primary
production. This water, primarily pumped from March to September, is distributed through a complex
network of channels for irrigating crops and pastures, as well as for flooding marshes, which support
nature conservation, wildfowl hunting, and reed harvest. Accordingly, some Camargue wetlands are
flooded year round or during most of the year as a result of artificial irrigation (e.g., hunting reed
marsh). Other wetlands become naturally dry during the summer season (e.g., harvested reed marsh,
bulrush marsh) and, lastly, a few are flooded only during a period of high rainfalls (e.g., halophilous
scrubs, temporary pools) [46]. Within the context of climate change and increasing human pressures,
the development of a remotely-sensed tool to monitor water seasonal variation in these wetlands is
essential [47].

2.1.2. Doñana

The Doñana wetlands (Figure 2), covering 108,429 ha, lie within and around the delta of the
Guadalquivir River in Southwest Spain and contain two main habitat types: seasonal marshes and
adjacent eolian sands holding aquifer-fed dune ponds. These are surrounded by scrublands, pine
forests, and cultivated areas. The marshland area is comprised of seasonal open marsh with emergent
plants, temporary pools with annual plant species, and scattered halophilous scrubs [48]. The Doñana
climate is Mediterranean sub-humid with hot and dry summers and mild and wet winters. The annual
precipitation, with an average of 550 mm, occurs mainly between October and April and is almost
absent between May and September. The highest monthly rainfall usually occurs in November and
maximum water levels are reached during February. Marshes dry up slowly in late spring and most of
their surface gets completely dry by the end of July [49]. Marshland’s depth, turbidity, and vegetation
cover varies depending on the amount and seasonal pattern of precipitation [24]. Marshes are breeding
ground and host many species of migratory birds during the winter [49]. In parallel, rice-paddies,
aquaculture ponds, and salt pans constitute an extensive system of artificial wetlands in Doñana that
also provide a habitat for water birds and other species, especially when natural wetlands dry up
seasonally [50].
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Figure 1. Map of the Camargue Biosphere Reserve located in south France, partially falling within
the Occitanie and Provence-Alpes-Côte d’Azur administrative regions, with underlying S2 RGB
(red-green-blue) image on 18 April 2018. Red line: boundary of the Biosphere Reserve.

 
Figure 2. Map of the Doñana Biosphere Reserve located in Southwest Spain, falling within the Andalusia
administrative region, with underlying S2 RGB image on 21 February 2018. Red line: boundary of the
Biosphere Reserve. Yellow shaded area: Doñana marshland wetland area.
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2.2. Dataset

2.2.1. Camargue

Thirty-nine cloud-free and atmospherically corrected S2 Level-2A (L2A) products of the Camargue
from 12 June, 2017 to 19 June, 2018 were downloaded from the Copernicus European Space Agency
(ESA) hub (see Table 1). The shapefile containing the boundaries of Camargue comprises two different
tiles (namely 31TEJ, 31TFJ). The tile products are mosaicked and clipped to the extent of the shapefile.

Table 1. Dates of cloud free S2 acquisitions over Camargue.

Cycle Sept. Oct. Nov. Dec. Jan. Feb. Mar. Apr. May June July Aug.

2016–2017 12,19
4,7

12,14
17

3,13
18,21

2017–2018 5,7
20,27

5,7
10,12
27,30

14,16
19,21

6,9
16,24 23 4,22

27 14 18,20 20,25 19

The reference maps for Camargue were obtained by dichotomous partitioning of reflectance
values encoded as 1 for water presence and 0 for water absence based on ground-truth (n = 1229) and
optical-space derived (n = 2603) reference points covering the whole Biosphere Reserve area and all
the main habitat types [22]. Ground-truth data refer to water level measures in different wetland types,
focusing on those with a dense vegetation cover. For optical-space data, a water formula developed
with SPOT-5 (Satellite Pour l’Observation de la Terre - 5) [13] was used to generate a water mask for
dates when Landsat-8 scenes were also available. Fifty random points from each of the main land cover
types in the Camargue (n = 17) were selected on the SPOT-5 water maps and transferred to Landsat-8
scenes with similar dates. These points were then used as training data along with ground-truth
measures for creating a Landsat-8 water formula. The same procedure was repeated to develop a
water formula with S2 from Landsat-8. Data mining was performed with the Rpart package in the
R software using eight bands of S2, as well as various spectral indices found in the literature for
explaining the variables (for more details, see References [13,22]). A random selection of 30% of all
points was excluded from the sample and used for validation. The best model selected used the near
(NIR) and short-wave (SWIR-2) infrared wavelengths. NIR was useful for discriminating areas that
are completely dry, while SWIR-2 was efficient for water detection. This model provided an overall
accuracy of 94% for predicting water presence/absence with Kappa coefficients of 0.82 on both the
training and validation samples [22]. Wetlands characterized by a dense cover of vegetation were
correctly classified at 89%.

2.2.2. Doñana

Seven cloud-free and atmospherically corrected S2 L2A products of the Doñana from 1 June,
2017 to 17 April, 2018 were downloaded from the ESA hub, so that they timely overlap with Landsat
cloud-free parallel data (see Table 2). The shapefile containing the boundaries of Doñana Biosphere
Reserve comprises three different tiles (namely 29SQA, 29SQB, and 29SPB). The tile products were
mosaicked and clipped to the extent of the shapefile.

Table 2. Dates of cloud free S2 acquisitions over Doñana, coinciding with Landsat ones, with the exception
of one date. Landsat acquisition was one day earlier than the S2 acquisition on 21 February, 2018.

Date 01/06/2017 11/07/2017 20/08/2017 08/11/2017 27/01/2018 21/02/2018 17/04/2018

Inundation maps of the Doñana area with 30-m pixel resolution, which are generated from Landsat
satellite data and provided by the Doñana Biological Station (EBD), are used as ground truth data.
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These reference maps were obtained by dichotomous partitioning of reflectance values on Landsat
Thematic Mapper (TM) and Enhanced TM (ETM) band 5 (SWIR) based on 6005 ground-truth field
sampling points, mostly collected within the marshland area of Doñana [24]. This model provided an
overall accuracy of 93% for predicting water presence/absence with a Kappa coefficient of 0.65.

