Pre prints.org

Article Not peer-reviewed version

Use of Drones with Multispectral and
Thermal Cameras to Assess the

Biometric Characteristics and Water
Status of Different Hazelnut Cultivars

Alessandra Vinci, Valerio Baiocchi, Raffaella Brigante i , Chiara Traini , Daniela Farinelli

Posted Date: 20 March 2024
doi: 10.20944/preprints202403.1201.v1

Keywords: CSWI; Irrigation; LAI; NDVI; Tonda Francescana®©; Tonda Gentile delle Langhe; Tonda Romana;
Tonda Giffoni; Water stress; UAVs

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions.of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.




Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 March 2024 d0i:10.20944/preprints202403.1201.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Use of Drones with Multispectral and Thermal
Cameras to Assess the Biometric Characteristics and
Water Status of Different Hazelnut Cultivars

Alessandra Vinci !, Valerio Baiocchi 2, Raffaella Brigante »*, Chiara Traini !
and Daniela Farinelli 1

1 Dipartimento di scienze agrarie, alimentari ed ambientali, Perugia university, Perugia, Italy;
alessandra.vinci@unipg.it

2 Department of Civil Construction and Environmental Engineering, Sapienza University of Rome, 00184

Rome, Italy; valerio.baiocchi@uniromal.it

Correspondence: raffaella.brigante@unipg.it

Abstract: Comprehensive understanding of tree characteristics and conditions holds paramount
importance for the precise management of hazelnut orchards. It facilitates the determination of tree
vigor, pruning requirements, phytosanitary interventions, and plant water consumption. The
primary objective of this study was to explore, for the first time on a fruit tree with a bushy structure
and across trees of four Italian distinct hazelnut cultivars, the efficacy of multispectral and thermal
UAV (Unmanned Aerial Vehicle) technologies in assessing canopy attributes, vegetative growth,
and predicting abiotic stresses. These technologies serve as tools for precision agriculture, enabling
the computation of various indices such as the Normalized Difference Vegetation Index (NDVI) and
crop water stress index (CWSI). The study of water content is of particular importance at this time,
especially considering the increasing water stress levels in Europe as well as globally. While Red
Green Blue (RGB) and thermal imagery collectively demonstrated superior performance in model
reconstruction, the multispectral UAV remained more adept at characterizing size traits of hazelnut
plants. Thermal images alone proved inadequate for accurately reconstructing hazelnut biometric
characteristics. Furthermore, all indices were found to be cultivar-specific, underscoring the
importance of conducting studies across different cultivars. The utilization of two UAVs, namely
multispectral and thermal, facilitated the examination of the relationship between NDVI and CWSI
across tree species.

Keywords: CSWI irrigation; LAL; NDVI; Tonda Francescana©; Tonda Gentile delle Langhe; Tonda
Romana; Tonda Giffoni; water stress; UAVs

1. Introduction

For a-commercial hazelnut orchard, accurate determination of tree size characteristics, such as
tree height and canopy volume, holds significant importance for agronomists aiming to assess foliage
volume and subsequently enhance agricultural practices including phytosanitary treatments,
irrigation, and fertilization [1,2]. This effort promises considerable savings from both economic and
environmental perspectives [3,4]. Traditionally managed hazelnut orchards tend to apply irrigation,
fertilizers, and other inputs uniformly across all cultivars, disregarding spatial and vigor variations
among them [5-7]. Hence, to implement optimal site-specific management and enhance
environmental sustainability in hazelnut orchards, it’s crucial to identify the spatial variability of soil,
crops, and climate, similar to studies conducted for olive orchards [3]. While climate variability, being
unmodifiable, is assumed consistent across the orchard, soil variability significantly influences the
fertility status of the entire agro-ecosystem [8,9]. Therefore, studying the specific characteristics of
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each fruit crop based on both climatic requirements and environmental conditions of the study site
is advisable.

The structural and biophysical status of each tree in the crop is closely tied to its vigor and can
be assessed using various parameters such as TCSA (trunk cross-sectional area), LAI (Leaf Area
Index), or canopy volume [8,10]. However, it's worth noting that canopy measurements and LAI
assessment often require non-trivial, highly accurate, and time-consuming techniques, as noted by
several researchers [7,11,12]. Consequently, these evaluations are challenging to employ for broad
area studies and are often impractical for growers.

