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Abstract: Forests are some of the major ecosystems that help in mitigating the effects of climate
change. Understanding the relation between the surface temperatures of different vegetation and
trees and their heights is very crucial in understanding events such as wildfires. In this work,
relationships between tree canopy temperature and canopy height with respect to vegetation types
were extracted. The southern part of Sardinia Island, which has dense forests and is often affected
by wildfires, was selected as the region of interest. PRISMA hyperspectral imagery has been used
to map all the available vegetation types in the region of interest using the support vector machine
classifier with an accuracy of >80% for all classes. The Global Ecosystem Dynamics Investigation’s
(GEDI) L2A Raster Canopy Top Height product provides canopy height measurements in spatially
discrete footprints, and to overcome this issue of discontinuous sampling, Random Forest Regression
was used on Sentinel-1 SAR data, Sentinel-2 multispectral data, and the Shuttle Radar Topography
Mission (SRTM) digital elevation model (DEM) to estimate the canopy heights of various vegetation
classes, with a root mean squared error (RMSE) value of 2.9176 m and a coefficient of determination
(R?) value of 0.791. Finally, the Moderate Resolution Imaging Spectroradiometer (MODIS) Land
Surface Temperature (LST) and emissivity product provides ground surface temperature regardless
of land use and land cover (LULC) types. LST measurements over tree canopies are considered as
the tree canopy temperature. We estimated the relationship between the canopy temperature of
five vegetation types (evergreen oak, olive, juniper, silicicole, riparian trees) and the corresponding
canopy heights and vegetation types. The resulting scatter plots showed that lower tree canopy
temperatures correspond with higher tree canopies with a correlation coefficient in the range of —0.4
to —0.5 for distinct types of vegetation.

Keywords: canopy heights; hyperspectral; lidar; multispectral; synthetic aperture radar; tree
canopy temperature

1. Introduction

Forests perform some of the crucial ecological functions that help support the climate
of the Earth as well mitigate the negative effects of climate change, as they act as natural
carbon sinks and provide a variety of biodiversity. Maintaining the forest’s ecosystem is
highly crucial (https:/ /sustainabletravel.org, accessed on 20 January 2023) [1]. To achieve
that, understanding the relationship between the spatial features of forests is especially
important, some of which include canopy cover, height, biomass, and surface tempera-
ture [1]. The biophysical feedback of the forest canopy height changes on the land surface
temperature (LST) also has been investigated, and it has been concluded that forests with
taller trees evaporate more water into the atmosphere and absorb more heat from the sur-
rounding environment than forests with shorter trees do, leading to a net cooling effect [1,2].
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LST is one of the principal factors in supporting a balance of surface energy [2—4]. This
plays a vital role in one of the most significant effects, known as urban heat islands. It is a
phenomenon that is caused by the removal of natural vegetation and the use of low-albedo
construction materials and roads, as well as by heat produced by human activity, such as
the heat from cars, air conditioners, industries, refrigerants, aerosols, and gas stations [5,6].
Another impactful use of LST is associated with its applications in studying wildfires [7-9].
Using the differenced normalized burn ratio (ANBR) in monitoring the severity of burned
zones, the statistical difference between the LST and the normalized difference vegetation
index (NDVI) was observed in the burn severity categories, which showed substantial
changes in LST in the zones of higher fire severity [10]. The relationship between LST and
various landscape features, such as the NDVI, which shows vegetation health, and the
normalized difference water index (NDWI), which shows the water content of vegetation
from multi- or hyperspectral imagery, has also been examined [11].

Our literature survey showed that understanding the canopy temperature is important
and why is it important is explained in Box 1.

Box 1. Why Is Understanding the Relation Between Tree Canopy Temperature and Canopy Height
Important?

Monitoring a canopy’s height and its temperature changes is of immense importance, just as much
as the relationship between them. These changes are caused by various natural and anthropogenic
processes, such as deforestation, afforestation, drought stress, wildfires [12], etc. Canopy height
and forest structure changes result in significant changes in biophysical properties, such as surface
albedo, which directly affects the influx of net radiation and has an impact on surface tempera-
ture [13]. Quite a few studies have been conducted exploring the importance of canopy surface
temperature. Canopy temperature can be a direct measure for the health of urban trees [14]. Many
studies have been conducted acknowledging the importance of the relationship between wildfires
and surface temperatures [15,16]. In addition to forests, studies have also been conducted to monitor
the changes in trees and distinct types of vegetation in urban areas and the consequences of these
changes in terms of urban heat islands [15,16]. There are a variety of issues interlinked with the
increase in surface temperatures; for example, trend analyses of forest fire hot spots were carried out
for the western Himalyians to check their relationship with LST. The results showed that an increase
in mean LST over months led to an increase in the number of overall forest fires [17]. Understanding
the patterns of soil moisture and LST has also contributed toward predicting the extent of a wildfire
event [18]. Increases in the temperature of a forest lead to the drying up of soil moisture, which, in
turn, causes the trees and vegetation to become combustible and eventually gives rise to wildfires.
Though wildfires are part of nature, the prevention and management of wildfires is important [19].
Therefore, understanding the relationship between forest canopy height and canopy temperature
helps to better understand the local forest climate.