2.3. Methodology

The work presented in Reference [23] introduces an unsupervised approach, detecting
automatically thresholds on the SWIR-1 band and on a Modified-Normalized Difference Vegetation
Index (MNDVI) (estimated as the normalized difference of Band 7 and Band 5 of S2), to estimate
open-water and water-vegetation subclasses. This approach demonstrated high classification accuracy
for Doñana, with an overall Kappa coefficient reaching 0.94 and 0.88 for the marshland and the
complete area (i.e., the Biosphere Reserve), respectively. This paper examines alternatives of the
original thresholding approach driven by the findings for Camargue. Instead of the SWIR-1 band,
other algebraic band combinations are also examined. Additionally, both the minimum cross entropy
thresholding algorithm (MCET) [51] and Otsu’s algorithm [28] are used for estimating thresholds
partitioning inundated and non-inundated pixels inside an image subset based on their class distribution.
The methodology’s steps are presented in Figure 3.

Figure 3. Schematic flow diagram of the automatic thresholding methodology.

2.3.1. Segmentation of the Satellite Image

As the first step, the satellite image is segmented into non-overlapping regions by utilizing the
mean-shift segmentation algorithm [52]. The resulting segmentation map is utilized for selecting
segments with a high percentage of inundated pixels.

The input to the segmentation algorithm is a false color image composed of Band 2 (BLUE), Band 3
(GREEN), and Band 4 (RED), which have been normalized to the range [0,255], by relying on minimum
and maximum values representing the intensity percentile range from 1% to 99% per band. These
bands are selected due to their 10-m resolution, which allows for a more accurate segmentation of the
satellite image, compared to selection of other bands with a lower resolution [23].
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2.3.2. Mapping of the Open-Water Subclass

Three input data alternatives are examined for estimating an initial threshold Tinit separating
inundated from non-inundated pixels: (i) SWIR-1 band, which is denoted as Alt1, (ii) product (per pixel
multiplication) of SWIR-2 and NIR, which is denoted as Alt2, and (iii) product of SWIR-1 band and NIR,
which is denoted as Alt3. The first alternative Alt1 is the one proposed in the original approach [23].
The second alternative Alt2 is inspired by the approach suggested in Reference [22] for Camargue,
which applies strict thresholds to SWIR-2 and NIR (see paragraph 2.2.1), and the third alternative
Alt3 is a variant of the Atl2 where SWIR-1 is used instead of SWIR-2. Each of Alt1, Alt2, and Alt3 is
normalized in the range of [0,255], by relying on minimum and maximum values representing the
intensity percentile range from 1% to 99%. The term “Inp”, used in the following, is a generic term for
the input data, corresponding to either Alt1, Alt2, or Alt3.

The histogram of Inp is used to estimate an initial threshold Tinit separating inundated from
non-inundated pixels. Tinit is the Inp value for which the first deep valley of this histogram is
detected (Figure 4 shows histograms using Alt2 as input). If a pixel p has Inp(p) < Tinit, it is denoted
as inundated. Otherwise, it is denoted as non-inundated. Therefore, an initial inundation map is
generated. Based on this inundation map, segments Gm, where m = 1,2, . . . , M, having a large
percentage of inundated pixels (i.e., over 70% of a segment’s pixels are inundated) are selected and
their corresponding centroids Cm are estimated.

(a) (b) 

Figure 4. Histogram of the Alt2 map for (a) Camargue on 18 August 2017, and (b) Doñana on
20 August 2017. Tinit is the value for which the first deep valley in the Alt2 histogram is detected (black
point). The red point on the Alt2 histogram corresponds to the final Alt2 threshold Tfinal estimated
by relying on MCET. The deep valley right after the first valley in the Alt2 histogram, detected only
on the right histogram, corresponds to threshold Tupper (green point). Histogram values reach up to
255 normalized intensity value. However, since there are a few pixels with an Alt2 value over 200 and
they do not cause fluctuations of the Alt2 histogram curve, the upper limit of the x-axis is set to 200 for
visualization reasons.

Square patches Pk
m of expanding window size are centered around each Cm. The window size

in pixels is given by [20·k × 20·k], where k = 1,2, . . . , 20. The splitting thresholds f k
m of patches with

bimodal histogram (i.e., two distinctive classes of intensity values corresponding to inundated and
non-inundated classes appear in the histogram) are estimated based on the histogram thresholding
algorithms (MCET or Otsu’s algorithm). Their median is assumed to be the optimal threshold f m

opt
corresponding to the segment Gm. The usefulness of using expanding patches is to calculate the optimal
threshold per segment more robustly, since its estimation is based on multiple splitting thresholds.
Then, the median of selected segments’ optimal thresholds is estimated as: Mopt = median

m=1,2,...,M
( f m

opt).
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Final threshold Tfinal (see Figure 4), discriminating the open-water subclass, is estimated as
max(Mopt,Tinit). Pixels p with Inp(p) < Tfinal are assumed to belong to the open-water subclass,
comprising of water or water with sparse vegetation pixels.

When MCET or Otsu is used for estimating the splitting thresholds, Tfinal is denoted as TMCET
final

or

TOtsu
final

, respectively. Average (abbreviated as “avg”): T
avg
final

=
(
TMCET

final
+ TOtsu

final

)
/2 is also examined as

the final threshold.

2.3.3. Mapping of the Water-Vegetation Subclass

Inundated areas may be covered by emergent vegetation. The Inp value of the pixels in these areas
is higher compared to the Inp values of the pixels with open water or water with sparse vegetation
belonging to the open-water class. Therefore, a threshold Tupper, which is the Inp value for which the
deep valley right after the first deep valley is detected in the Inp histogram, is assumed to represent
the upper threshold for pixels comprising areas of water covered by dense vegetation (see Figure 4b).
At the same time, areas with dense emergent vegetation are expected to have high MNDVI value.
Thus, a threshold TMNDVI, which should be more than 0.4, is selected. In particular, TMNDVI is set
equal to the MNDVI value, for which the first valley in the part of the histogram with MNDVI values
over 0.4 is detected (see Figure 5b) following the findings in Reference [23].