Presently, various platforms and sensors are available for evaluating fruit crop variability [13].
Catania et al. [3] delineated three methods for measuring spatial variability in the field: continuous
(using sensors on plants or soil), discrete (e.g., point sampling of soil or plant properties), and remote
(via aerial or satellite imagery). While discrete sampling offers high precision for the investigated
variable, it fails to capture complete variability and necessitates geostatistical techniques for data
spatialization. Hence, remote sensing stands out as the most practical data acquisition technique for
tree fruit crops in precision agriculture management.

In hazelnut orchards, the preferred platform in recent times is the Unmanned Aerial Vehicle
(UAYV), equipped with various sensors such as multispectral cameras, which have proven
particularly effective in defining tree size characteristics [7,15]. Recent literature [7] presents the
evaluation and validation of a straightforward and innovative method for characterizing hazelnut
orchard canopies using images captured by UAVs equipped with visible or multispectral cameras.

Recent studies on hazelnuts have highlighted how irrigation management can be enhanced by
considering biometric data related to evapotranspiration, such as leaf area and canopy geometry
[16,17]. Given that water scarcity increasingly limits crop production, especially in Mediterranean
regions where hazelnut orchards are prevalent [8,9], improving irrigation management assumes
greater importance.

In tree crops like hazelnuts, assessing plant water status involves various field-level
physiological studies such as leaf water potential, stomatal conductance, and net assimilation [6,19].
However, these leaf-level measurements are time-consuming and not easily applicable for
operational purposes, particularly when characterizing spatial patterns of physiological processes
and plant status variability concerning water stress across the entire orchard. Hence, finding suitable
strategies for evaluating within-tree variability of physiological conditions remains challenging,
especially for precision agriculture and irrigation management. Recent studies suggest that remote
sensing algorithms based on specific parameters directly linked to plant functioning can effectively
monitor plant status and water stress in fruit crops [17-19].

To devise irrigation strategies effectively, identifying plant water stress indicators and
quantifying plant water demand is crucial [17]. Plant water status can be assessed through remote
sensing, proximal observations, and spectral analysis techniques, which monitor various indirect
parameters linked to it [20]. Infrared thermometers (IRTs) have demonstrated capability in directly
tracking crop water stress or computing different stress indices such as the Crop Water Stress Index
(CWSI) [21]. CWSI, widely used as an indicator for precision irrigation strategies, is correlated with
other stress indicators like leaf water potential and soil water content [22-26]. Quantifying water
demand entails evaluating orchard evapotranspiration (ET) under diverse meteorological conditions
[8]. Vegetation Indices (VIs) determining crop status on an orchard-wide basis have been closely
associated with ET [32]. Regression of NDVI with basal crop coefficients (Kcb) can determine crop
water use, as with the FAO 56 method [33,34]. However, within an orchard, spatial differences in soil,
canopy structure, and yield affect variations in plant water status, necessitating a plant-based
approach over an ET-based one for irrigation management.

Given the recent validation of UAV-acquired measurements compared to field measures [7], the
present study aims to explore the potential of multispectral and thermal data from UAV platforms in
predicting canopy size characteristics, vegetative growth, and water stress status of trees across four
different hazelnut cultivars. This research is essential as orchards typically consist of multiple
hazelnut cultivars, given that Corylus avellana L. is a self-sterile species.
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2. Materials and Methods
2.1. Study Site Description and Tree Sampling

The research was carried out in the experimental station of the University of Perugia, located in
central Italy (42°97'26"N, 12°40'32"E) at 163 m orthometric height, on an irrigated hazelnut (Corylus
avellana L.) orchard planted in 2020 with 667 trees ha, spaced 4 m between rows and 3.5 m on the
row, trained with a single trunk (Figure 1).

Figure 1. Experimental station’s photo where the red rectangle indicates the hazelnut orchard in the
study.

The surveys were conducted at the conclusion of summer in 2023 to mitigate potential thermal
stress effects resulting from high temperatures. Irrigation of the hazelnut plants [34] was ceased by
the end of August. The climatic conditions at the site, from the onset of plant bud break until the time
of testing (early October), are depicted in Figures S1 and S2.

Meteorological data were collected using a Spectrum (Thayer Court, Aurora) WatchDog 2000
Series Weather Station situated near the experimental site, with recordings taken at a 15-minute time
resolution.

