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Abstract: In dry regions, gardens and trees within the urban space are of considerable significance.
These gardens are facing harsh weather conditions and environmental stresses; on the other hand,
due to the high value of land in urban areas, they are constantly subject to destruction and land use
change. Therefore, the identification and monitoring of gardens in urban areas in dry regions and
their impact on the ecosystem are the aims of this study. The data utilized are aerial and Sentinel-2
images (2018–2022) for Yazd Township in Iran. Several satellite and aerial image fusion methods were
employed and compared. The root mean square error (RMSE) of horizontal shortcut connections
(HSC) and color normalization (CN) were the highest compared to other methods with values of
18.37 and 17.5, respectively, while the Ehlers method showed the highest accuracy with a RMSE value
of 12.3. The normalized difference vegetation index (NDVI) was then calculated using the images
with 15 cm spatial resolution retrieved from the fusion. Aerial images were classified by NDVI and
digital surface model (DSM) using object-oriented methods. Different object-oriented classification
methods were investigated, including support vector machine (SVM), Bayes, random forest (RF),
and k-nearest neighbor (KNN). SVM showed the greatest accuracy with overall accuracy (OA) and
kappa of 86.2 and 0.89, respectively, followed by RF with OA and kappa of 83.1 and 0.87, respectively.
Separating the gardens using NDVI, DSM, and aerial images from 2018, the images were fused in
2022, and the current status of the gardens and associated changes were classified into completely
dried, drying, acceptable, and desirable conditions. It was found that gardens with a small area were
more prone to destruction, and 120 buildings were built in the existing gardens in the region during
2018–2022. Moreover, the monitoring of land surface temperature (LST) showed an increase of 14 ◦C
in the areas that were changed from gardens to buildings.

Keywords: arid regions; data fusion; land surface temperature; machine learning; remote sensing;
vegetation monitoring; urban planning

1. Introduction

Monitoring vegetation changes is crucial for studies related to human and natural
environments, involving interaction between these two environments [1]. Access to reli-
able and up-to-date data is essential for sustainability of the environment, planning, and
environmental management [2,3]. In dry regions, monitoring is more critical due to the

Remote Sens. 2023, 15, 4053. https://doi.org/10.3390/rs15164053 https://www.mdpi.com/journal/remotesensing

https://doi.org/10.3390/rs15164053
https://doi.org/10.3390/rs15164053
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0009-0007-0309-3774
https://orcid.org/0000-0001-6083-1517
https://orcid.org/0000-0002-4715-5160
https://orcid.org/0000-0002-5165-1773
https://doi.org/10.3390/rs15164053
https://www.mdpi.com/journal/remotesensing
http://www.mdpi.com/2072-4292/15/16/4053?type=check_update&version=4


Remote Sens. 2023, 15, 4053 2 of 25

scarcity of water resources and the small extent of vegetation [4,5]. Remote sensing is
one of the most practical tools for mapping vegetation and tree species in the area and
landscape at scale [6,7]. For mapping tree species using satellite image processing, spectral
resolution is very crucial to distinguish different species [8]. To date, multispectral satellite
images (e.g., MODIS, Landsat, and Sentinel-2) have been the most common free data used
in plant species composition identification studies [9]. The advantages of Sentinel-2 data,
depending on temporal and spectral resolution, have made it more useful in vegetation
studies compared to Landsat 8 data [10]. However, it is challenging to use medium spatial
resolution satellite images due to the presence of mixed pixels [11]. Thus, unmanned
aerial vehicles (UAVs) have made it possible to capture images with high spatial resolution
and arbitrary sequence [12,13]. In the last few years, the use of multispectral drones has
been improved to obtain data on agricultural products and to monitor them [14,15], but
these are costly and are not as accessible as the drones with RGB imaging capabilities [16].
Drones with RGB imagery capability and aerial images are more inexpensive, and it is
also possible to take these images by plane [17]. Compared to satellite images, the images
prepared using UAVs have advantages that include better spatial resolution, the ability to
take pictures whenever needed, and the ability to take pictures in any weather conditions,
such as clouds [18,19]. Through the fusion of satellite images and UAV images, it is possible
to achieve images with high spatial and spectral resolution [20,21].

In recent years, research has been conducted to investigate the fusion capability of
UAV and satellite images to improve the spectral resolution of UAV images and increase
the accuracy of land cover classification [22–24]. However, few studies have been devoted
to the fusion of UAV and Sentinel-2 images [25,26].

In one related study, researchers compared criteria-based fusion methods including
Gram–Schmidt (GS), FuzeGo, high-pass filter (HPF), Ehlers, horizontal shortcut connec-
tions (HSC), modified intensity-hue-saturation (IHS), and adaptive wavelet for the fusion of
WorldView-2 and UAV images. The results showed that HSC enabled simultaneous use of
spectral and spatial data with high accuracy [27]. The results of another study showed that
the fusion of Landsat and UAV data with the Gram–Schmidt method also helps product
identification [28]. The results of Zhao’s study [28] not only indicates the possibility of com-
bining satellite images and UAV images for land parcel-level crop mapping for fragmented
landscapes, but it also implies a potential scheme to exploit the optimal choice of spatial
resolution in fusing UAV images and Sentinel-2A. Research results also showed that the GS
method was most suitable for using the spectral and spatial data of UAV and Sentinel-2 [29].
The results of research by Daryaei et al. [30] showed that the fusion of UAV and Sentinel-2
images increased the accuracy of oak tree identification. Moltó [31] used Sentinel-2 images,
orthophotos, and images obtained with drones to generate images with high spatial and
spectral resolution. The results showed that the fusion of high-resolution RGI (red, green,
infrared) images with Sentinel-2 can estimate the normalized difference vegetation index
(NDVI) with high accuracy. Bolyn et al. [32] reported improved accuracy upon the use
of spatial-spectral data in deep learning methods to identify tree species using satellite
images. De Giglio et al. [33] also considered object-oriented classification methods to be
more accurate than pixel-based ones in identifying plants in a sand dune. Phiri et al. [34]
reviewed the results of 25 studies comparing Sentinel-2 image classification methods and
concluded that the support vector machine (SVM) and Bayes methods have the highest
accuracy. In another study, the accuracy of the SVM and RF methods was considered better
than other methods [35]. In efforts to identify the condition of grasslands using Sentinel-2
images, Tarantino et al. [36] proposed the use of a digital terrain model (DTM) and the SVM
method to improve accuracy. The results of the research by Kluczek et al. [37] showed that
the highest accuracy in the classification of Sentinel-2 images without adding additional
data was related to the SVM method. Kluczek et al. [38] found that the use of elevation
models, such as a normalized digital surface model (NDSM), increases the classification
accuracy of Sentinel-2 images by 5–15%.