(a) (b) 

Figure 5. Histogram of the MNDVI map for (a) Camargue on 18 August, 2017, and (b) Doñana on
20 August, 2017. TMNDVI is the MNDVI value for which the first deep valley after 0.4 is detected in the
MNDVI histogram (red point). TMNDVI is detected only on the right histogram.

A pixel p is assumed to belong to the water-vegetation subclass if the following two conditions
are met: Tfinal < Inp(p) < Tupper & MNDVI(p) > TMNDVI, presuming that Tupper and TMNDVI can
be detected in the histograms of Inp and MNDVI, respectively. These latter conditions are valid
for Doñana on 20 August, 2017 (see Figures 4b and 5b), but not for Camargue on 18 August, 2017
(see Figures 4a and 5a).

3. Results

3.1. Comparison of Automatic Thresholding Results Against Reference Map of Camargue

The three input alternatives (Alt1 or Alt2, or Alt3) and the three different ways of estimating the
final threshold (TMCET

final
or TOtsu

final
or T

avg
final

) form nine different alternatives, with each one combining an
input alternative and a way of estimating the final threshold. The alternative ways of estimating final
threshold are referred to as “MCET” (standing for TMCET

final
), “OTSU” (standing for TOtsu

final
), and “avg”

(standing for T
avg
final

). For example, if “Alt2” is the input and “avg” is the way of estimating the final
threshold, then the alternative will be named as “Alt2 (avg)”.
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Regarding Camargue, each of the alternatives is applied to the 39 S2 products (see Table 1),
and the results are compared to the reference maps. Pixels corresponding to the coastal waters are not
taken into consideration for the comparison to obtain unbiased classification results. The results are
presented using Kappa coefficient, which is estimated in terms of the observed agreement (po) and the
agreement expected by chance (pe) as: Kappa= (po − pe) / (1-pe) [53].

The curves presented in Figure 6 show how the Kappa coefficient varies for the time period
between 12 June, 2017 and 19 June, 2018 for five out of nine alternatives with the best agreement with
the reference map. The best agreement is given by “Alt3 (OTSU)”. “Alt3 (avg)” and “Alt2 (avg)” rank
second and third, respectively, and have similar results. Lastly, “Alt3 (MCET)” and “Alt2 (MCET)”
rank fourth and fifth, respectively, and give very close results. The previously mentioned ranking is
based on the overall Kappa accuracy provided in Section 3.3. For all curves, it is seen that agreement
decreases in the winter months from XII to II. For this period, Kappa is below 0.7 for most of the dates,
while, for the rest of the year, the Kappa value is generally more than 0.7.

Figure 6. Kappa coefficient variation of five alternatives in the time period between 12 June, 2017 and
19 June, 2018. The months’ numbers are given as Latin numerals and are colored according to the
season they belong, i.e., green for summer, blue for autumn, black for winter, and pink for spring.

Figure 7 shows an example of inundation maps obtained from an S2 scene on 27 February, 2018
when using the alternative approaches of Alt3 input as compared to the reference map. Green and pink
colors indicate classification differences between the reference map and the Alt3 maps. The map of
“Alt3 (OTSU)” (Figure 7b) agrees better with the reference map (Figure 7a), compared to “Alt3 (MCET)”
(Figure 7d), which largely underestimates water presence, and “Alt3 (avg)” (Figure 7c), which shows
intermediate results. However, while “Atl3 (OTSU)” is able to detect water in vegetated areas more
efficiently, such as the ones enclosed in the yellow squares, it tends to overestimate water presence in
agricultural areas.
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Figure 7. Inundation map on 27 February, 2018 using (a) an S2 derived inundation reference map,
(b) “Alt3 (OTSU)”, (c) “Alt3 (avg)”, and (d) “Atl3 (MCET)”. Blue and gray colors correspond to
inundated and non-inundated areas, respectively. The green color corresponds to areas classified
as inundated in (a) but non-inundated in (b–d), while pink color corresponds to areas classified as
non-inundated in (a) but inundated in (b–d). The yellow colored squares in (a) enclose emergent
vegetated areas. The upper yellow square encloses reed beds and the lower one encloses short
helophytes, submerged macrophytes, halophilous scrubs, and annual and perennial herbs.

3.2. Comparison of Automatic and Thresholding Results Against Landsat Reference Maps of Doñana

In order to account for the uncertainty caused by the lower spatial resolution of the Landsat-derived
reference maps, pixels in the transition zones between inundated and non-inundated areas (i.e., pixels
including in their eight closest-neighbor pixels at least one pixel of a different class) in the S2 maps
were excluded from the accuracy estimation (see Reference [23] for more information). Pixels in the
area corresponding to sea coastal waters were also excluded. The curves, presented in Figure 8, show
how Kappa coefficient varies for seven different dates regarding the five top ranking alternatives at the
Doñana marshland (Figure 8a) and Doñana complete area (Figure 8b).
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Figure 8. Kappa coefficient variation of five alternatives for seven different dates with respect to
(a) Doñana marshland and (b) Doñana complete area.

In Doñana marshland, “Alt1 (OTSU)” provides the highest accuracy, followed by “Alt2 (MCET)”
and “Alt1 (Avg)” (see Section 3.3 for more details on the ranking that is based on overall Kappa).

In the Doñana complete area, “Alt3 (MCET)” provides the highest accuracy, followed by “Alt1
(MCET)” and “Alt2 (MCET)” (see Section 3.3 for more details on the ranking that is based on overall
Kappa). “Alt1 (avg)” provides the most consistent Kappa values across the study period.

Figure 9 shows an example of the Landsat derived inundation reference map on 27 January, 2018 and
the inundation maps estimated based on the alternative approaches using Alt3 input. Green and pink
colors indicate the classification differences between the reference map and the alternative maps. “Alt3
(MCET)” (Figure 9d) agrees well with the reference map (Figure 9a), while “Alt3 (OTSU)” (Figure 9b)
largely overestimates the water presence and “Alt3 (avg)” (Figure 9c) shows intermediate results.
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Figure 9. (a) Landsat derived inundation map on 27 January, 2018. Inundation map on 27 January, 2018
using (b) “Alt3 (OTSU)”, (c) “Alt3 (avg)”, and (d) “Atl3 (MCET)”. Blue and gray colors correspond
to inundated and non-inundated areas, respectively. Green color corresponds to areas classified as
inundated in (a) but non-inundated in (b–d), while the pink color corresponds to areas classified as
non-inundated in (a) but inundated in (b–d). The yellow polygon encloses marshland area.