The orchard comprises four Italian hazelnut cultivars: “Tonda Francescana®’ (subsequently
referred to as T. Francescana or TF), “Tonda Giffoni” (subsequently referred to as T. Giffoni or TG),
“Tonda Gentile delle Langhe” (subsequently referred to as T. G. Langhe or TGL), and “Tonda
Romana” (subsequently referred to as T. Romana or TR). Sampling was conducted on 24 plants, with
six plants selected for each cultivar.

2.2. Manual Measurements

Manual measurements were employed to characterize hazelnut tree canopy parameters such as
plant height and canopy volume, following the methodology outlined by [7], where the data obtained
through P4M exhibited strong correlation with manual measurements.

The Leaf Area Index (LAI) was determined when the leaf foliage was fully developed, utilizing
manual techniques on twenty-four sampled trees. LAI, which denotes the ratio of plant leaf area to
canopy cross-sectional area, was calculated by counting the number of leaves at the intersection
points of a grid placed within the canopy, with each grid square corresponding to a certain area on
the ground. The grid comprised a horizontal bar with holes spaced at 10-centimeter intervals, into
which rods were inserted. During measurement, the bar was progressively moved at varying
distances from the trunk (e.g., 0 cm, 30 cm, 50 cm, etc.), until no leaves intersected the rods within
each hole. The leaves in contact with the rods were counted for each hole and at each distance from
the trunk. Furthermore, the leaf area of eight randomly selected leaves from each plant of each variety
was determined using a scanner, with pixel values subsequently converted to square centimeters
using SigmaScan Pro 5.0 software.

Canopy temperature was assessed using a handheld thermal camera FLIR Ex series #1559828,
and the mean temperature within the circular area was computed by measuring the inner part of the
canopy (refer to Figure 2) using DJI Thermal Analisys Tool v.3. The difference between canopy
temperature and air temperature (AT) was compared to thermal UAV data.
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Figure 2. Thermal Image (a); Thermal image and photo overlap (b); Measured temperature of the
canopy and thermal camera information (c).

2.3. Acquisition of UAV Images

The acquisition was made using a D]l Phantom 4 (P4) Multispectral RTK UAV [41] and a DJI
Mavic 3T [42] (Figure 3). To obtain the same Ground Sample Distance (GSD) of about 1.5 cm/pixel,
the parameters of the flights were set accordingly.

BN el

Figure 3. DJI Phantom 4 RTK Multispectral (a); DJI Mavic 3T (b); DJI D-RTK2 mobile station (c).

The P4 RTK multispectral drone (depicted in Figure 3a) is a high-precision aerial platform
designed for acquiring multispectral imagery with the positional accuracy of an RTK GNSS receiver.
Its imaging system comprises six optics and it's equipped with ¥2.9-inch CMOS sensors, including a
Red-Green-Blue (RGB) camera (2.08 MPx) and a multispectral sensor covering the blue (B), green (G),
red (R), red edge (RE), and near-infrared (NIR) bands. To ensure image accuracy, a spectral sunlight
sensor located atop the aircraft detects solar irradiance in real-time. The pitch angle is adjustable
within the range of -90° to +30°. The UAV flight planning was conducted using the DJI GSPro app
v.2.0.18, employing a polygon grid flight plan with a 10 m altitude, 75% overlap in both side and
longitudinal directions, a velocity of 1.5 m/s, and the capture mode “Hover & Capture at Point”. The
ground sample distance (GSD) was set to 0.5 cm/pixel. Additionally, the P4 multispectral RTK is
equipped with a built-in DJI Onboard D-RTK GNSS receiver, providing centimeter-level positioning
accuracy when matched to an RTK station.

The DJI Mavic 3T (depicted in Figure 3b) is equipped with infrared sensing and omnidirectional
vision systems. It features two cameras: a ¥2-inch CMOS sensor capable of capturing 48MP photos
with an aperture of f/2.8 and a thermal camera with a resolution of 640x512, supporting point and
area measurements. The flight parameters included a 12 m altitude, 75% overlap in both side and
heading directions, a velocity of 2 m/s, and a ground sample distance of 0.5 cm/pixel. The Mavic 3T
is equipped with an RTK module, ensuring higher accuracy and reliability in positioning by tracking
dual-frequency multi-mode signals from visible satellites.