Remote Sens. 2023, 15, 4053 3 of 25

Praticò et al. [39] utilized vegetation indices, such as NDVI, enhanced vegetation
index (EVI), and normalized burn ratio (NBR) in the classification of Sentinel-2 images and
the SVM classifier showed the best accuracy with an OA of 0.83. Liu et al. [40] found it
appropriate to use a time series analysis approach using NDVI in monitoring the status
of invasive species. In another study, Bollas et al. [41] compared the NDVI obtained from
UAVs and Sentinel-2, which showed an average correlation coefficient of 0.95. The results
of studies by Maimaitijiang et al. [42] found it practical to use the fusion of drone and
satellite images and machine learning methods for accurate monitoring of vegetation.
Chen et al. [43] determined different agricultural uses using UAV multispectral images and
DSM, to separate rice and grains. The results showed that adding NIR and DSM spectral
data to aerial images increased the kappa coefficient from 0.55 to 0.87.

The purpose of the current study, in the first stage, is to identify garden lands and
separate them from agricultural lands in urban areas. In the next stage, the gardens that are
being destroyed by change of use will be determined by investigating the satellite image
time series and the LST variations resulting from these changes. Since the studied area
is a city with dry climate and desert conditions, preserving the existing tree vegetation
is very crucial. Furthermore, in recent years, due to industrialization and the increase in
immigrants to this area, there have been many land use changes and garden lands have
been destroyed in some areas. For this purpose, identifying and monitoring the status of
tree cover is very useful for urban management planners in the municipality, especially
the authorities responsible for landscape and urban green space preservation. The main
contributions of this study can be primarily expressed in four aspects: (1) In the current
research, the fusion of Sentinel-2 images and RGB aerial images is used, which makes it
possible to obtain images with high spatial and spectral resolution. Many studies have been
carried out on the fusion of Landsat 8 images, but the number of studies on the fusion of
aerial images and Sentinel-2 is limited, and the use of aerial imaging is much less expensive
than UAV; (2) the land cover of gardens and crops are very similar to each other and in most
studies they put these two in the same category, but in this research, gardens are separated
and the effect of adding NDVI images obtained from fusion and a DSM to aerial images
for increased accuracy was investigated; (3) the numbers and locations of the buildings
created after the destruction of the gardens were determined, while in previous studies
only the percentage of changes in use was calculated; (4) LST variations as a result of the
changes in the land cover in gardens and destruction of gardens are investigated, while
in former studies, only LST changes resulting from the total change in land cover in the
city have been investigated. This study only focuses on the destruction of gardens and its
consequences on the fragile ecosystem of dry areas.

2. Materials and Methods
2.1. Study Region

The study area is the entire city of Yazd in Iran. Figure 1 shows this area and a sample
of the images used. In terms of geographical location, the studied area is in the center of
the province of Yazd between longitude 47◦22′54′ ′ to 33◦24′54′ ′E and latitude 39◦47′31′ ′ to
51◦56′31′ ′N and has an altitude of 1215 m.

2.2. Datasets and Preprocessing

In this research, Sentinel-2, Landsat 8, and UAV images were used (Figure 2). Landsat
8 was launched in February 2013 as part of the Landsat Data Continuity Mission (LDCM).
This satellite carries the Thermal Infrared Sensor (TIRS) and Operational Terrain Imager
(OLI). The TIRS can record thermal infrared radiation with a spatial resolution of 100 m
with the help of two bands in the atmospheric windows of 10.6 to 11.2 µm for band
10 and 11.5 to 12.5 µm for band 11 [44]. The fact that Landsat 8 is equipped with two
thermal bands differentiates it from other Landsat satellites, and this property makes split
window algorithms operational for Landsat 8 [45]. These algorithms retrieve the land
surface temperature (LST) through the linear integration of the brightness temperature
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in dual thermal bands [46]. Sentinel-2 is one of the latest multispectral imaging satellites,
equipped with the multispectral instrument (MSI), and can record 13 bands [47]. The
advantages of using Sentinel-2 images include wide coverage (290 km bandwidth), high
spatial resolution (10 m), new spectral qualities (for example, three bands in the red edge
plus two bands in the SWIR), and the possibility of obtaining images in a sequence of
5 days. These images have created a useful dataset for applied Earth studies [48]. UAVs are
a practical tool for data generation in remote sensing. They can take pictures at any time
and place, and they provide images with high spatial resolution, provide the possibility
of quick data collection at a low cost and have the possibility of taking images in cloudy
conditions [49,50]. Disadvantages and limitations of using drones include the necessary
rules and permits before flight, short flight time due to battery limitations, and a large
volume of images that require powerful hardware for processing [51,52]. In this research,
RGB images with a spatial resolution of 0.15 m were used (aerial images). Because the study
area is urban and has a large area, the imaging was performed using the RGB imaging
sensor installed on the plane. These cameras have a very limited number of relatively wide
spectral bands, but they provide a high spatial resolution at a relatively low cost [53].
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2.3. Methods
2.3.1. Sentinel-2 and Aerial Images Fusion

Image fusion creates images with high spatial and spectral resolution. The spectral data
of multispectral images are combined with the spatial data of high-resolution images [54,55].
In fusion of images, the imaging time of multispectral images and high-resolution images,
such as those obtained from drones, is recommended to be the same or close to each
other [56]. In this present study, the ability to fuse Sentinel-2 images and aerial RGB (red-
green-blue) images with high spatial resolution was investigated, and eight image fusion
methods were compared, including GS, projective, HPF, Brovey, Ehlers, HSC, nearest-
neighbor diffusion (NNDiffuse), IHS, color normalization (CN), and wavelet.