3.3. Overall Kappa Per Approach and Examined Areas

Figure 10 provides overall Kappa coefficients, which are estimated when the number of true
positive pixels of the inundated class, false positive pixels of the inundated class, true positive pixels
of the non-inundated class and false positive pixels of the non-inundated class are added for dates
per approach and examined study. The combined Overall Accuracy of each approach per study case
is also given as a number close the point corresponding to its overall Kappa. Kappa values can be
classified according to Reference [53] as follows: “Moderate” when 0.40 < Kappa ≤ 0.60 (shortened
as “Mod”), “substantial” when 0.60 < Kappa ≤ 0.80 (shortened as “Sub”) or “almost perfect” when
0.80 < Kappa ≤ 1 shortened as (“Alm Perf”).
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Figure 10. Overall Kappa per approach and examined study area. The dotted line delineates the
threshold of the “Alm Perf” case. Yellow arrows indicate alternative approaches succeeding “Alm Perf”
results in Camargue and Doñana marshland at the same time, while blue arrows showcase the most
successful overall alternative ones. The combined overall accuracy of each approach per study area is
given as a number close the point corresponding to its overall Kappa.

“Alt2 (avg)” and “Alt3 (avg)” (see yellow arrows in Figure 10) have both “Alm Perf” overall
Kappa when considering Camargue and Doñana marshland study areas. While, for the Doñana
complete area, their Kappa is “Sub”, since overall Kappa for “Alt2 (avg)” and “Alt3 (avg)” is 0.63
and 0.73, respectively. On the other hand, “Alt2 (MCET)” and “Alt3 (MCET)” (see blue arrows in
Figure 10) exhibit more consistent performance across sites, since their Kappa is “Alm Perf” for both
Doñana marshland and Doñana complete area, while, for Camargue, their overall Kappa is very close
to “Alm Perf.”

4. Discussion

The aim of this paper is to examine the performance of various alternative automatic thresholding
approaches for inundation mapping in two different wetland areas, which include Camargue and
Doñana. These are considered as testbeds to evaluate the transferability of the different approaches
and select the ones that favor the acquisition of consistently credible results for both wetlands. In this
study, the local thresholding alternative approaches utilize multispectral satellite data, while the vast
majority of local thresholding approaches have been designed for utilizing radar data (e.g., [27,54–58]).
Moreover, the estimation of local thresholds relies on patches of expanding size, contrary to most of the
approaches using image subsets of fixed size [55–58]. This helps to increase robustness, when input
data have different spatial resolution such as when inputs from different satellites are used.

The overall Kappa of the alternative approaches varies from 0.73 to 0.84 for Camargue, from 0.74
to 0.94 for Doñana marshland, and from 0.45 to 0.85 for the complete area of Doñana. The experimental
results demonstrate that there is not a common approach across all study cases achieving absolute
top accuracy. “Alt3 (OTSU)” is best for Camargue, “Alt1 (OTSU)” is best for Doñana marshland,
and “Alt3 (MCET)” is best for Doñana as a whole. The use of “Alt2” and “Alt3” input alternatives
leads to the estimation of additional inundated areas compared to “Alt1”, but sometimes leads to
overestimating the water presence in dry areas. “OTSU” algorithm identifies the final threshold at a
relatively high value leading to a possible overestimation of the inundated areas, while the “MCET”
algorithm identifies a final threshold at a lower value, which leads to a possible underestimation of
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the inundated areas, especially in emergent vegetation areas. As a sequence, the use of “avg” helps
to balance between the overestimation and underestimation of inundated areas. “Alt2 (avg)” and
“Alt3 (avg)” are the most accurate approaches when considering, at the same time, Camargue and
Doñana marshland, with both approaches exhibiting overall Kappa over 0.81 and 0.86 for the two
study areas, respectively. These areas are dominated by emergent vegetation and temporary flooded
areas, and, thus, “Alt2 (avg)” and “Alt3 (avg)” could be utilized for other wetlands with similar
characteristics. However, the overall Kappa is below 0.74 for both approaches when considering the
Doñana complete area. The complete Doñana area is comprised of larger parts that are permanently
dry. In this case, the utilization of MCET achieves a higher accuracy. Overall, “Alt2 (MCET)” and
“Alt3 (MCET)” showcase a consistent overall Kappa exceeding 0.79 for all three study areas, since they
avert the erroneous detection of water in dry areas. Thus, these two alternatives should be preferred
for wetlands comprising large parts of dry areas.

The fact that different approaches seem to operate best in one or the other study area may be
related to the models used for generating the reference maps, as well as the original field data used
to build the local water presence models. In Doñana as in Camargue, the reference maps are from
formulas developed to optimize water detection in the wetland types that represent very effective
local conditions. Doñana marshland mostly includes seasonal marshes with relative sparse and low
emergent vegetation due to the short flooding period. Tall emergent plants are rare and they are
generally grazed by cattle when present [48]. Hence, the formula originally developed in Doñana
does not have to perform well under dense vegetation cover. On the other hand, tall emergent plants
cover large areas of semi-permanent marshes in Camargue, and the formula originally developed
was specifically meant to detect water under dense and tall vegetation cover [22]. The sensors and
spectral bands used to develop the original formula at each site could also influence the performance
of each alternative approach tested. In Doñana, the estimation of the reference maps relied on band 5
of Landsat TM and ETM, which is similar to the SWIR-1 band of S2. The best performing alternative at
this site is associated with the SWIR-1 band (e.g., Alt1 data input). In Camargue, the original formula
used a combination of SWIR-2 and NIR S2 bands [22], and the three best performing alternatives use
NIR in combination with SWIR-1 (e.g., Alt2 data input) or SWIR-2 (e.g., Alt3 data input) bands.