Both the P4 multispectral and Mavic 3T drones were paired with a DJI D-RTK2 GNSS receiver
(depicted in Figure 3c), capable of providing centimeter-level accuracy in aircraft positioning during
flight. The DJI D-RTK2 receiver supports satellite signal reception from GPS, BEIDU, GLONASS, and
Galileo global navigation systems.
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2.4. Point Cloud Reconstruction and Maps

The images acquired by P4 Multispetral and Mavic 3T were processed using Agisoft Metashape
software (v.1.8.1) [39] to extract the 3D point cloud [7] through the procedure described in [40] (Figure
4). The camera location accuracy was imported to Agisoft Metashape from XMP metadata before
processing. The mean error obtained from image processing from P4 Multispectral was 0.058 m,
while the mean error obtained from Mavic 3T was 0.054 m. All the images (RGB, RE, NIR) acquired
from the P4 Multispectral UAV (follow P4M) were used to obtain the 3D point cloud, the DEM and
the orthomosaic (Figure 5a—c respectively) using Metashape. Two distinct projects were conducted
utilizing data from the Mavic 3T platform: the initial project employed RGB images (hereafter
referred to as M3T) to generate a point cloud (Figure 5d) and a Digital Surface Model (DSM) (Figure
5e). The subsequent project utilized exclusively thermal imagery and the pre-existing DSM (hereafter
referred to as M3T_Thermal) to produce a thermal map (Figure 5f). From the Mavic 3T two different
projects were done: the first using the RGB images (following reported as M3T) and the second using
only thermal images (following reported as M3T_Thermal). The same procedure was applied to
obtain the 3D point cloud (Figure 5d), the DSM (Figure 5e) and the orthomosaic (Figure 5f).

P4
Multispectral @
Multispectral
Images (All bands) RGB Images Thermal Images
3D point cloud D) gl
DSM DSM
Orthomosaic Orthomosaic
G : -
geometry
Multispectral Maps Thermal Map

Figure 4. Flowchart of the procedure used to obtain the Multispectral and Thermal maps.
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Figure 5. Elaboration output of the P4M images: 3D point cloud (a), DSM (b), orthomosaic (c);
Elaboration output of the M3T RGB and thermal images: 3D point cloud (d), DSM (e), orthomosaic

(6.

The process of extracting canopy information from the 3D point cloud acquired by the P4
Multispectral and Mavic 3T UAVs was conducted as follows:

a) Utilizing the open-source software CloudCompare (v.2.13.alpha), two distinct point clouds—
one representing the canopy and the other the ground —were extracted.

b) The point cloud representing the terrain underwent processing to derive the Digital Terrain
Model (DTM) using CloudCompare.

c) Within a GIS environment, specifically utilizing the open-source software QGIS (v.3.28.10),
the model (AH) was generated by computing the pixel-by-pixel difference between the Digital
Surface Model (DSM) and the Digital Terrain Model (DTM).

d) The AH model was classified into two categories: one for areas where AH > 0.2m, representing
canopy, and the other for areas where AH < 0.2m, representing ground without grass. The 0.2m
threshold was chosen to isolate the canopy from ground vegetation.

e) The reclassified AH model was vectorized using the “from Raster to Vector” function to
produce a shapefile comprising polygons representing each analyzed canopy.

f) The shapefile was augmented with information regarding the different hazelnut cultivars,
enabling their visualization on the map.

From the vector model, the canopy area (Ac) was determined, while tree size characteristics (tree
height, ht, and canopy height, hc) were computed from the raster data of each tree following the
methodology outlined by [6]. Subsequently, these size characteristics were employed to estimate the
canopy volume (Vc) using a procedure validated by [6].

The Normalized Difference Vegetation Index (NDVI) was derived from the multispectral
orthophoto within a GIS environment using the appropriate formula.

NDVI = ZR=R 1)
NIR+R
where NIR corresponds to near-infrared digital number and R to red digital number on the same
pixel.

As assessed by Kang et al. [41], the LAI-VI relationship could be not unique, particularly in
agricultural environment, thus, the values of NDVI described above were used to calculate the Leaf
Area Index (LAI) and assess the relationship between NDVI and LAI:

LAI = f(NDVI) )

From the elaboration of the thermal images (using Mavic 3T UAV) the orthophoto was obtained
and used, in a GIS environment using map algebra functions, to evaluate:
- the thermal map with the formula:

_ 6v'(Tmax—Tmin)
Tmeasured - N + Tmin (3)
grey

Where Tmeasured represent the temperature registered in the pixel; Gv is the digital number
reported in the thermal orthophoto; Tmax and Tmin are the maximum and minimum temperature,
respectively; Ngrey is the total number of values that the pixel can be assumed, in this case 8 bit
corresponding to 28=256 values;