Understanding variation of canopy temperature is important mainly for applications
such as wildfire management [17] and vegetation health management [14]. For instance, a
trend analysis of forest fire hot spots was performed for the western Himalayas to check
their relationship with LST. The results showed that an increase in mean LST over months
led to an increase in the number of overall forest fires [17]. Another study showed that
canopy temperature can be a direct measure of the health of urban trees [14]. Remotely
sensed LST measurements over the trees are based on the principle that the spectral radiance
reflected in the thermal infrared bands is from the tree canopy instead of the ground
surface beneath the tree. Therefore, remotely sensed LST measurements over trees can be
considered as estimated tree canopy temperature and can be used for understanding the
spatial pattern of canopy temperatures. In our study, we used MODIS LST and emissivity
product (MOD 21) to extract tree canopy temperatures.

The biophysical and biogeochemical processes of forests, such as albedo, evapotran-
spiration, canopy roughness, water cycle, and carbon cycle, help in mitigating the effects
of climate change [20-22]. In terms of spatial information, some of these attributes are the
most crucial information for effectively and sustainably preserving forest resources and
for making informed decisions about supporting biodiversity [23,24]. The demand for
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spatially explicit data of forest attributes has grown tremendously, and is sought by local,
national, and global agencies. For example, forest biomass has been recognized by the
Global Climate Observing System as an essential environmental variable [25]. Moreover,
these agencies need these forest attributes at high spatial resolutions for proper monitoring
of the changes occurring in the forest ecosystem. Canopy height has been shown to be
the top predictor for forest mortality during extreme drought conditions. Larger trees die
at a rate twice as fast as smaller ones, and younger trees had higher growth reductions
during droughts. However, forests with younger canopies recover more quickly from
drought [26-28].

Light detection and ranging (lidar) technology have revolutionized the collection of
spatial information of forests, including canopy heights. This technology can be adopted
on various platforms such as on the ground, on unmanned aerial vehicles, or even in
satellite-based imaging [29]. At present, GEDI is NASA's first spaceborne, full-waveform
lidar that is specifically designed to measure ecosystem structure by providing vertical
profiles of forest canopies. After its launch, recent studies have been appropriately making
full use of its data, such as in mapping the canopy forest with the integration of GEDI and
Landsat datasets [30], conducting plant health assessments using spatial canopy features
such as canopy height and diameter at breast height [31], using spatial features of forests in
wildfire management [32], and many more. Unlike gridded imagery from optical satellites
such as Landsat-8, Sentinel-2, etc., GEDI is a sampling instrument that can record height
measurements in spatially discrete ~25 m diameter footprints, where interstitial areas
remain unsampled between footprints (60 m along-track) and between transects (600 m
across-track) [33]. Though this sensor has near-global coverage, it comes at the expense of
unsampled gaps, for example, the inability of near-infrared lidar to penetrate clouds and
the undersampling of some regions owing to limitations of the International Space Station’s
orbital geometry [34]. Due to these limitations, researchers around the world are developing
approaches to estimate canopy heights using other available continuous gridded imagery.
Some of the instances reported on estimating continuous forest canopy heights using GEDI
data as a proxy for in situ data are as follows: A paper reported using different machine
learning algorithms with airborne laser data, spaceborne radar data, and GEDI data as a
proxy for in situ data [30] to estimate forest canopy heights. Lang et al. [35] reported using
a convolution neural network (CNN) model with Sentinel-2 data to estimate vegetation
heights. A study used the neural network-guided interpolation (NNGI) method to integrate
the GEDI, ICESat-2 ATLAS, and Sentinel-2 optical images to map forest canopy heights [36].
Based on these instances, the GEDI canopy height product is a reliable and suitable ground
truth for predicting canopy heights. We understood from our literature survey that radio
detection and ranging (radar) data, optical data, and elevation and slope data had major
impacts in estimating canopy heights, so we trained a random forest regression model
using Sentinel-1 synthetic aperture radar (SAR) data, Sentinel-2 multispectral data, and
SRTM elevation and slope data as independent variables and canopy height measurements
from GEDI as the dependent variable to continuously predict canopy heights for our region
of interest. Apart from canopy heights, on the topic of spatial features of forests and forest
ecosystem management, LULC maps are a crucial part of these activities.