In Camargue, the accuracy of all alternative approaches decreases during winter (from December
to February). This systematic error is largely due to the misclassification of the water presence under
dense cover of scrubby vegetation (Salicornia marshes). This habitat, which is flooded by rainfall
during this specific time of year [22], contributes to 25% of water pixels that were misclassified as dry
in Figure 7. Another example is given in Figure 11, where the comparison between (a) and (b) shows
that “Alt3 (OTSU)” mainly detects open water areas, and neglects the water presence under Salicornia
salt marshes classified as flooded in the reference map.

During the study period, S2 satellites were passing over Camargue during late morning (between
10.10 and 10.40 CET). As a consequence, shadows, which are mainly observed in the town of Arles
in the north of Camargue area, appear in S2 data. Longer shadows, which are observed from the
end of autumn to early spring and mainly during winter, are misclassified as inundated areas to a
larger degree with the reference map compared to the automatic thresholding alternatives. Therefore,
shadow misclassification related to time of the satellite passage factor can also contribute to the
reduction of agreement between the reference map and automatic thresholding approaches in the
winter. Another example of disagreement is related to deep waters in a large lagoon that were
misclassified as non-inundated areas by the reference map in November (14 November 2017) but not by
“Alt2 (avg)” (Figure 12). This misclassification (see within the red square of Figure 12b) was attributed
to the presence of waves caused by strong winds during the S2 image acquisition. Presumably, other
sources of “false misclassifications” could arise from the reference maps of Doñana and Camargue
because they were built from models that were not 100% accurate.
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Figure 11. Zoomed part of the inundation map generated on 23 January, 2018 using: (a) “Alt3 (OTSU)”,
and (b) reference map. In this region of the Camargue, the main habitat is halophilous scrubs (Salicornia
marshes). Areas of open water and bare ground are clearly visible on the Google Earth image of the
same area acquired on 22 April, 2018 shown in (c).

 

Figure 12. Inundation map generated on 14 November, 2017 using: (a) “Alt2 (agv)”, and (b) reference
map. Blue and gray colors correspond to inundated and non-inundated areas, respectively.

Another finding is related with the rice fields within the study areas. The criteria for mapping the
water-vegetation subclass (see paragraph 2.4.3) as defined for Doñana are not satisfied for Camargue
for any of the dates or any of the alternative approaches. On the contrary, for Doñana, the criteria
are satisfied for the dates falling within summer (e.g., 11 July, 2017 and 20 August, 2017) and the
water-vegetation subclass is mainly detected in the upper east area where rice fields are located. This
result complies with the results in Reference [23] and is in agreement with the growing cycle of rice,
since the rice grows during the summer period in Doñana and, at the same time, the paddies are
flooded [59]. The difference between Camargue and Doñana is that the thresholds examined in the
criteria for detecting water-vegetation subclass can be detected in the Inp for Alt1 and Alt2 and MNDVI
histograms of Doñana, but not of Camargue (see Figures 4 and 5). This likely relates to the land cover
synthesis of each area. In particular, for the rice paddies of Camargue, it is found that there are other
land cover types (e.g., reed marsh) with similar spectral behavior (i.e., similar Inp and MNDVI values)
to the rice paddies. This is evident in a much smaller degree for Doñana. Moreover, the average
MNDVI value of the Camargue rice paddies is lower than the average MNDVI value of the Doñana
rice paddies and, thus, the discrimination of Camargue rice paddies from other vegetated areas in the
MNDVI histogram is impeded. Due to the previously mentioned reasons, emergent rice cannot be
detected in Camargue from the middle of July to early September.
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Furthermore, by comparing Alt1, Alt2, and Alt3, it is evident that Alt2 and Alt1 histograms
allow the detection of Tupper (see Figures 4b and 13a), while, in the histogram of Alt3, Tupper cannot
be detected (see Figure 13b). As a consequence, when comparing the inundation maps presented
in Figure 14, it is evident that the water-vegetation subclass, corresponding mainly to rice fields
located in the upper right part of the inundation map, cannot be detected when using the “Alt3
(MCET)” approach.

(a) (b) 

Figure 13. Histogram of the (a) Alt1 and (b) Alt3 maps for Doñana on 20 August, 2017. Tinit is the value
for which the first deep valley in the Alt1 and Alt3 histograms is detected (black point). The red point
on Alt1 and Alt3 histograms corresponds to Tfinal estimated relying on MCET. The deep valley right
after the first valley in the Alt1 histogram corresponds to threshold Tupper. Tupper cannot be detected
on the Alt3 histogram. (Histograms’ values reach up to 255. However, since there are a few pixels with
value over 200 that do not cause fluctuations of the histograms’ curves, the upper limit of the x-axis is
set to 200 for visualization reasons.).

 

Figure 14. Inundation map generated on 20 August, 2017 using: (a) “Alt1 (MCET)”, (b) “Alt2 (MCET)”,
and (c) “Alt3 (MCET)” alternatives. Blue and gray colors correspond to inundated and non-inundated
areas, respectively.

This study proves that automatic thresholding can be applied to more than one study areas and
achieve high inundation mapping accuracy, without the need for simultaneous ground truth data or
user’s intervention. Machine learning approaches that are developed based on ground truth data
derived from a specific site [13,30,33,35,37] may perform very accurately as well. However, a credible
performance for other sites cannot be safeguarded. Several studies have identified that surface
reflectance accuracy of S2 L2A products may vary for different dates [60,61]. Hence, the performance
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of machine learning approaches could be negatively affected for dates that there is a notable variance
in the surface reflectance accuracy compared to the dates, for which the training samples were derived
in order to train the classification models.

5. Conclusions

This study examines automatic thresholding alternative approaches for separating inundated class
pixels from non-inundated class pixels by utilizing atmospherically corrected S2 data. The experimental
results show that alternative approaches are able to achieve high classification accuracy for Camargue
and Doñana study areas. Out of the nine alternative approaches tested, three, seven, and four approaches
were “Alm Perf” for Camargue, Doñana marshland, and Doñana complete area, respectively. “Alt2
(avg)” and “Alt3 (avg)” provided “Alm Perf” results for both Camargue and Doñana marshland, while
“Alt2 (MCET)” and Alt3 (MCET)” provided the most consistent results for all areas, including the
Doñana complete area. Thus, “Alt2 (avg)” and “Alt3 (avg)” are suggested for wetlands extensively
covered by temporary flooded and emergent vegetation areas, such as the Camargue and the Doñana
marshland, while “Alt2 (MCET)” and “Alt3 (MCET)” are expected to give more consistent results for
wetlands including a large portion of dry areas, such as the Doñana complete area.