- the crop water stress index, CWSI, using the formula [19]:

_ (Tc=Ta)=(T1—Ta)
CWST = (Teu=Ta)—(Tc1—Ta) (4)

Where Tc= canopy temperature (°C); Ta= air temperature (°C); Tcl= temperature of non-stressed
canopy (°C); Tcu= temperature of stressed canopy (°C).
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2.5. Statistical Analysis and Evaluation of Model Accuracy

The t-test defines whether the difference between the groups represents a true difference in the
study or merely a random difference. The t-test for the comparison of means of different populations
(multispectral UAV and thermal UAV) was used to compare the mean size traits (canopy area, A,
tree height, hi, canopy height, hc and canopy volume V). The test was used to verify the null
hypothesis that the difference of the means of size traits and volume obtained from the UAVs (P4M
and M3T) is equal to zero. The significant level was set equal to a=0.05.

To validate the measurements of the size traits and canopy volume derived from multispectral
UAV (P4M) and thermal UAV (M3T) surveys, a comparison with manual measurements was done
and the Pearson correlation coefficient, 7, and the root mean square error (RMSE) was calculated. The
calculation equation of RMSE is as follows:

RMSE = J% - (Y — Xp)? ®)
where Yi is the sample predicted value (in this case corresponding to UAV data), Xi is the sample
actual value (corresponding to manual measurements) and N is the number of samples.

The coefficients of the model (2) were estimated by a least-square linear fit on the variable for
each cultivar (considering that LAI is a parameter cultivar-specific [16]) and the related R?> was
adopted as a measurement of the corresponding goodness of fit. Moreover, the probability of
significant relationship (p-value) was derived and compared to significant level of 5% («=0.05).

3. Results
3.1. Climatic Condition of the Site and Orchard

The peak heat was recorded during the second decade of July, with the maximum temperature
reaching 36.9°C, followed by the third decade of July and the second decade of August, where
temperatures exceeded 33°C (refer to Figure S1). Although September remained warm, with
maximum temperatures not exceeding 31°C, the mean temperature hovered around 21°C, while the
minimum temperature remained around 14°C.

3.2. Comparison of Tree Size Traits and Canopy Volume

In terms of canopy area (Ac) and canopy volume, the t-test indicated that the difference between
the mean values obtained from multispectral UAV (P4M) and thermal UAV (M3T) was not
statistically significant at «=0.05, yielding values of 2.019 m? and 2.059 m?, and 1.347 m? and 1.330 m?,
respectively (refer to Table 1).

However, for tree height (ht) and canopy height (hc), the t-test revealed a significant difference
(rejecting the null hypothesis) between the means obtained using the multispectral UAV (P4M) and
thermal UAV (M3T), resulting in values of 1.922 m and 2.592 m, and 1.340 m and 2.005 m, respectively
(refer to Table 1).

Table 1. Size traits of tree for each cultivar and average (mean and standard deviation): canopy area,
tree height, canopy height and canopy volume obtained from multispectral UAV (P4M) and thermal

UAV (M3T) surveys.
Canopy area (m?) Tree height (m) Canopy height (m) Canopy volume (m?)
P4aM M3T PAM M3T P4M M3T P4aM M3T
c Mea Dev. Mea Dev. Mea Dev. Mea Dev. Mea Dev. Mea Dev. Mea Dev. Mea Dev.
v
n st. n st. n st. n st. n st. n st. n st n st
TG 1.72 1.96 2.01 2.67 1.35 1.97 2.27 0.32 3.60 0.34
0.407 0.303 0.281 0.309 0.185 0.124
L 9 1 9 3 2 5 9 4 1
2.17 2.13 1.83 2.44 1.26 1.90 2.82 0.33 3.92 0.28
TG 0.380 0.333 0.102 0.173 0.081 0.150
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2.55 2.60 2.07 2.81 1.52 2.29 3.59 047 523 0.30
TF 0.432 0.359 0.043 0.049 0.096 0.164
7 6 8 4 0 6 3 1 3
1.61 1.53 1.76 2.44 1.22 1.84 1.47 0.34 2.56 0.31
TR 0.357 0.246 0.184 0.277 0.239 0.301
1 1 2 0 9 0 1 6 2
mea 2.01 2.05 1.92 2.59 1.34 2.00 1.34 1.33
n 9 9 2 2 0 5 7 0

To validate the measurements derived from UAV surveys, a comparison with manual
measurements was made for each size trait (canopy area, tree height, and canopy height) and canopy
volume (Figure 6).