The steps in the fusion of multispectral (MS) images with panchromatic (PAN) images
in the GS method are as follows:

(1) Simulating a PAN image from a spectral band with low spatial resolution.
(2) Applying GS transformation to the simulated PAN image and spectral band, using

the simulated PAN band as the first band.
(3) Replacing the high spatial resolution PAN band with the first band.
(4) Using GS inverse transformation to create a PAN spectral band [57–59].

In the HPF method, a high-pass filter is used to extract the spatial data details of the
image with high spatial resolution and then apply those details to the MS image, which
involves the following steps:

(1) Applying the HPF to the PAN image with high spatial resolution.
(2) Adding the filtered image to each band of the MS image by applying a weighting

factor to the standard deviation of the MS bands.
(3) Matching the histogram of the fused image with the original multispectral image.

The HPF fusion method is based on improving the spatial resolution of the MS image
using a high-pass filter which extracts high-frequency data and then applies them to each
band of the MS image [60,61].

The IHS fusion method [62,63] has been noticed due to the high spatial resolution of
the output image and the high efficiency of this algorithm in satellite imagery [64]. The IHS
method is a spectral replacement method that extracts spatial (I) and spectral (H, S) data
from a standard RGB image. This method is performed by converting the color space of
the MS image from the RGB space to the IHS space and replacing its spatial component
with a PAN image, performing the reverse transformation, and returning to the RGB color
space [60,65].

The Brovey method is a numerical method in which images are fused by normalizing
the values of pixels in the MS image bands and then multiplying them by the values of
the corresponding pixels in the PAN image. In this method, addition and multiplication
and the ratio between different bands of MS image and PAN image are used [60,66]. The
CN method is a developed version of the Brovey method, in which the limitation of the
number of bands is removed allowing the user to use images with more than three bands
as the input image [67].

The Ehlers method allows the fusion of spectral features and generates a space with
minimal color distortion [68]. The underlying idea of this method is to modify the PAN
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image so that it is like the intensity component of the MS image. This method uses a
fast Fourier transform (FFT) filter to partially, rather than entirely, replace the intensity
component [69].

The nearest-neighbor diffusion-based method (NNDiffuse) considers each pixel spec-
trum as a weighted linear combination of the spectra of its neighboring superpixels in the
pan-sharpened image. This method uses various factors, such as intensity smoothness (σ),
spatial smoothness (σs), and pixel size ratio to determine PAN intensity [70,71].

The HSC method combines high-resolution PAN data with lower-resolution MS data
using the Hyperspherical Color Sharpening algorithm [72]. This approach was designed
for the 8-band data of the WorldView-2 sensor but works with any MS data containing
three or more bands. In this approach, data are converted from the native color space to
HSC. In the first step, it replaces the MS intensity component with an intensity-matched
version of the PAN band, and in the next step, it repeats the original MS colors [73].

Projective resolution merge (PRM) is a unique geometric method in which models of
PAN and MS images are created with sensor-dependent geometric techniques. Ultimately,
these models are fused in such a manner as to preserve the PAN image geometry. The
performance of this method based on PAN image filtering is like the HPF method but with
different filters [23,74,75]. Principal component analysis (PCA) is a transformation that
aims to obtain new components in which the amount of data variance is higher and the
dependence between the components is lower than the initial state of the images [76].

2.3.2. Classification of Images Using Object-Oriented Methods

The use of object-oriented methods in processing satellite images has increased the
applicability of environmental remote sensing research [77,78]. In this approach, in addition
to numerical values, information related to texture, shape, and color tone is used in the clas-
sification process. It has been proven that the ability of the basic pixel classification method
is limited when different objects on the ground are recorded with the same numerical
values on the digital image. To solve this problem, the object-oriented classification method
has been proposed. The most important difference between pixel-based and object-oriented
methods is that in object-oriented analysis the main unit of image processing is the shape
of objects or segments not the reflective values of individual pixels [79].

Random Forest (RF) is a supervised classification algorithm based on ensemble learn-
ing, generated by combining multiple decision trees [80]. The final classification result is
obtained by averaging or voting on the results of each decision tree [81]. This method has
better performance in dealing with high-dimensional nonlinear classification problems and
is widely used in high-resolution image classification [82,83].

SVM is a non-parametric image classification algorithm consisting of a set of related
regression and learning classification algorithms [84]. SVM can discriminate between
classes by maximizing the gap between classes at the decision level [85,86]. SVM is an
algorithm based on statistical learning theory with nonlinear processing capability and
high dimensionality and high detection accuracy for small samples [87].

The k-nearest neighbor (KNN) algorithm presented by Wettschereck et al. [88] is an
instance-based learning method which classifies elements based on the k-nearest training
instances in the source space [89]. In addition to being the main parameters for KNN
algorithm adjustment, these data play an important role in spatial prediction. KNN is
a nonparametric MLA that makes no assumptions about the original dataset [90]. This
is important when classifying change processes in areas where there is little or no prior
knowledge of the data distribution [91].