Future steps could consider the exploitation of ancillary information, such as digital elevation
models to improve water detection under emergent vegetation, by inferring the water presence based
on detected adjacent water covered areas having similar elevation, and land cover information to correct
areas erroneously classified as water covered, where water presence is not expected. Furthermore,
S2 inundation maps of a site generated via the automatic thresholding alternative achieving top
accuracy among other alternatives can be fused with S1 data in order to allow for inundation mapping
during extended cloudy periods, based on the example of Reference [12].
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Abstract: Solar maps are becoming a popular resource and are available via the web to help plan
investments for the benefits of renewable energy. These maps are especially useful when the results
have high accuracy. LiDAR technology currently offers high-resolution data sources that are very
suitable for obtaining an urban 3D geometry with high precision. Three-dimensional visualization
also offers a more accurate and intuitive perspective of reality than 2D maps. This paper presents
a new method for the calculation and visualization of the solar potential of building roofs on an
urban 3D model, based on LiDAR data. The paper describes the proposed methodology to (1)
calculate the solar potential, (2) generate an urban 3D model, (3) semantize the urban 3D model with
different existing and calculated data, and (4) visualize the urban 3D model in a 3D web environment.
The urban 3D model is based on the CityGML standard, which offers the ability to consistently
combine geometry and semantics and enable the integration of different levels (building and city)
in a continuous model. The paper presents the workflow and results of application to the city of
Vitoria-Gasteiz in Spain. This paper also shows the potential use of LiDAR data in different domains
that can be connected using different technologies and different scales.

Keywords: 3D modelling; LiDAR; CityGML; solar potential

1. Introduction

Currently, half of the world’s population lives in urban areas; according to the UN, this number
will increase to 60% in two decades. Cities consume a considerable amount of energy, but they can also
produce it. Solar energy has the advantage of being able to be generated in the same place it can be
consumed due to the possibilities offered by the integration of photovoltaic systems in buildings.

As reflected in Directive 2010/31/EU, 40% of the total energy consumption in the European Union
corresponds to buildings. These conditions have caused the EU to promote the development of
photovoltaic energy as part of improvement programs for the energy efficiency of buildings. By the
end of 2020, at least 25% of new or refurbished buildings will be obliged to comply with the high
energy efficiency and bidding requirements for energy consumption, which should be obtained from
renewable sources.

Solar energy is the largest and cleanest source of renewable energy. Current technologies enable
high performance in the generation of energy from the sun. The potential of solar energy on roofs can
be calculated from images, shade estimation, and meteorological data. At the same time, the amount
of greenhouse gas emissions avoided in the city with the use of this energy is also estimated [1].
Geographic information systems (GIS) are useful tool for this analysis [2,3].

Work was recently performed based on data obtained with LiDAR technology [4–6]. The accuracy
of the results depends on the quality and reliability of the input data. The simplest methods consider
the horizontal surface of a roof without taking into account the morphology of a building or the shape
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of the roof [7]. However, for greater accuracy in the three-dimensional analysis of buildings, other
variables, such as the orientation of a roof or even the slope of a roof, must be taken into account without
ruling out the effect of shadows [8]. The alternatives presented are based mostly on sophisticated
methodologies, commercial tools, and/or complex models.

This paper presents a method for analysing the solar potential of the roofs of urban buildings
based on LiDAR data. The method is easily replicable and is based on open data and non-commercial
tools that produce high-precision results (1 sqm). In addition, an urban 3D model is generated and
semantized with solar potential data for subsequent visualization in a 3D web tool. The integration of
information from different domains in a single urban 3D model enables further information retrieval
and analysis.

The remaining article is structured as follows: The proposed workflow for solar potential analysis
and the urban 3D model creation are explained in Section 2. In Section 3, the workflow is validated in
the case study of Vitoria-Gasteiz, Spain. Section 4 contains a discussion of the work, and the main
conclusions obtained from the work described in this paper are presented in Section 5.

2. Materials and Methods

To calculate the solar potential and generate the urban 3D model, the following software tools
were employed:

- QGIS: GIS open source tool that is used to process layers of geographic information.
- LASTools [9]: powerful LiDAR data-processing tool that is used for data format conversion

and the filtering of points that represent the selected urban objects. Figure 1 represents the
classification of elements in a LiDAR data file.

- Urban Multi-Scale Environmental Predictor—UMEP Tools [11]: group of environmental services
that are implemented as a QGIS plugin. The following services were utilized:

• UMEP MetPreprocessor: facilitates the adaptation of the EnergyPlus climate file to the
meteorological parameters required by the SEBE tool.

• UMEP Aspect and Height Calculation: calculates the orientations and heights of the facades
of buildings from a digital surface model (DSM). Wall aspect is provided in degrees, where a
north-facing-wall pixel has a value of zero.

- Solar Energy on Building Envelopes—SEBE Tool [12]: a plugin for QGIS that is used to calculate
the pixel-wise potential solar energy using ground and building DSMs.

- CityGML Generation Tool [13]: developed by the authors of this paper to generate a 3D urban
model based on the CityGML standard using cadastre, DSM, and digital terrain model (DTM)
data [14]. Other tools enable the generation of CityGML models [15].

- The input data used during the process are described as follows:
- Digital Surface Model (DSM): LiDAR file with elevation data of the urban environment, including

the elevations of urban elements such as buildings, vegetation or roads.
- Digital Terrain Model (DTM): LiDAR file with elevation data of the ground, on which the urban

environment is based (base level of urban elements).
- Weather Data [16]: Detailed climate file of the study area.
- Cadastre Data: GIS file that includes georeferenced dimensions and attributes of land parcels.
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Figure 1. LiDAR points classification [10].

Based on these tools and data, Figure 2 shows the process for the analysis of solar generation
potential based on an urban 3D model. The workflow is described here.

 

Figure 2. Proposed workflow for solar potential analysis.