For the canopy area, the comparison between the UAV data, multispectral (P4M) and Mavic 3T
(M3T) with manual measurements showed a good agreement with a Pearson coefficient of 0.82, with
a RMSE=0.27 m? and r=0.88 with RMSE=0.25 m?, respectively (Figure 6a,b).

35 ® 35

3,0 4 r 30

2,5 4 F25

Canopy area (m2) from P4M
Canopy area (m?) from M3T

0,5 4 r 05

0,0 0,0
0.0 05 10 15 20 25 30 00 05 10 15 20 25 3.0 35

Canopy area (m?) from manual measurement Canopy area (m?) from manual measurement

Figure 6. Canopy area comparison between multispectral UAV (P4M) data and manual
measurements (a) and thermal UAV (M3T) and manual measurements (b). Red line represents 1:1.

For the tree height, both the comparisons between the multispectral P4M (Figure 7a) and M3T
data (Figure 7b) to manual measurements showed a good correlation with r=0.77 and r=0.73, a
RMSE=0.40m and RMSE=0.33m respectively.

35 35
(a) (b)

3,0 - r3.0

25 - r25

Tree height (m) from P4M

Tree height (m) from M3T

20 r20

T T T T
15 20 25 30 15 2,0 25 3,0 35

Tree height (m) from manual measurement Tree height (m) from manual measurement

Figure 7. Tree height comparison between multispectral UAV (P4M) data and manual measurements
(a) and thermal UAV (M3T) and manual measurements (b). Red line represents 1:1.

Also, for the canopy height, the comparisons between the multispectral PAM (Figure 8a) and
MB3T (Figure 8b) with manual measurements respectively showed a poor correlation with r=0.49 and
RMSE=0.38m and r=0.13 and RMSE=0.51m.
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Figure 8. Canopy height comparison between multispectral UAV (P4M) data and manual
measurements (a) and thermal UAV (M3T) and manual measurements (b). Red line represents 1:1.

For the canopy volume the comparison between the UAV data, multispectral (P4M) and Mavic
3T (M3T) with manual measurements showed a very good agreement with a Pearson coefficient of
0.86, with a RMSE=0.71 m? and r=0.84 with RMSE=1.34 m?, respectively (Figure 9a,b).

60 60
(a) (b)
55 - 31 L55

50 50
45 | L 45
40 - L 4,0
35 35

3,0 -

Canopy volume (m’) from P4M

3.0

Canopy volume (m3) from M3T

25

F25

20 T T T T T T T T T T T T T 2,0
20 25 3,0 35 40 45 50 55 20 25 3.0 35 4,0 45 50 55 6,0

Canopy volume (mg) from manual measurement Canopy volume (ma) from manual measurement

Figure 9. Canopy volume comparison between multispectral UAV (P4M) data and manual
measurements (a) and thermal UAV (M3T) and manual measurements (b). Red line represents 1:1.

3.3. Estimation of LAI from NDVI Index (Obtained Using the P4M)

NDVI values ranged from —0.96 to 1 (Figure 10a); mean values of NDVI related to the canopies
ranged from 0.3836 to 0.5565 (Figure 10b); the lowest value was recorded for T. Romana, equal to
0.453, and the highest value for T. Giffoni (0.528) (Table 2). LAln (measurements of LAI using
obtained with the manual method) varied from 2.211 to 2.77 (Table 2). The lowest value was
measured in T. Francescana (2.083) and the highest in T.G. Langhe (2.77) (Table 2).

i
] I o5t 0508
* W o543 - 03365
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Figure 10. NDVI maps: index values related to the canopy (a) and mean values related to the
investigated trees (b).

Table 2. Mean and standard deviation of NDVI for cultivar obtained by P4M survey; Mean and
standard deviation of LAI for cultivar obtained by manual measurements.