We are interested in analyzing the spatial distribution of canopy temperature across
various types of vegetation in our study area; therefore, a land use and land cover mapping
has been conducted. LULC mapping has been one of the most researched topics in remote
sensing and geographic information sciences. The significance of the knowledge of the land
cover of a certain location is unmatched when performing change analyses, in urban plan-
ning, thematic mapping, agriculture, deforestation, or reforestation, and in determining the
relationship of land use to climate change [22,37]. This spatial information helps to better
understand the use of land. It is also used for retrieving various biophysical variables,
such as vegetation indices about vegetation health, water content, and carbon content.
The biophysical effects of the LULC changes have also been extensively studied using
satellite imagery [38]. Even the changes in the structure of the forests lead to significant
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changes in some important biophysical properties, such as a change in the surface energy
and albedo, eventually leading to a change in the surface temperature [39-41]. Offline
simulations have been performed to see the impact of the structural changes of a forest on
the surface temperature and showed a decrease in both daytime and nighttime LST over
regions of grassland to forest transition, corresponding to average values of 0.44 and 0.20 K,
respectively. Authors have reported that this is predominantly controlled by changes in
evapotranspiration [42]. Various supervised and unsupervised image-classifying method-
ologies have been used to classify land cover, such as image segmentation, artificial neural
network-based classification, and object-based classification [43,44]. Many studies [45] have
reported that hyperspectral imagery is prominent in remote sensing, with its wide range of
applications in precision agriculture and environmental modelling [46], and is able to map
LULC types with comparatively better accuracy [47]. PRISMA, a spaceborne hyperspectral
satellite of the Italian Space Agency, has proven suitable for vegetation mapping [48], and
it is considered in our study for mapping different vegetation types.

In this work, we tried to understand the spatial pattern of forest canopy temperatures
for varying canopy heights and different tree types for the southern part of Sardinian
Island that constitutes the Monte-Arcosu Forest. This effort requires three different maps,
viz., a tree canopy temperature map, a canopy height map, and an LULC map for the
region of interest. We generated these three maps using different sources and methods
as follows: Firstly, a random forest regression model was trained using Sentinel-1 SAR
data, Sentinel-2 multispectral data, and SRTM elevation and slope data as independent
variables and canopy height measurements from the GEDI canopy height product as the
dependent variable. Secondly, we classified LULC types for the same area using PRISMA
hyperspectral imagery. Finally, we extracted tree canopy temperatures using the MODIS
LST and emissivity product. Then, we generated scatter plots for varying canopy heights
and vegetation types to examine the relationship between them. This paper is structured
as follows: Section 1 introduces all the topics that the paper tries to deal with. Section 2
describes the area of interest. Section 3 talks about the various stages of the research and
methodologies used at each stage. Finally, Section 4 concludes with the results obtained
and the inferences that were derived from them.

2. Study Area and Data Used
2.1. Study Area

Sardinia is one of the largest Italian islands in the Mediterranean Sea, with the largest
forest cover. Sardinia is one of the regions that is most affected by the forest fires during
summers. Reports show that the region had a total of 1,008 wildfires annually in the past
decade, and that accounts for 20% of the total over the entire nation of Italy (https://data.
europa.eu/doi/10.2760/059331, accessed on 20 January 2023). This was the primary reason
for choosing a densely forested region as our study area for this project, as shown in Figure 1.
The average temperature on the island ranges from 10 °C in winter (January/February) to
24-25 °C in summer (July / August); it has rainy winters and hot, sunny summers, and it has
winds ranging from 0.3 mph to 11.5 mph. Much research has been conducted investigating
and elucidating the spatial extents and patterns of the forest fires, along with a few studies
focusing on the simulations of the events [49].
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Figure 1. (a) Sardinia Island. (b) The region of interest is a forested area of 900 square km.

2.2. Remote Sensing Datasets

As explained in the previous section, we utilized freely available remote-sensing
datasets for mapping canopy heights, LULC types, and canopy temperatures, as shown in
Table 1. To estimate canopy heights, data from Sentinel-1 SAR, Sentinel-2 multispectral, and
SRTM elevation and slope products were used as independent variables and canopy height
measurements from GEDI'’s 98th percentile of the relative height (RH98) product was used
as the dependent variable to train the random forest regression model. For classification
of LULC types, PRISMA hyperspectral imagery, available for free upon registration on
prisma.asi.it (accessed on 1 October 2022), has been used in our study. This hyperspectral
sensor was launched in 2019 by the Italian Space Agency and captures images in narrow,
contiguous, spectral bands having a spectral resolution of ~12 nm and provides images in
both VNIR and SWIR wavelength regions, as shown in Table 1. Tree canopy temperatures
were extracted over the regions of interest using the MODIS LST and emissivity product
that provides daily land surface temperatures as depicted in Table 1.