In the Bayes method, the parameters are considered as random variables with a
previously known distribution. Also, based on this algorithm, it is assumed that the
presence or absence of a special feature of a class is not related to the presence or absence of
another feature [92]. In this way, the probability of occurrence of different attribute values
for different classes in a training set is estimated by the Bayesian algorithm, and finally
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these probabilities are used to classify the calling patterns [93]. The results are evaluated
based on overall accuracy (OA, kappa coefficient) [94].

2.3.3. Estimation of Vegetation Index

The reflectance of electromagnetic energy measured in the ultraviolet, visible, and
near- and mid-infrared parts of the spectrum is commonly used to generate various vegeta-
tion indices that provide useful information about plant structure and condition [95,96].
Preparing a map of these indices helps to understand the spatial-temporal changes in
agricultural conditions, which is very useful in precise agriculture [97]. Plant pigments,
mainly chlorophyll and carotenoids, are intensively absorbed in the visible part of the
spectrum except in the green region. However, such strong absorption does not occur in
the NIR part of the spectrum, thus causing high reflectance in the NIR region of green and
healthy plants [98,99].

NDVI uses reflectance values measured in the red and NIR regions to provide valuable
information about crop growth (LAI, biomass), roots, and photosynthesis. The NDVI value
ranges from−1 to 1, where positive values indicate increased greenness and negative values
indicate non-vegetated surfaces such as urban areas, soil, bare land, water, and ice [100,101].
NDVI is often used in harmonic analysis because it is a good indicator of vegetation
phenology [102]. It is also a suitable index to investigate vegetation changes in time
series [103]. The classification of this index and the determination of areas with very good,
good, poor, and very poor coverage was determined in a study by Mangewa et al. [104],
but in the study area, which has desert conditions and is very poor in terms of vegetation,
this classification requires revision, which was determined using a field visit.

2.3.4. Identification of New Construction in Garden Areas

Assessment of the changes which are already occurring is a key factor in environmental
monitoring [105]. However, it is not possible to constantly monitor urban areas using
drones due to the high costs, problems related to obtaining flight permission, and the large
volume of data and processing. In addition, municipalities must prevent unauthorized
constructions before the completion of buildings; hence, they need to be aware of the
location of constructions. A method has been proposed in previous studies, which allows
the identification of new constructions via UAV imaging once a year and using Sentinel-2
images. In this method, a land cover map of the study area is prepared using aerial images
and a DSM which is prepared by municipalities at the beginning of every year, through
which undeveloped land is identified. The pixel size of the Sentinel-2 images was converted
to the size of the aerial images and using the land cover map obtained from the aerial
images the undeveloped land was separated on the Sentinel-2 images. Unbuilt lands were
checked, and the points that were identified as changes in several consecutive images were
determined to be new construction sites. In this way, it is possible to effectively identify
new constructions with the lowest cost and time for image processing. The full description
of this method is provided in the study by Aliabad et al. [21].

2.3.5. Investigating the Effect of Destruction of Gardens on the LST

According to the results of previous studies in the field of comparing and validating
different methods of estimating LST using Landsat 8 images, the split window algorithm
has been used [106,107]. To estimate the LST in all methods, it is first necessary to estimate
the radiance and brightness temperature (BT) using satellite images using Equation (1):

Lλ = ML ×Qcal + AL (1)

where Lλ is the spectral radiance in the sensor, ML is the multiplicative conversion factor,
AL is the summation conversion factor, and Qcal is the pixel value of the thermal raw
image [108]. Having converted the pixel value to spectral radiance, it is necessary to
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estimate the BT. The BT can be calculated through the Planck equation and is the actual
temperature observed by the satellite under the emissivity theory [109] and Equation (2):

BT =
K2

ln[(K1/Lλ) + 1]
(2)

The BT is the radiant temperature recorded on the surface of the sensor (in Kelvin), Lλ

is the spectral radiance (W · sr−1 ·m−2 · µm−1), K1 and K2 are constant values calculated by
the effective wavelength received from the satellite sensor. Coefficient values K1 in bands
10 and 11 of Landsat 8 satellite are 774.89 and 480.89 (Wn · sr−1 ·m−2 · µm−1), respectively,
and coefficient values K2 in bands 10 and 11 are 1321.08 K and 1201.14 K, respectively [110].
Emissivity is the ratio of radiation emitted from the surface of an object to the radiation
emitted from a black body at the same temperature [111]. To estimate the emissivity from
the thermal band of the satellite, the NDVI threshold method was used [112]. The NDVI is
estimated using Equation (3):

NDVI =
(

NIR− RED
NIR + RED

)
(3)

where NIR and RED are ground reflectance of near infrared and red bands, respectively.
NDVI values vary between −1 and +1 [113]. To estimate the emissivity using NDVI, it
is necessary to separate NDVI of plant and soil. Areas with NDVI smaller than 0.2 were
considered as soil without vegetation (NDVIs) and areas with NDVI greater than 0.2 were
considered as vegetation (NDVIv) and fractional vegetation coverage (FVC) was estimated
using Equation (4).

FVC =

(
NDVI−NDVIs

NDVIv + NDVIs

)
(4)

where NDVI is calculated for each pixel, and NDVIs and NDVIv are NDVI for soil and
vegetation, respectively [114].

LSE = εs × (1− FVC) + εv × FVC (5)

The above relationship is used to determine land surface emissivity (LSE), where εs
and εv are constants for soil and vegetation reflectance coefficients, respectively, and are
0.971 and 0.987, respectively, for Landsat 8 [104,115]. The constant coefficients C in the
split window algorithm have been obtained through simulation with different numbers in
atmospheric and surface conditions (Table 1).

LSTSW9 = BT10 + C1(BT10 − BT11) + C2
(
BT10 − BT11)

2 + C0+
(C3 + C4w)(1−m) + (C5 + C6w)∆m

(6)

Table 1. Numerical values of coefficients in the split window algorithm.