Cultivar NDVI LAIn
Mean Dev.st. Mean Dev.st.
TGL 0.490 0.17 2.770 0.34
TG 0.528 0.19 2.211 0.38
TF 0.477 0.18 2.083 0.43
TR 0.453 0.18 2.121 0.34

A multiple correlation analysis showed that the NDVI is not significant to explain the LAI
variation (data not shown). In fact, for the same NDVI value, the LAI values of “TGL” and “TG” were
very different, while the behavior of “TF” and “TR” resulted more similar (Figure 11). But, the
relationship between NDVI and LAI was very significant for cultivar T. Francescana, with R? equal
to 0.7946 and p-value <0.0171; it was quite significant for cultivar T. Romana and T. Giffoni, R?
respectively 0.5812 and 0.6099 per p-value< 0.078 and p-value< 0.0667; it was little significant for
cultivar T.G. Langhe with R? equal to 0.5316 and p-value <0.1002 (Figure 11).

3.2

0.60

NDVI

Figure 11. Relationship between NDVI mean obtained from P4M and LAI per each cultivar.

Thermal map obtained from M3T orthophoto (Figure 5f) using Equation (3) showed temperature
values between 10.6°C to 49°C (Figure 12a,b).
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Figure 12. Thermal map: temperature values obtained from Equation (3) (a) and temperature values

of the canopies (b).

AT between the canopy temperature, T. (measured by M3T and using FLIR thermal camera) and
air temperature, Ta, resulted to be slightly different (p-value<0.0455), respectively 2.326 °C and 3.175°
C; on the contrary, per cultivar, it was different only in T. Giffoni (Table 3).

Table 3. AT between canopy temperature, measured by UAV and FLIR thermal camera and air
temperature. Different uppercase letters indicate significant (Probability<0.05) differences between
the average values of the two survey’s methods. Different lowercase letters indicate significant
(Probability<0.05) differences between the average values of the two survey’s methods per each

cultivar.
Cultivar AT Thermal UAV (°C) AT Manual (°C)
Mean Dev.st. Mean Dev.st.

TGL 3.064 a 0.862 3.633 a 0.153
TG 2.183 b 0.640 3.600 a 0.400
TE 2.146 a 1.009 2.067 a 1.929
TR 1911 a 0.992 3.400 a 1.044

Mean 2.326 B 3.175 A

CWEGI values ranged from 0 to 1.575 (Figure 13a); CWSI mean values related to the canopies
varied from 0.344 to 0.511 (Figure 13b). In average, the lowest value was measured for T. Romana
(0.395) and the highest value for T. Francescana (0.418), (Table 4).

Table 4. Mean and standard deviation of CWSI calculated for each cultivar.

Cultivar CWSI
Mean Dev.St.
TGL 0.406 0.024
TG 0.412 0.057
TF 0.418 0.040

TR 0.395 0.038
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Figure 13. CWSI maps: index values related to the canopy (a) and mean values related to the
investigated trees (b).

No significant relationship has been found between CWSI obtained from 3MT and LAI from
manual measurements (data not shown).

3.4. Comparison between NDVI Index (Obtained Using the P4M) and CWSI Index (Obtained Using the
M3T)

The comparison between NDVI and CWSI indices could show a relationship between the
chlorophyll content and the water stress of the plant.

This trend is confirmed by the relationship between these two indexes, although it was not very
significant and cultivar — dependent (Figure 14). The highest relationships were observed for T.
Romana and T. Giffoni cultivar, with R? equal to 0.5103 and 0.7958 respectively; the lowest
relationship was observed for T.G. Langhe (R2equal to 0.0069) (Figure 14).

0.55
® TF —— R?*=0.3211
® TG —— R?’=0.5103
B TGL —— R?>=0.0069 ®
0504 ® TR —— R?=0.7958
o
0.45
a -]
=
O )
H e
&
0.35
0.30 : : ] .
0.35 0.40 0.45 0.50 0.55 0.60
NDVI

Figure 14. Relationships between NDVI from P4M and CWSI per each cultivar.
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There is an accordance between the two indices: higher values of NDVI (yellow areas in Figure
15) correspond to lower values of CWSI (blue areas in Figure 15), that can be seen looking at the
canopy’s imagines (Figure 15).

T. Gentile delle Langhe

4 #ﬁ;
. '
plant1 plant 2

T. Romana
2 ’ 0,961

NDVI

plant 3 plant 4

T. Francescana

I 1,575
.o

CWSI

T. Giffoni

plant7 plant 8

Figure 15. Visual comparison between the NDVI index and the CWSI index, where the first and the
third of each row images represent the NDVI index, and the other images represent the CWSI index.
For example, two plants for cultivar are represented in the figure.