2.3. Reference Datasets

The current work uses the help of multiple maps, namely, (i) the Nature System
Map of Sardinia, which was accessed through the Sardinia Geoportal, (ii) the CORINE
Land Cover (CLC) map (2018), and (iii) grassland maps that were obtained through the
Copernicus Land Monitoring Services, as reference data for LULC mapping. The Nature
System map had an overall accuracy of 85% [50,51]. The CLC map had an overall coverage
of 5.8 Mkm?, and validation studies have shown it to have an overall accuracy of 85% [52].
The grasslands maps helped in identifying the presence and absence of grasslands. These
three maps were used for cross-checking the corresponding pixels of trees, grasslands,
and shrubs.
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Table 1. Remote-Sensing Datasets Utilized in This Study.

Data Type Spectral Bands Spatial Resolution (m) Time Period
PRISMA Hyperspectral 234 bands (V1§1ble mfraregl and 30 October 2021
Imagery short-wave infrared region)
S1_GRD Product (Interferometric
Sentinel-1 Wide Swath Mode)— 10 August 2021 to October 2021
VV and VH Polarization
B2 (blue) 10
B3 (green) 10
B4 (red) 10
B5 (near infrared) 20
Sentinel-2 B6 (near infrared) 20 August 2021 to October 2021
B7 (near infrared) 20
B8 (near infrared) 10
B11 (short wave infrared) 20
B12 (short wave infrared) 20
SRTM Digital Elevation Map 30 )

(SRTMGL1_003)

GEDI'’s Level 2A Geolocated .
GEDI Elevation and Height Metrics Product 2 April 2019 to October 2021

MODIS/Aqua Land Surface
MODIS Temperature/Emissivity Daily L3 1000 October 2021
Global Grid

3. Methodology

This section describes the methodology implemented to extract canopy temperatures
for varying canopy heights and vegetation types. The methodology is summarized in
Figure 2 in three stages: (i) canopy height estimation, (ii) land use, land cover (LULC)
mapping, and (iii) extraction of canopy temperatures.

Python based algorithm
Google Earth Engine

”~ i
1 PRISMA
GEDI : Google Earth Engine Hyperspectral Imagery
Sentinel - 1 SRTM DEM Canopy y FooToSsE=s=—=—Samsnemes !
&2 & Slope Heights | | ' SOFDIS 1
Imagery Maps Product e Temt[:)’;af;fure \ Reference
I f I
\jj‘ 1 Product : e

l

I
Monthly Average of |

Surface Temperature | Spectral Signatures

——

| Random Forest Model | ‘ Support Vector

I
| | Machine Model
‘ Canopy Heights | 1 l
I

' Vegetation types
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, Classification

l Extraction of tree canopy temperatures across diverse canopy heights and types

Figure 2. Concept flow chart of canopy height estimation, canopy temperature extraction, and
vegetation mapping.
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The ability to seamlessly retrieve the data in the Google Earth Engine (GEE) is un-
matched, and various packages are available to further enhance its ability for modelling.
In our study, canopy height estimation and tree canopy temperature mapping were per-
formed on the GEE cloud computing platform, whereas LULC mapping, with a focus on
vegetation classification, was performed with the open access software Python 3.10. A
detailed description of the procedure to extract tree canopy temperatures for different
canopy heights and tree types is provided in the following subsections.