Coefficient C0 C1 C2 C3 C4 C5 C6

Value −0/268 1/378 0/183 54/300 −2/238 −129/200 16/400

Parameter w is the amount of atmospheric water vapor column, showing the vertical
accumulation of water vapor per unit area with the unit

(
gr · cm−2) [45], estimated based

on previous studies [115].

w = a
(

τj

τi

)
+ b (7)

τj

τi
=

εi
ε j

Rj,i (8)
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Rj,i =
∑N

k=1

(
BT10 − BT10

)(
BT11 − BT11

)
∑N

k=1

(
BT10 − BT10)2

(9)

r2 =

(
∑N

k=1

(
BT10 − BT10

)(
BT11 − BT11

))2

∑N
k=1

(
BT10 − BT10

)2
∑N

k=1

(
BT11 − BT11

)2 = Ri,jRj,i (10)

In the above equations, BT10 and BT11 are the brightness temperature of bands 10 and
11, τ is the atmospheric transfer coefficient, and a and b are constant coefficients which
have been considered as −13.41 and 14.15, respectively [116]. Figure 3 shows the general
steps of the research.
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3. Results
3.1. Comparison of Fusion Methods

In the present study, in order to separate garden lands from agricultural land and
to monitor the condition of vegetation in garden lands, it was necessary to use UAV
images, because satellite images with medium spatial resolution, such as Sentinel-2 images
with a spatial resolution of 10 m, do not have the ability to accurately separate garden
lands. Since the studied area is a city, it was not possible to take pictures of the entire
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area with multispectral UAV images due to high costs and being time-consuming; hence,
RGB images prepared using cameras installed on airplanes (aerial images) and Sentinel-2
satellite images were fused. Fusion of the aerial and Sentinel-2 images was carried out to
obtain images with high spatial and spectral resolution. Various methods for the fusion of
satellite images and high-resolution RGB images (aerial photos) including Gram–Schmidt,
projective, HPF, Brovey, Ehlers, HSC, NNDiffuse, IHS, CN, and wavelet were examined. A
comparison between aerial images and images obtained from Sentinel-2 with images fused
using different methods is presented in Figure 4 using false color combination.
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An important issue in image fusion is evaluating the quality of the integrated image, so
that spatial data are improved by preserving spectral data. The correlation coefficient (CC),
root mean square error (RMSE) and erreur relative globale adimensionnelle de synthèse
(ERGAS) statistical coefficients were used to compare the accuracy of different image fusion
methods (Table 2). The results show that the examined methods perform almost identically
in terms of preserving the spatial data in the fusion outcome, but they have different results
in terms of spectrum. Therefore, the image fusion method is selected according to the
different applications and the type of data required, either spectral or spatial. The results of
our analyses showed that CC was estimated to be greater than 0.86 in all the methods; even
greater than 0.9 except for the CN and HPF methods where the correlation coefficient was
0.86 and 0.88, respectively. Also, in the case of the Ehlers, IHS, and Gram–Schmidt methods,
the value of the correlation coefficient was estimated to be 0.97. This statistical coefficient
showed relatively similar results in some methods and alone is not a suitable criterion
for comparing methods. The results of RMSE analysis of different image fusion methods
showed that the HSC and CN methods had the highest error coefficient with RMSE values
of 18.37 and 17.5, respectively; also that the Ehlers method yielded the highest accuracy
with RMSE of 12.3, followed by IHS and GS with RMSE 13.5 and NNDiffuse and PSC with
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RMSE 13.8. Comparison of the ERGAS parameter, which is sensitive to mean displacement
and dynamic rate change, showed that this parameter was estimated to be smaller than
2.6 in all methods. In fact, in the case of the CN, HPF, HSC, and PRM methods, the value
of ERGAS was calculated to be 2.6, 2.4, 2.37, and 2.16, respectively, and in the rest of the
methods, this component was smaller than 2. Moreover, comparisons showed that the
smallest values of ERGAS were obtained with GS, Ehlers, and IHS, which were estimated
to be 1.73, 1.73, and 1.87, respectively. In general, by comparing different coefficients and
according to the purpose of the research, which is to preserve both spectral and spatial
qualities together, the Ehlers method was used for the fusion of aerial and Sentinel-2 images.
For comparison, the NDVI index obtained from Sentinel-2 and the images obtained by
fusion of aerial images with Sentinel-2 is shown in Figure 5.

Table 2. The values of statistical coefficients between the corresponding bands in the fused images
and the bands of the Sentinel-2 images.
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RMSE 14.61 13.5 12.3 15.1 13.5 13.82 17.5 13.8 18.37 13.79
ERGAS 1.97 1.87 1.73 2.39 1.73 2.16 2.61 1.95 2.37 1.98
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3.2. Comparison of Object-Oriented Classification Methods

To classify the images and separate the gardens from agricultural lands, UAV images,
DSM, and NDVI obtained from the fusion of aerial images and Sentinel-2 images were
used. The DSM image, which is a raster layer whose value per pixel is equal to the height
of natural features and man-made features such as cities and electric lights, adds height
information to improve classification. Moreover, the NDVI obtained from the fusion of the
UAV image and Sentinel-2 images can improve the classification accuracy by improving
the spectral data of the images as well as the difference in the value of the vegetation index
and its reflection in the red and infrared bands. According to previous studies in the field
of comparing object-oriented and pixel-based methods [117], object-oriented methods were
selected for classification.
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In the first stage of classification, using various optimization techniques, the most
suitable scale and parameters involved in the classification were identified, then in the next
stage, according to the scale and power of spatial separation of the image, segmentation of
the image components was carried out, and finally, complications were classified using the
desired technique. In the case of object-oriented classifications of satellite images, the quality
of segmentation and determining the scale of segments have a direct relationship with the
power of spatial separation of satellite images, and by increasing the spatial separation of
images, high-quality segments can be produced, and the accuracy of classification can be
significantly increased.