The process starts with a definition of the study area (Area of study definition). Once the area
of study is defined, the required LiDAR files (DSM and/or DTM, depending in the availability) are
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downloaded (Download LiDAR data). The LiDAR files must completely address the area of study.
The LiDAR data need to be filtered prior to their usage (LiDAR data filtering) using LASTools. As output
of this process, a raster file that contains only ground and building points, without vegetation or other
objects, is needed. Depending on the availability of the LiDAR data and its quality, three different
ways for obtaining this raster file were identified:

- DSM filtered with ground and buildings. In the first approach, only DSM LiDAR files are used.
These LiDAR files must be in LAS or LAZ format. In this case, the DSM file is filtered by selecting
only the points that are classified as 2 (ground) and 6 (building).

- DSM value within buildings and remaining DTM. If the DSM classification quality is not as accurate
as needed, another approach that uses DTM and DSM data can be used. In this approach, a raster
file is created with the DSM values for buildings and DTM values for the surrounding study area.

- DTM value + height in buildings. The third approach pertains to cases in which DTM data are
available, but DSM data are not available. In addition, we need a building geometry layer
(Cadastre GIS file) with a height value as a parameter. In this way, a raster file is created with DTM
values (ground) for the study area, with the exception of buildings, for which DTM and building
height values are added and a DTM + buildings with flat roof rasters is obtained. Although
the quality and precision of this approach are less accurate, a solar potential analysis can be
performed in a similar way.

Whichever approach is selected, another step needs to be performed to obtain a complete raster
file. Using the QGIS, a geo-process that fills raster regions that lack data values is performed by
interpolation from edges. The values for the regions without data are calculated by the surrounding
pixel values using inverse distance weighting. Before starting the solar potential analysis, the resulting
point cloud for the study area needs to be split into different sections (Area study split), which must
be rectangular. The creation of a unique raster file to calculate the solar potential is not feasible,
as the UMEP tool is not able to perform calculations with such a large raster file. Each section will
be independently analyzed using the UMEP tool. The remaining input data required to perform
the solar analysis comprises a meteorological file. This file needs to be created in a specific format.
The UMEP MetPreprocessor tool enables Weather data preparation starting from an EnergyPlus weather
file. First, weather data from EnergyPlus [12] are downloaded. From the EnergyPlus weather file,
a Comma-Separated Values (CSV) file needs to be created. Second, in the MetPreprocessor tool, a
matching between EnergyPlus weather data and UMEP meteorological parameters needs to be defined
and performed. Table 1 presents this matching.

Table 1. Matching between EnergyPlus weather file and MetPreprocessor tool.

EnergyPlus Weather Parameter EnergyPlus Weather Range UMEP Meteorological Parameter UMEP Meteorological Range

N1—field Year Year
N2—field Month Month

N3—field Day Day
N4—field Hour Hour

N5—field Minute Minute
N6—field Dry Bulb Temperature –70 to 70 Air temperature [◦C] –30 to 55

N8—field Relative Humidity 31,000 to 120,000 Relative humidity 5 to 100
N9—field Atmospheric Station Pressure Barometric pressure 90 to 107
N13—field Global Horizontal Radiation Incoming shortwave radiation 0 to 1200

N14—field Direct Normal Radiation Direct radiation [W m–2] 0 to 1200
N15—field Diffuse

Horizontal Radiation Diffuse radiation [W m–2] 0 to 600

N21—field Wind Speed 0 to 40 Wind speed 0.001 to 60

Last, the UMEP meteorological file, which is subsequently used in the SEBE tool, is obtained. For a
detailed calculation of the solar incidence of the building roofs, a prior processing of the raster file of
the study area is required to calculate the orientations and heights of the facades of the buildings. This
process is performed using the UMEP tool, specifically the Aspect and height calculation functionality.
This functionality is used to identify the wall pixels and their heights from ground and building

158



Remote Sens. 2019, 11, 2348

digital surface models (DSM) using a filter. The wall aspect can be estimated using a specific linear
filter. The wall aspect is given in degrees, where a north-facing-wall pixel has a value of zero. As a
result, intermediate files are obtained based on the raster generated for each section of the study area.
Intermediate files obtained in this step and the meteorological file that was previously generated are
utilized by the SEBE tool to calculate the pixel-wise potential solar energy (SEBE performance) using
ground and building digital surface models (DSMs). The SEBE calculation needs to be performed for
each section of the study area. After the solar potential analysis is performed for all sections, the results
are combined in a unique raster layer (Combine the results). In addition, the resultant raster layer can be
cut with the city geometry to obtain the solar potential for the city limits. The previously calculated solar
potential map is bounded to the boundaries of the municipality using the municipality boundary layer.
In addition, a radiation threshold was defined for the implementation of solar collection technologies
in roofs, in particular 800 kW/m2 year, and the potential of radiation of the roofs was calculated.
As a result of this process, a GIS building layer constructed with solar potential data was obtained.
This layer includes the following parameters related to solar potential: (1) useful roof surface (m2),
(2) percentage of useful roof surface (%), (3) total solar radiation (Kwh/year), and (4) solar radiation per
sqm (Kwh/m2·year).

The last step of the process is the generation of a 3D urban model (Urban 3D model creation)
that incorporates the results obtained from the solar analysis and facilitates the visualization and
interpretation of the information contained. The model is based on the CityGML standard defined by
the Open Geospatial Consortium (OGC), which combines geometric and semantic information in the
same model with different levels of detail. The model generation was performed using the CityGML
generation tool. Using DSM and DTM data, the real heights of the buildings are obtained. In this way,
3D buildings can be generated with their real heights and georeferenced, both in position and altitude
(on the digital terrain model). As a result, buildings are generated in CityGML LoD2 (refer to Figure 3).
The urban 3D model is semantized with the calculated parameters. In this way, all buildings of a city
have solar potential analysis values.

 

Figure 3. Urban 3D model modelling.

The results are presented in a 3D web tool that enables the visualization of building basic data
and solar potential analysis data (3D web visualization tool). The information included in the 3D urban
model that was previously generated enables the identification of the geographical distribution of
the typologies of buildings in the study area. This typological analysis enables the identification of
priority areas or districts for solar panel installation, identification of synergies between buildings and
adjustment of budget items.
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3. Results

In this section, the proposed workflow for the solar potential analysis applied to the Vitoria-Gasteiz
case study is presented. The process was performed using the data sources in Table 2.