3.1. Canopy Height Estimation Using GEDI's Canopy Height Product

We selected random forest regression models from Google Earth Engine to predict the
canopy heights over a specific region of Sardinia Island. Independent variables of the train-
ing dataset include Sentinel-1 GRD product’s VV and VH polarization bands, Sentinel-2
sensor’s B2 (492 nm) to B8 (892 nm) and B11 (1614 nm) and B12 (2202 nm) bands, and SRTM
product’s (elevation and slope) maps over a 3-month period (August 2021 to October 2021).
The dependent variable in the training dataset is canopy height measurements from the
GEDI’s RH98 product. An interquartile range (IQR) was computed for the Sentinel-1 GRD
images, considering that is where most of the values are present. Sentinel-2 optical bands
were collected and a mask was used to remove the cloud cover. The European Space
Agency’s (ESA) land cover map was used as a reference to collect the entire forest cover
over the region. All these bands were then made into a stack for sample collection. In
total, a dataset of 15,000 samples was made that was further divided into training (70%),
testing (10%), and validation (20%) datasets. The model parameters (variablesPerSplit,
minLeafPopulation, bagFraction, maxNodes, and seed) were taken as default values on
GEE, and a range of the number of trees (from 10 to 100) (numberOfTrees) was selected
to find the optimum result. The variables for the model were chosen randomly, and the
final canopy heights were then predicted by calculating the average of the prediction of all
the trees. Variable importance has also been calculated to figure out the most important
variable that would be helpful in predicting the results. The accuracy of the regression
model was estimated by calculating the RMSE and coefficient of determination (R?) values.
The optimization parameters were changed until the highest accuracy of the model was
obtained. Figure 3 shows the flow of canopy heights estimation algorithm.

3.2. LULC Classification Using PRISMA Hyperspectral Imagery

Classifying land-use and land-cover types has benefited from the use of hyperspectral
imagery. We considered the PRISMA Level 2C product, which is atmospherically corrected
and has less than 5% cloud coverage. The PRISMAread tool, developed by the National
Research Council of Italy on R software, was used for georeferencing. This tool imports the
he5 format files with latitude and longitude information and converts them into GeoTiff
or ENVI format files. We used the land cover map included in the PRISMA L1 product to
initially differentiate between vegetated and nonvegetated pixels. One of the important pre-
processing steps involved in hyperspectral data processing is removing noisy bands, which
we performed in MATLAB, excluding bands that have 20% noise. After completing these
preprocessing steps, we extracted spectral signatures to train the classification machine
learning model using three maps, viz., a grassland map, a nature system map, and a Corine
land cover map as ground truth. These maps were collected from the Sardinia Geoportal
and the Copernicus Land Monitoring Services Portal. A flowchart of the classification
process is shown in Figure 4.
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Figure 3. A flowchart of the machine learning-based canopy height estimation process.

We used the Jeffries Matusita-Spectral Angle Mapper (JMSAM) technique to collect
spectral signatures of similar and dissimilar groups from the images. The analysis of
hyperspectral imagery involves calculating the spectral angle between the reference spectra
and the target spectra. The advantage of the SAM technique is that it compares the
properties of the material in terms of spectral angles while being insensitive to illumination
and shade. The Jeffries Matusita (JM) distance measure was used in combination with
SAM to identify similar spectra. The average distance between two spectra is calculated
by the JM distance. This method circumvents the modified divergence constraint by
using an exponential factor that lends an exponentially diminishing weight to the growing
separation between the spectra [53-55]. In order to identify similar spectra, we used the
deterministic SAM along with the stochastic JM distance measure. This method considers
the geometrical aspects (angle, distance) as well as the band information between the
spectral vectors. The best match is therefore determined by the least separable distance
between the spectral vectors at each band and the minor spectral angle between the vectors.
A score map was generated with this method, with high and low values corresponding to
the spectral signatures’ similarity. Then, we used K-means clustering to extract the profiles
into three groups: similar, dissimilar, and noisy profiles.
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Figure 4. Stepwise flowchart of machine learning-based vegetation classification using PRISMA
hyperspectral imagery.

A variety of supervised image-based land cover classification algorithms are available,
such as support vector machine (SVM), random forest (RF), and K-nearest neighbour
(KNN) [56]. For the present study, we trained the support vector machine classification
model with a radial basis function (RBF) due to its high accuracy and a great generalization,
irrespective of the sample size of the dataset. The model works on the structural risk-
minimization principle and statistical learning theory. The optimal separating hyperplane
with a maximum margin between the classes was found using the model with the training
samples that are located at the edge of the class distribution [57-59]. Initially, we tried
hyperparameter optimization to find the optimal values. However, this led to overfitting of
the model, so instead, a Bayesian optimization technique was used. Then, we computed
posterior probabilities using a trained SVM model by training the parameters with an
additional sigmoid function to map outputs as probabilities. These posterior probabilities
play an essential role in making an overall decision when the classifier is limited to making
a small part of an overall decision.

For each vegetation type, we created a dataset of 500 samples in which 300 samples
were collected from the similar-spectral-signatures group and labeled as 1 and another set
of 200 samples were from dissimilar and noisy-spectral-signatures groups and labeled as 0.
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These samples were divided into training and testing datasets with 70% and 30% of the
total samples, respectively, and the SVM posterior probability model was trained using
the training dataset. Then, K-fold cross-validation with K = 10 was performed to train the
model with minimal error. The trained SVM model showed a testing accuracy of >0.95 for
each class when testing with each class’s respective testing dataset.