4. Discussion

The climatic conditions, particularly the higher temperatures, proved critical for hazelnut plants
only during a brief period in July; however, they remained conducive to vegetative and productive
growth overall. The mean daily air Vapor Pressure Deficit (VPD) condition from May to August
averaged around 1.73 kPa, consistent with findings from other studies on hazelnut [42].

Both the multispectral P4AM and thermal M3T UAVs demonstrated effective performance in
assessing canopy area (Ac) and canopy volume (V). Notably, there were no significant differences
observed between the mean values obtained for Ac and V, and validation with manual measurements
exhibited a strong correlation with a Pearson’s coefficient (r > 0.8). Conversely, significant differences
were noted for tree height (ht) and canopy height (hc) between the multispectral and thermal UAVs,
with low correlations observed with manual measurements. These findings align with previous
studies [43] and may be attributed to the obstructed view of the lower portion of the trees by leaves
and branches, hindering accurate detection from above.

The multispectral UAV appears to be better suited for evaluating hazelnut orchard size traits.
Additionally, the model of canopy points generated by the P4M (approximately 5 million points) is
more manageable in terms of processing time and capabilities compared to the model derived from
RGB data obtained from the M3T survey (approximately 15 million points).
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Both UAVs provide different indices for assessing tree vigor, such as the Normalized Difference
Vegetation Index (NDVI), and water stress status, such as the Crop Water Stress Index (CWSI).
However, a relationship between NDVI and Leaf Area Index (LAI) was not observed for hazelnut,
possibly due to differences in growth habits among cultivars. While some hazelnut cultivars exhibit
erect tree growth with a narrow canopy, others have a more expansive canopy, affecting LAI and
NDVI values. Nevertheless, moderate relationships between NDVI and LAI were observed for three
of the four studied hazelnut cultivars [44].

Regarding canopy temperature, the study found that the mean canopy temperature, extracted
from the entire tree using thermal cameras mounted on UAVs, was not easily detected in well-
watered orchards. This observation aligns with previous findings in almond trees [26]. Despite this,
both survey methods effectively determined the temperature difference (AT) between the canopy and
air temperature, an important indicator of hazelnut plant abiotic stress [35].

On average, the Crop Water Stress Index (CWSI) recorded for hazelnut trees ranged from 0.344
to 0.511, indicating good water status and stomatal conductance, even after a month without rainfall.
Moderate relationships were observed between NDVI and CWSI, with higher NDVI values
corresponding to lower CWSI values, consistent with previous studies [47].

5. Conclusions

This study examined the suitability of multispectral and thermal cameras installed on UAVs for
measuring the primary growth parameters of fruit trees with bushy structures, specifically focusing
on trees of four different hazelnut cultivars varying in vigor and bearing. While both RGB and
thermal images exhibited superior performance in model reconstruction, the multispectral UAV
proved more adept at estimating hazelnut tree size traits across different cultivars.

This research marks the first example of employing two distinct UAVs to study a bushy tree
structure and trees of four different cultivars simultaneously. Typically, studies involve only one type
of UAV and examine hazelnut orchards without considering cultivar composition. This approach is
crucial for enhancing agricultural practices such as phytosanitary treatments and irrigation, leading
to significant economic and environmental benefits.

In conclusion, the study revealed a cultivar-dependent relationship between the Normalized
Difference Vegetation Index (NDVI) and Leaf Area Index (LAI) in hazelnut trees, rather than a
universal relationship. Furthermore, the survey demonstrated that thermal images alone are
insufficient for accurately reconstructing hazelnut canopy shapes. Although thermal cameras on
UAVs effectively measure differences between canopy and air temperatures, facilitating the
monitoring of abiotic stress, it was noted that higher NDVI values correspond to lower Crop Water
Stress Index (CWSI) values. Additionally, CWSI determination requires specific trials of controlled
water stress to discern different thresholds.

It is suggested that more discriminatory results may be achieved with older and larger hazelnut
trees, and potentially using other digital equipment such as lidar or close-range photogrammetry.
Hence, further studies in this direction are warranted.

Supplementary Materials: The following supporting information can be downloaded at the website of this
paper posted on Preprints.org, Figure S1: Temperatures (minimum T., Mean T., Maximum T.) and rains at the
top; ET0 and vapor pressure deficit at the bottom, recorded from the bud break of plant, in the second decade of
March, to the time of test (first decade of October). The data is accompanied by the standard error per decade.
Figure S2: Mean and daily radiation.
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