The process of object-oriented classification can be conducted in three general stages,
which include segmentation, classification, and evaluation of classification accuracy. A
segment means a group of neighboring pixels within an area, where similarities such
as numerical value and texture are the most important common criteria. Image objects
resulting from the segmentation process are the basis of object-oriented classification. For
the purpose of segmentation in this research, the multi-resolution segmentation method
has been used. Since in the current study the purpose of classification is to separate garden
lands from agricultural lands, a segment that can best put garden lands into one category
is desirable.

To conduct different tests for segmentation, various parameter scales were used,
including 100, 50, and 30. A parameter comparison that can provide segments with the
dimensions of garden and agricultural land is desirable, and according to the purpose of the
research, there is no need for segmentation on the scale of each tree or crop rows. Therefore,
the visual examination of the three abovementioned tests showed that the parameter scale
of 50 was most suitable for the segmentation of garden lands in this image, and then
the optimal coefficient values of the image and compression factor were selected to be
0.4 and 0.5, via trial and error (Figure 6). The segments were created in such a way that
the agricultural lands are separated as a segment. After applying image segmentation,
classification was carried out using Bayesian object-oriented methods, RF, SVM, and KNN,
the results of which are presented in Figure 7.
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In the present study, the DSM image and NDVI were used to increase the accuracy of
aerial image classification. The DSM image by adding height information and NDVI by
adding spectral information of complications help to separate gardens from agricultural
fields. In the classification using the Bayes method, building land cover, and bare lands
have not been appropriately separated from each other, and the roads are not identified
at all and the land is classified as buildings; hence, from a visual point of view, this
method does not have the ability to distinguish different land covers. The KNN and RF
methods have moderate accuracy and the SVM method has better distinguished different
land covers. In fact, SVM outperforms other methods in terms of separation of different
land covers, especially roads. The criteria used for evaluation were the overall accuracy
and kappa coefficients. Because it considers the agreement that would be predicted by
chance, the kappa coefficient is a more reliable indicator than the total accuracy metric. The
results of comparing the kappa coefficient and overall accuracy of different object-oriented
classification methods (Table 3) indicated that SVM has the highest accuracy with kappa
coefficient and overall accuracy of 0.89 and 86.2, respectively; followed by the random forest
method with a kappa coefficient and overall accuracy of 0.87 and 83.1. The Bayes method
has the lowest accuracy with a kappa coefficient of 0.58. The object-oriented methods used
in this research, from the most to the least accurate, include SVM, RF, KNN, and Bayes.
Therefore, the SVM method was used to classify aerial images in this research [21].
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Table 3. Comparison of the accuracy of aerial images classification methods in distinguishing gardens
from agricultural lands.

Kappa Coefficient Overall Accuracy

SVM 89% 86.2
Bayes 58% 51.3
KNN 76% 81.4

RF 87% 83.1

3.3. Monitoring the State of Vegetation in Gardens

Having separated garden lands in the images of 2018, in order to examine the vegeta-
tion status of the gardens at the present time, the aerial images of this year were again fused
with the Sentinel-2 images and the NDVI was calculated. NDVI values were classified into
four groups including dried, drying, acceptable, and desirable conditions (very poor, poor,
good, and very good) (Figure 8). Since the studied region has a dry climate and desert
conditions, NDVI classification was carried out by field visits in several gardens, and its
values are different from the classifications considered for humid areas (Table 4). The NDVI
threshold was determined by dividing the state of trees into four states, which was done by
using a review of sources in this field and then a field visit, an example of which is shown
in Figure 9.
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Sentinel-2 images.

Table 4. The classification values of NDVI for dry areas in the present study.

NDVI Name Color Class
0.4< Desirable conditions Very Good

0.3–0.4 Acceptable conditions Good
0.2–0.3 Drying up Poor

0.2> Dried Very Poor

Through the classification of images and the separation of gardens from agricultural
lands in 2018, it turned out that there are 1258 gardens covered with trees in the study area.
Since lands with an area of less than 500 square meters are not considered as gardens, the
number of gardens in the study area is 1024. The percentage of each garden status class in
each garden was calculated for 2022 and the results showed that 21 gardens have completely
dried up in the period under study and the NDVI in the entire area of these gardens during
the peak vegetation cover in summer is smaller than 0.2. Also, in 17 gardens between 70
and 90% of the area and in 44 gardens between 50 and 70% of the area have dried up. In
order to more comprehensively examine the state of the gardens, the percentage of each
class of dried, drying, acceptable, and desirable conditions was divided into five categories,
which comprise 0 to 20, 20 to 40, 40 to 60, 60 to 80, and above 80 percent. In each garden
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status class, the frequency of these categories was determined (Figure 10). The results of
the examination of the percentage of the area in different classes of gardens showed that
786 gardens have less than 20%, 129 gardens between 20 and 40%, 60 gardens between 40
and 60%, and 49 gardens more than 60% of their area in the completely dried class. In other
words, in 24% of the gardens in the study area, equivalent to 238 gardens, more than 20%
of their area has completely dried up in the period between 2018 and 2022.
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Figure 10. Comparison of the percentage frequency of gardens in the area in different categories of
garden status.

Examining the status class ‘drying’ showed that 618 gardens have less than 20% of
their area in this class. Also, in 38 gardens, more than 80% of the garden area is dry-
ing up. In 71 gardens in the study area, more than 60% of the garden area is drying up.
These gardens will be prioritized for restoration and if their problem is a lack of water re-
sources, they will be irrigated by organizations such as the municipality or the urban green
space organization.

The results of examining the status class ‘acceptable’ also showed that 200 gardens
have more than 40% of their area in this category. Examination of the status class ‘desirable’
showed that 340 gardens (34% of the gardens in the study area) have less than 20% of their
area in desirable condition. Also, from the entire studied area, 100 gardens have more
than 80% of their area in good condition. Due to the ideal vegetation, these gardens can be
invested in by the municipality and purchased to become public green spaces.