3.3. Extraction of Tree Canopy Temperatures from MODIS LST Product

Many thermal infrared imageries are available online, such as Landsat, Meteosat,
Sentinel, Copernicus Global Land Service, etc., and they all have their limitations, as
they either require multiple-step processing for them to be used as LST or have high
temporal resolution. MODIS LST products, on the other hand, are readily available with
no preprocessing needed and have a temporal resolution of one day. These products can
be easily imported and worked on in the Google Earth Engine (GEE) API platform. As
the classification obtained in this study was during the month of October 2021, all images
from the same month were taken for consideration. To obtain a complete profile of the tree
canopy temperature of the study area, the mean for all LST images was computed on GEE.
The spatial resolution of the MODIS LST product was originally 1 km, and those of the
canopy height and the LULC map are 30 m. For the purpose of analysis, we resampled
the spatial resolution of the tree canopy temperature to a 30 m spatial resolution using an
inverse distance weighted interpolation technique in ArcMap.

4. Results
4.1. LULC Classification Map

As per the methodology described in Section 3.2, we have mapped 12 different veg-
etation classes, as shown in Figure 5, excluding bare soil, unclassified vegetation, urban
areas, and water. Details of each class are shown in Table 2. Significant classes of vegetation
in this region of interest are class 5, class 8, class 2, class 4, and class 6, which represent
coniferous trees, Euphorbia dendroides, evergreen oak, silicicole, and junipers, respectively.
Coniferous trees and Euphorbia dendroides have coverages of 29% and 25%, respectively,
whereas the remaining three classes have the least coverage area, around 2% each.

Table 2. Various Classes of Land Use, Land Cover Map.

Class Number Class
-1 all other classifications
1 Holm oak
2 evergreen oak
3 olive
4 silicicole
5 coniferous trees
6 junipers
7 calicotome
8 Euphorbia dendroides
9 calicole
10 Mediterranean meadows
11 riparian forest

Juy
N

cork oak trees
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Figure 5. Land use, land cover map of Sardinia—the meaning of each color in the legend is stated in
Table 2.

4.2. Canopy Height Map

For canopy height estimation, a random forest model was used, which has been run
on Google Earth Engine (GEE). We trained this model with various variables (as mentioned
in Section 3) to predict the canopy heights. Performance of this model was optimized by
varying the number-of-trees parameter. This model successfully predicted the heights with
an RMSE of 2.9176 m and an R? value of 0.791, which were obtained upon testing with the
testing dataset of 1500 samples. The canopy height map is shown in Figure 6 and the model
performance statistics can be seen in Figure 7, which shows the predicted vs. observed
values for the canopy heights. Figure 7 also shows the final regression equation used for
the model as an inset.
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Furthermore, we continued the validation by comparing our results with the LULC
map and observed that canopy heights that are less than 4.5 m were not predicted, since
the minimum canopy height of GEDI's RH98 product for our region of interest is 4.5 m. By
correlating the canopy height map with the classification map, we observed that only five
classes, viz., evergreen oak, olive, junipers, silicicole, and riparian trees, were predicted for
canopy heights. The canopy heights of these five classes were in the range of 4.5 m to 21 m,
as shown in Figure 6. These images were exported as GeoTiff files for further analysis with
canopy temperature map in ArcMap, as shown in Figure 8.

Monte-Arcosu Forest
(30 km * 30 km)

Canopy Height (m)
W 19.238-21.073
Il 17.403-19.238
Il 15.568-17.403
[l 13.733-15.568
W 11.898-13.733
[ 10.063-11.898
8.228-10.063
6.393-8.228
4.558-6.393

Contour Map of TCT (*C)
-0
- 24
27
30
- 33

Evergreen Oak Olive Junipers Silicicole Riparian Trees
- —) = = =

Figure 8. A 3D visualization of canopy heights, vegetation types, and canopy temperatures as
contour lines.

4.3. Validation of LULC Classification and Canopy Height Maps

The main goal of this paper is to examine the relationship between the canopy heights
of various vegetation classes and their corresponding tree canopy temperatures. We started
the procedure in a stepwise manner, i.e., we initially classified the LULC types for the
region of interest using hyperspectral imaging. The final classification map obtained with
the SVM model has 12 classes, as shown in Figure 5 and Table 2.