Table 2. Data sources for solar potential analysis in Vitoria-Gasteiz.

Element Data Source Format Number of Elements

LiDAR GeoEuskadi [17] ASC 28 (DSM + DTM)
Buildings Cadastre [18] SHP 15.326
Weather EnergyPlus EPW Hourly Data

3.1. Solar Potential Analysis

The selected area of study is the city of Vitoria-Gasteiz in Spain. Sixteen DSM LiDAR files were
downloaded for this case study. We performed filtering with ground and buildings points in each file,
as the quality of the LiDAR DSM data is sufficient. Three different sections that combine the DSM
LiDAR files (as shown in Figure 4) were defined for processing in the UMEP tool.

 
Figure 4. Area study split.

EnergyPlus weather data for Vitoria-Gasteiz was downloaded (Vitoria 080800). These data were
processed to obtain UMEP meteorological weather files. The UMEP tool was employed for aspect
and height calculations, and the SEBE tool was utilized once for each section, using the same weather
file and configuration parameters. The resultant raster layer was combined with the city boundaries
to obtain the solar radiation of the study area with a resolution of 1 square metre (refer to Figure 5).
The solar radiation map of Vitoria-Gasteiz presents the annual cumulative incident radiation per square
meter for roofs in Kwh/m2·year. The yellow values represent areas of maximum sun exposure, while
the blue areas correspond to shadow areas within the city.

160



Remote Sens. 2019, 11, 2348

 

Figure 5. Result of solar potential analysis in Vitoria-Gasteiz (Spain).

3.2. Urban 3D Model Generation

An urban 3D model was generated based on LiDAR (16 DSM and 12 DTM files) and cadastre data
presented in Table 2. The urban 3D model was semantized using previously calculated parameters on
a building scale (refer to Figure 6). As a result, the following parameters are included in each building
in the urban 3D model: (1) gml_id, (2) citygml_measured_height, (3) citygml_measured_height_units,
(4) citygml_class, (5) citygml_year_of_construction, (6) citygml_storeys_above_ground, (7) area,
(8) rad_total, (9) por_sup_ut, (10) supcub_uti, and (11) rad_m2.

 

Figure 6. Urban 3D model of Vitoria-Gasteiz (Spain).
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3.3. 3D Web Visualization Tool

The 3D web visualization tool integrates a 3D viewer that facilitates the identification and
location of buildings in the municipality. For this visualization, the previously generated 3D model is
employed. Navigation and interaction are intuitive, as demonstrated in Google Earth, via a 3D map
visualization Cesium library. A typological analysis is performed by filters and the combination of
several predetermined filters. The visualization of the results is presented through colored maps and
statistical data of the results of each type.

The urban 3D model enables a precise and standardized way for the main characteristics of the
buildings. The representation of the values of the calculated indicators can be displayed by the 3D
viewer for the elements of the model in the study area (refer to Figure 7).

 

Figure 7. Solar radiation per sqm (Kwh/m2·year) in Vitoria-Gasteiz (Spain).

4. Discussion

In this section, we discuss the rationale for some of the main decisions made to develop the
proposal in this paper.

First, an approach to the solar potential analysis on an urban scale is presented. To calculate the
solar potential, we have presented three data input alternatives: DSM with ground buildings; DSM of
the building and DTM of the remainder; and DTM + adding height to buildings. The premise is to
adapt to different area studies, which usually have different data available. After the analysis of the
solar potential in multiple different places, we identified the necessity of systematization in the LiDAR
data preparation process to achieve uniformity in the quality and precision.

The results of the study for the city of Vitoria-Gasteiz present values that are similar to the figures
offered by the main sources of local and national meteorological data (Basque energy entity—EVE,
Spanish National Institute of Meteorology–AEMET). These sources establish the solar radiation
incident on the roofs in the city of Vitoria-Gasteiz for a horizontal surface that does not have shadows
is 1.390 Kwh/m2·year, as indicated in the report [19]. This value is very similar to the maximum values
obtained using the method proposed in this study.

Second, a 3D city model that is based on the CityGML standard was developed and semantized
with all data available on the building level. As a result, a CityGML model is obtained by combining
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data from different data sources, such as cadastre or solar potential. This model can be subsequently
employed as the data layer in different applications, which can involve different agents in the field of
municipalities or architects.

As a final advantage of our proposal, previous work (solar potential analysis and the CityGML
model) was gathered in a 3D web visualization tool that enables the visualization of the solar potential
of each building on the city level.

This research has future limitations that need to be addressed. Adapting the workflow when
performing solar potential analysis on large scales (territory). Whether solar potential analysis data
can be mapped with existing CityGML ADE, such as CityGML Energy ADE or Solar ADE, should
be analyzed.

5. Conclusions

This paper describes the methodology that was followed to perform an analysis of the solar
potential-based on LiDAR and the visualization of the results in a 3D web visualization tool.
The proposed method is systematic, easily replicable, and based on high-resolution open-data
sources and non-commercial software. The results offer high precision and take into account the 3D
geometry of buildings, including roof orientation, slope, and the surroundings’ orography.

The development of 3D city models that are based on the OGC CityGML standard enables city
and building levels to be integrated within a single model that includes both semantic information and
geometric information. This model can be used to support multiple applications that different agents,
such as urban planners, managers, and citizens, may employ.

The described 3D web visualization tool recognizes the solar potential of each building in the city
in a quick, visual, and intuitive way. In addition, the 3D web tool helps to geographically analyze the
behaviors of buildings.

The workflow was validated in the city of Vitoria-Gasteiz in Spain. A solar potential analysis
was performed, and the urban 3D model was generated and semantized with solar potential data. All
gathered data were presented and can be filtered/selected in a 3D web visualization tool.

The results presented in this paper contribute several possibilities for future work. First, the solar
potential analysis can be replicated in other municipalities, following the described workflow.
Furthermore, the visualization of the results in a 3D web visualization tool eases the interpretation of
the data on an urban scale and further information retrieval and analysis.
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