It is necessary to plan for different categories of gardens according to the mentioned
statistics in order to prevent further drying of gardens. The percentage of vegetation status
classes in each garden was also compared with its area, and the results showed that gardens
with a small area were more prone to destruction (Figure 11). Completely dried conditions
are more common in gardens with a small area, and there are more desirable vegetation
conditions in gardens with a large area.



Remote Sens. 2023, 15, 4053 17 of 25

Remote Sens. 2023, 15, x FOR PEER REVIEW  16  of  24 
 

 

Figure 10. Comparison of the percentage frequency of gardens in the area in different categories of 

garden status. 

Examining the status class ‘drying’ showed that 618 gardens have less than 20% of 

their area in this class. Also, in 38 gardens, more than 80% of the garden area is drying up. 

In 71 gardens  in the study area, more than 60% of the garden area is drying up. These 

gardens will be prioritized for restoration and if their problem is a lack of water resources, 

they will be irrigated by organizations such as the municipality or the urban green space 

organization. 

The results of examining the status class ‘acceptable’ also showed that 200 gardens 

have more than 40% of their area in this category. Examination of the status class ‘desira-

ble’ showed that 340 gardens (34% of the gardens in the study area) have less than 20% of 

their area in desirable condition. Also, from the entire studied area, 100 gardens have more 

than 80% of their area in good condition. Due to the ideal vegetation, these gardens can 

be invested in by the municipality and purchased to become public green spaces. 

It is necessary to plan for different categories of gardens according to the mentioned 

statistics in order to prevent further drying of gardens. The percentage of vegetation status 

classes in each garden was also compared with its area, and the results showed that gar-

dens with a small area were more prone to destruction (Figure 11). Completely dried con-

ditions are more common in gardens with a small area, and there are more desirable veg-

etation conditions in gardens with a large area. 

 

Figure 11. Comparison of the percentage of vegetation status classes in each garden with its area. 

3.4. Identification of New Construction in Gardens 

Through  the  examination of  the  changes  in Sentinel-2  images, new  constructions 

were identified in the gardens in the time series from 2018 to 2022 and were compared 

with the aerial images taken in 2022. The results showed that 108 new construction loca-

tions were identified using Sentinel-2 images, while 120 new construction locations were 

identified using UAV images. In general, during the times when it is not possible to obtain 

images with high  spatial  resolution, Sentinel-2  images and  their monitoring over  time 

make it possible to identify new constructions. Figure 12 illustrates an example of the de-

struction of gardens followed by new constructions. With an area of 6000 square meters 

in 2018, this garden had been converted  into 17 residential buildings by 2022. Effective 

and in-time identification of the location of new constructions in garden lands is very cru-

cial to prevent and legally deal with their change of use and can prevent further destruc-

tion of gardens. Therefore,  the use of Sentinel-2  images and  their monitoring  in a  time 

series to identify new constructions in gardens makes it possible to give early warning to 

the relevant authorities and prevent the destruction of gardens and their illegal change of 

use. 

Figure 11. Comparison of the percentage of vegetation status classes in each garden with its area.

3.4. Identification of New Construction in Gardens

Through the examination of the changes in Sentinel-2 images, new constructions were
identified in the gardens in the time series from 2018 to 2022 and were compared with the
aerial images taken in 2022. The results showed that 108 new construction locations were
identified using Sentinel-2 images, while 120 new construction locations were identified
using UAV images. In general, during the times when it is not possible to obtain images
with high spatial resolution, Sentinel-2 images and their monitoring over time make it
possible to identify new constructions. Figure 12 illustrates an example of the destruction
of gardens followed by new constructions. With an area of 6000 square meters in 2018, this
garden had been converted into 17 residential buildings by 2022. Effective and in-time
identification of the location of new constructions in garden lands is very crucial to prevent
and legally deal with their change of use and can prevent further destruction of gardens.
Therefore, the use of Sentinel-2 images and their monitoring in a time series to identify new
constructions in gardens makes it possible to give early warning to the relevant authorities
and prevent the destruction of gardens and their illegal change of use.
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3.5. Investigating the Effect of the Garden Destruction on the LST

Having identified the destroyed gardens, the effects of the destruction of gardens
and the change in the land cover of the gardens on LST were examined. The LST is a
variable which significantly varies with time and space; hence, checking LST on one day
of two different years is not a correct method to identify the effects of changes in land
cover on the LST. For this purpose, in the current study, the LST was estimated using
the split window algorithm and Landsat 8 images in a five-year time series from 2018
to 2022 with a sequence of 16 days (125 images of LST). Given that satellite images are
always associated with the problem of clouds and missing data, and due to the necessity of
obtaining a complete time series to examine the changes in the time series of the LST, these
images were reconstructed using the HANTS algorithm, and the outlier data caused by
clouds and snow were estimated. This algorithm has been examined in previous studies on
reconstructing the LST images of Landsat 8 [118]. Changes in the LST have been examined
in a five-year time series in a garden that had a constant status, a garden that has been
destroyed in the past two years, and on land without vegetation (Figure 13).
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Figure 13. Examining LST obtained from Landsat 8 images in a five-year time series in an unchanged
garden, a destroyed garden and land without vegetation.

The results of monitoring LST in a five-year time series showed that there was no
change in the conditions of the vegetation in the garden during the given period. The
pattern of changing LST has also been constant and the maximum temperature in summer
in this garden is 38 ◦C and the minimum temperature in the cold months of the year is
10 ◦C. The LST in a land without vegetation is estimated to be over 50 ◦C in summer and
up to 15 ◦C in winter. Therefore, there is a significant difference between the pattern of LST
changes in garden lands and lands without vegetation, and this temperature difference is
much greater in the hot seasons of the year. Hence, in summer, the temperature difference
between gardens and bare land is 20 ◦C while it is less than 10 ◦C in winter. The pattern of
changes in LST of the studied destroyed garden from 2018 to 2020 is completely identical
to the garden with desirable coverage, and in 2021 and 2020 its temperature increased
significantly, which indicates the complete destruction of the vegetation. The maximum
LST in the summer before the destruction of the garden was 38 ◦C while it was 52 ◦C
after the destruction. Therefore, destroying the vegetation in this garden has increased the
surface temperature by 14 ◦C.