The LULC map was validated using maps, viz., grassland maps, nature system maps,
and a Corine land cover map, collected from various sources. In this study, we per-
formed validation only for classes for which canopy heights were predicted, i.e., vegetation
types of height greater than 4.5 m, and only these classes were used to study the tree
canopy-temperature relationship. For each of these classes, 50 pixels were considered, and
validation accuracy was calculated for them, which is the ratio of the correctly classified
pixels to the total number of pixels considered. Along with the accuracy, a few other
validation metrics, such as F1 score, recall, and precision, were also calculated, as shown in
Table 3. These metrics allowed us to further assess the accuracy of the map. Precision and
recall are helpful when the costs of false positive (FP) and false negative (FN) are different.
F1 score is not intuitively easy to understand; however, it helps to assess when there is an
uneven distribution of the classes. The accuracy of all the classes is greater than 80%, as
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shown in Table 3. Given the absence of recent reference or ground truth data for validation,
an uncertainty of up to 5% inaccuracy can be anticipated. This classification map is a
reference for the validation of the canopy heights map.

Table 3. Validation Metrics, Correlation Coefficients, and Mean Tree Canopy Temperatures for

Different Tree Types.
S.No Class Accuracy (%) Precision Recall F1 Score
1 evergreen oak 86 0.83 0.86 0.85
2 olive 80 0.85 0.72 0.78
3 juniper 86 0.86 0.86 0.86
4 silicicole 90 0.86 0.90 0.94
5 riparian trees 93 0.84 0.93 0.94

We then validated the canopy height estimations using the GEDI canopy height
product as the ground truth. The trained random forest regression model was validated
with a validation dataset of 3000 samples and obtained an RMSE of 3.63 m. We found this
validation result reasonable and proceeded with the correlation analysis.

4.4. Tree Canopy Temperature and Its Relationship with Canopy Heights of Different Vegetation

MODIS surface temperature images for the entire month of October 2021 were col-
lected, and the mean tree canopy temperature was computed over the region of interest in
GEE, shown in Figure 9. Like the canopy heights, we extracted the mean tree canopy tem-
perature for the five vegetation types, which are evergreen oak (23.21 °C), olive (23.93 °C),
juniper (23.39 °C), silicicole (24.03 °C), and riparian trees (24.89 °C). These extracted values
of canopy heights and temperatures for five different vegetation types were plotted against
each other to check for any existing relationships between them, as shown in Figure 10.
The following subsections for each class describe the inferences and correlations obtained
for each of the plots.

8°45'0"E 8°50'0"E 8°55'0"E 9°0'0"E 9°5'0"E

39°20'0"N

39°10'0"N 39°15'0"N
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Figure 9. Tree canopy temperature map, October 2021.
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Figure 10. Scatter plot of tree canopy temperature (TCT) vs. canopy height for the five prevailing
vegetation types (evergreen oak trees, olive trees, junipers, silicicole, and riparian trees) in the
study area.

Vegetation Types

Evergreen oak trees: Figure 10 shows the scatter plot of tree canopy temperature
against canopy height for evergreen oak trees. This vegetation type covered an area of 2%
of our selected region of interest. The height of this class ranges from 6 m to 17 m and
its corresponding tree canopy temperature ranges from 19 °C to 31 °C. A direct visual
inspection of the plot shows that there is a decreasing trend between these variables, i.e., as
the canopy height is increasing, there is an observed decrease in the canopy temperature
of the tree. The trendline shown in the scatter plot has a slope of —0.35, which is seen
as gentle slope, i.e., we only see a small decrease in canopy temperature when there is
a significant increase in the canopy height. To further confirm the negative relationship
between temperature and height, a correlation test was conducted between the canopy
temperature and the canopy height. The result was as expected, showing a negative
correlation between tree canopy temperature and canopy height, i.e., as one of the metrics
increases, the other one decreases, and vice versa. The correlation coefficient obtained for
evergreen oak is —0.41.

Olive trees: The scatter plot for olive trees is shown in Figure 10. The predicted
canopy height for this type of vegetation ranged from 6.5 m to 13 m and the canopy
temperature ranged from 20 °C to 31 °C. This class occupied a total of 4.1% of the study
area. The following scatter plot also shows a linear trendline between the two metrics. Of
all the other classes for which the analysis was carried out, olive trees showed the steepest
slope, —0.69. The correlation test between the canopy temperature and the canopy height
resulted in a negative coefficient, with a value of —0.45. This indicates that metrics are
moderately correlated.

Junipers: Then, we analyzed junipers, for which the obtained scatter plot is shown
in Figure 10. Canopy heights for this class varied from 4 m to 17 m and the tree canopy
temperature ranged from 19 °C to 29 °C. In total, 2% of the ROI area was covered by
junipers. Similarly to previous vegetation types, a linear trendline was obtained as shown
in Figure 10, which has a slope value of —0.38. This value shows a less steep trendline,
representing that the decrease in canopy temperature with the increase in canopy height is
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comparatively small. The correlation test between these two metrics resulted in a coefficient
value of —0.43, which, again, points towards moderately correlated metrics.

Silicicole: The silicicole family of trees ranged in height from 6.6 m to 19 m and canopy
temperature varied from 19.5 °C to 31 °C. The scatter plot of this class is shown in Figure 10.
The linear trendline shown in the figure has a slope of —0.38. The trees covered 2% of
the ROI area. The correlation test conducted for the tree canopy temperature and canopy
height for this class showed a negative correlation, with a coefficient value of —0.42.

Riparian trees: Finally, we analyzed riparian forest, and the scatter plot for it is shown
in Figure 10. This vegetation type ranged from 6 m to 18 m in canopy height and from
20 °C to 31 °C in canopy temperature. The trendline for this class has a slope of —0.54,
indicating a moderately steep slope. This represents that the change in canopy temperature
is comparatively higher, with a slight change in temperature. The correlation test revealed a
negative correlation coefficient of —0.50, showing moderately correlated metrics. However,
this is the highest correlation coefficient among all vegetation classes that we analyzed.

A possible explanation for the inverse relationship that we found between canopy
height and tree canopy temperature is the net cooling effect of evapotranspiration in the
forest. During evapotranspiration, water is taken up by plant roots and transported to the
leaves, where it is released into the air through stomata. As water evaporates from the
leaves, it absorbs heat from the surrounding environment, which cools the plant and the
surrounding area. The temperature of the surrounding air and the amount of radiation
received from the sun can vary with height, which can affect the temperature of the leaves
and the overall temperature of the canopy. The structure and density of the canopy can
also affect its temperature, as a more open canopy allows for more air flow and convection,
which can help to cool the leaves and to reduce the overall temperature of the canopy [60].
As the canopy height increases, the net radiation and sensible heat flux decrease, while
the latent heat flux remains relatively constant. This results in an increased net cooling
effect, which may explain the inverse relationship between canopy height and tree canopy
temperature [1].

5. Conclusions and Discussion

From this study, we demonstrated the relationship between tree canopy temperature,
canopy height, and vegetation type. This analysis was conducted for the southern part of
Sardinia Island constituting the Monte-Arcosu Forest. As a part of this study, we created
a canopy height map, a land use, land cover (LULC) map, and a canopy temperature
map as the results of our analysis. Firstly, we estimated canopy heights using a random
forest regression model on Sentinel-1 SAR data, Sentinel-2 multispectral data, and SRTM
elevation and slope data as independent variables and canopy height measurements from
the GEDI sensor as the dependent variable. Our model predicted canopy heights with an
R? value of 0.791; however, it failed to predict canopy heights less than 4.5 m due to the
limitation of the dependent variable (GEDI canopy height measurements). Secondly, we
mapped LULC types using an SVM classifier with datasets of PRISMA hyperspectral bands
as independent variables and labeled them using three different sources, namely, a national
system map, a grasslands map, and a Copernicus land cover map. We were able to classify
12 different classes with an accuracy of greater than 80% for each class. Due to limitations
of the canopy height estimation map, we considered only five classes, namely, evergreen
oak, olive, junipers, silicicole, and riparian trees. Then, we extracted canopy temperatures
for these five classes using the MODIS LST and the emissivity product. Since this product
is available at a spatial resolution of 1 km, we resampled it to 30 m in order to compare it
with our other results.

Using these three maps, we analyzed the relationship between canopy height and tree
canopy temperature for each vegetation type in a scatter plot. All vegetation types showed
a negative correlation and an inverse relationship between canopy height and tree canopy
temperature. It is worth noting that the exact relationship between canopy height and
temperature can vary depending on the specific environmental conditions and the type of
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vegetation. While evapotranspiration can have a cooling effect on the surrounding area,
other factors such as solar radiation, wind, and humidity can also play a role in determining
the temperature of the canopy [61]. Further research is needed to fully understand the
complex relationship between canopy height, evapotranspiration, and temperature. We
would like to extend this study in more detail and to different regions to improve the
understanding of the relationship between forest canopy height and canopy temperature
to better understanding the local forest climate.

This study can be improved using field-surveyed canopy height measurements of
all heights or other higher-resolution canopy height data, as we only used the relatively
low-resolution, remotely sensed GEDI data. Furthermore, using canopy temperature data
with a higher spatial resolution than 1 km would enable a more detailed analysis and
results. We only used readily and freely available data for our study.
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