To investigate the effect of the drying of the gardens on the increase in LST, the changes
in LST between the dried gardens and the gardens with desirable tree cover were also
compared, in addition to the changes over time which were examined in the previous
section, to determine the spatial changes of the surface temperature between the land with
desirable vegetation and the dried gardens. The LST was checked in the summer of 2022
in the lands that had once been identified as gardens in 2018, and the results are shown
in two plots as an example in Figure 14. As is clear in this figure, the gardens that have
dried up in the studied time series have a much higher LST than the gardens with desirable
conditions. Maximum LST in gardens with desirable conditions is 38 ◦C and is 44 ◦C in
dried gardens; also, average LST in desirable gardens is 36.2 ◦C while it is 42.5 ◦C in dried
gardens. Since the spatial resolution of Landsat 8 surface temperature images is 100 m, the
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problem of mixed pixels has caused temperature changes to be unclear in small gardens or
gardens that have only been partially destroyed.
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4. Discussion

Comparing the results of this research with previous studies shows that the results
of selecting the optimal method for fusion of UAV images with Sentinel-2 are in line with
the results of Ai et al. [119] demonstrating that the Ehlers, IHS, Mojak, and Gram–Schmidt
methods have the highest to the lowest accuracy in image fusion. In the present study, the
accuracy of the Ehlers method was higher than the other three methods. However, the
results were incompatible with the results of the study by Rahimzadeganasl et al. [120],
who showed that Gram–Schmidt, NNDiffuse, and IHS methods are more accurate than
the Ehlers and HSC methods. The results of the present study showed that the mentioned
methods are more accurate than the HSC method, but their accuracy is lower than the
Ehlers method.

The results of the present study are also in line with the results of Li et al. [23] who
found the value of the correlation coefficient in the PSC and Brovey methods to be lower
than that of Ehlers. Also, the results of the current research are in line with the study
of Moltó [31] which used the fusion of RGI high resolution images and Sentinel-2. It is
possible to prepare the NDVI with high accuracy and distinguish different land covers
because, in this study, the capability of RGB high resolution images in this field was also
confirmed. The results of using the DSM image to increase classification accuracy are
consistent with the results of Al-Najjar et al. [121] indicating that the use of a DSM has the
greatest effect on improving the accuracy of identifying trees and buildings. The present
study also confirms the results of Beltrán-Marcos et al. [29] arguing that the use of a DSM
increases the accuracy of classification and segmentation. The results of the present study
showed that the use of NDVI image spectral data along with a DSM increases the accuracy
of aerial image classification, which is consistent with the results of Wu et al. [17]. Also,
the results of comparing various classification methods using the object-oriented method
are in line with the results of Marcinkowska et al. [122] and Burai et al. [123] which stated
that the SVM method provides the flexibility of training data, thus reducing errors and
increasing accuracy. It also confirms the results of Bento et al. [124] who found the SVM
and RF methods to be the most appropriate methods for preparing land use maps in
agricultural areas. The results of Zhang [125] showed that spectral information from the
fusion of multispectral aerial imagery can be used for machine learning-based land cover
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classification, and among all methods, SVM had the best performance, which confirms the
results of the present study.

The limitations of the current research include the following. Using aerial images
with high spatial resolution requires powerful hardware and its processing is very time-
consuming. Aerial images in some areas may not be available at local noon time. Therefore,
a shadow is created in the images, and the presence of a shadow in the classification causes
a partial error. The advantage of this research is that due to the location of the studied area
in the desert and hot and dry climate, the results of this study can help to preserve and
prevent the destruction of existing gardens. Also, the gardens that are drying out have
been identified and irrigated to prevent them from drying out. The fusion of aerial images
and Sentinel-2 led to a more accurate monitoring of the state of vegetation in dry areas.

5. Conclusions

Traditional methods to identify garden lands and monitor their vegetation status
(including field surveys) are associated with inevitable disadvantages. For example, these
methods are unusable in areas which are not easily accessible, and are also laborious,
expensive, and challenging in other areas. Therefore, the use of remote sensing, which is
freely available to the public with a time sequence, is a suitable method for this type of study.
As drone technology continues to improve, the costs and obstacles of drone operations are
falling, and the use of related technology in agriculture has become common. Reducing the
number of workers in the agricultural industry makes UAV technology an effective tool for
agricultural land management by local governments and academic research to promote
precision agriculture, which focuses on high efficiency, food safety, and risk prevention. In
the present study, satellite and aerial images were fused using different methods. In fusion
of satellite images, the important issue is the amount of preserving spectral data while
simultaneously increasing spatial data. Using the optimal method, the images were fused
and the vegetation index was estimated. In this study, aerial images and the vegetation
index obtained by fusion of UAV and Sentinel-2 images were used to classify and separate
garden and agricultural lands. The results showed that the proposed method effectively
increases the classification accuracy. Comparison of various object-oriented classification
methods showed that the use of the SVM method can distinguish gardens from other land
covers, especially agricultural lands, with appropriate accuracy. Monitoring the condition
of the vegetation in the study area, which is a city with a dry climate and desert conditions,
showed that the gardens in the study area were extensively destroyed and 120 buildings
were built inside the gardens during the study period. Also, the results showed that the
destruction of gardens caused a sharp increase in LST. Considering the lack of green space
in the study area, it is very crucial to preserve and monitor the gardens to prevent their
destruction and drying. It is also suggested to use a Markov chain to predict the state of
gardens in the coming years.
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