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A B S T R A C T

Multispectral remote sensing in the olive orchard is expanding, with the aim of improving management for 
environmental sustainability as well as plant quality and yield. However, the olive tree has a discontinuous 
vegetative surface, depending on the planting system and cultivar. The aim of this study was to estimate the 
fraction cover (Fc) with different methods, characterizing the geometric and spectral features of six olive cul
tivars in four different planting systems. The multispectral data were acquired using a drone equipped with a 
multispectral camera at 70 m a.g.l. between 12:00 and 13:00 under full sun lighting conditions. Canopy area 
(CA) and pure Normalized Difference Vegetation Index (NDVI) of canopy and soil were extracted from 
Geographic Object-Based Image Analysis (GEOBIA). Fc was estimated using two methods: relative vegetation 
abundance (RA) algorithms and geometric ratio between canopy and available area allotted to each plant ac
cording to planting system. In the RA methods, upper (pure canopy NDVI, NDVIc) and lower (pure soil NDVI, 
NDVIs) limits were obtained from higher frequency class in the bimodal NDVI curve. It was found that the Fc 
estimated from RA algorithm and geometric ratio were strongly related (R2 0.97 ***) suggesting that it is a 
reliable approach, without performing complex image analysis with segmentation and classification algorithms. 
The proposed model, which integrates NDVI and Fc, provided a tool to assess the health and growth status of 
olive orchards under various scenarios in order to improve precision management strategies. In addition, it 
enabled new upper and lower limits useful for the determination of Fc from satellite images.

Introduction

Olive (Olea europaea L.) growing is primarily concentrated in the 
Mediterranean basin and is increasingly expanding to non-European 
countries such as Australia, California, and South America [1]. It is 
cultivated using different cultivars, planting systems, and management 
practices [2]. Super-high-density (SHD) planting systems are increas
ingly being adopted due to their high productivity and profitability [3]. 
To implement SHD systems, cultivars with reduced vegetative growth 
are used to minimize canopy management and promote a balanced 
vegetative and productive cycle [4,5]. Unfortunately, a relatively 
limited number of cultivars, primarily Arbequina, Arbosana, Lecciana, 
Oliana and Koroneiki are well suited to this growing system [6–9]. These 
cultivars are widely utilised due to their medium-low vegetative vigor 
which allows them to intercept a greater amount of radiant energy. In 
addition, they exhibit early fruiting, high and consistent yields, and 

excellent oil quality, traits that are particularly desirable for the suc
cessful adaptation of cultivars to super high-density (SHD) planting 
systems. Another key characteristic of high-performing cultivars in these 
planting systems is the greater flexibility of productive branches and 
higher branching density, which facilitate full mechanization during 
pruning and harvesting. These features also improve the efficiency of 
mechanical harvesters, reducing the risk of plant damage. In recent 
years, significant efforts have been made to identify and select local 
cultivars suitable for SHD systems [4] to preserve and maintain high 
levels of biodiversity and olive oil uniqueness. Among these, ‘Calatina’ 
has been identified in Sicily, Italy [10].

Knowledge of the main vegetative, productive, and spectral param
eters in different farming systems and environmental contexts is a key 
aspect to increase resource use efficiency [11–13]. Spatially variable 
application can help increase plant productivity and olive oil quality 
[14]. Moreover, precise understanding of vegetative and spectral 
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parameters can contribute to the improvement of models for estimating 
irrigation requirements [15] or growth and production of individual 
plants [16,17]. Recent studies demonstrated the effectiveness of 
drone-based remote sensing for monitoring olive tree growth conditions 
under different irrigation regimes or nutrient availability [18–21].

The spectral response can be assessed either by analysing specific 
regions of the electromagnetic spectrum, for example, green and near- 
infrared (NIR), or by calculating vegetation indices (VI), depending on 
the type of sensor used [22–24]. Normalized Difference Vegetation 
Index (NDVI, [25]) is the most important VI used in olive orchards. VIs 
from high-resolution images are calculated by averaging the 
pixel-canopy values to obtain an indicative value of the plant’s health 
condition [26,27]. However, the accurate identification of canopies, 
soil, and shadows remains one of the most widely studied challenges in 
the literature, as their coexistence within the same scene can cause 
signal contamination and lead to incorrect crop status assessments when 
calculating Vis [28]. This issue is particularly relevant when using sat
ellite imagery, where the low spatial resolution often results in mixed 
pixels containing both vegetation and non-vegetation elements [29].

In tree plants (e.g. olive), this challenges arise from the low per
centage of ground cover, which can strongly influence the overall 
response, as well as from background and shadow effects [30]. Although 
the issue of mixed pixels persists in low-resolution data, high-resolution 
drone data allow for easier classification by using advanced segmenta
tion techniques such as artificial neural networks (ANN), hue-, satura
tion-, and value-based algorithms, unsupervised K-means algorithms, 
and other techniques [31,32]. Despite the difficulties related to mixed 
pixels, research continues toward more precise and simplified methods.

The following biometric parameters are generally used to improve 
the precision management of olive orchards: canopy height (CH), can
opy area (CA, [17,33]), canopy volume (CV) [26,27,34], fraction cover 
(Fc) and Leaf Area Index (LAI) [16,35]. They can be measured using 
manual procedures characterised by laborious and expensive processes 
[36]; however, in recent years the use of drones may overcome these 
limitations [37–39]. The literature shows various methodologies to 
determine biometric features remotely, using the Digital Elevation 
Model (DEM) and Digital Terrain Model (DTM) obtained from the 
photogrammetric process [18,27,40]. Instead, some of these parameters 
have several problems that compromise their applicability, e.g. LAI re
quires accurate ground measurements [35], can be affected by NDVI 
saturation [41–43] and often cannot be transferred to other conditions 
[44]. Considering these limitations, there is a tendency to use parame
ters closely related to crop growth and yield [45].

In recent years, the concept of Fc has been proposed as a robust 
health index and a potential solution to the above limitations [46,47]. In 
olive orchards, the Fc enables the quantification of vegetation in a 
specific area, providing information on growth by monitoring the 
spectral response [48]. Berry et al. [49] on another hedgerow crop 
(grapevine), obtained the best variability maps for irrigation manage
ment using Fc. Fc refers to the proportion of the land surface covered by 
a specific vegetation type, in this case, olive tree canopies [48] and it can 
be calculated from spectral images acquired by drones and/or satellites 
[46]. High-resolution image analysis techniques that allow for an 
increasingly precise image segmentation and classification process using 
Machine Learning (ML) algorithms are generally adopted [50]. In 
addition, it is possible to split and identify other intermediate-behavior 
objects that may have a spike effect in the spectral response, such as 
shadow [28,51]. However, the latter methodology involves long time 
and specific knowledge for image analysis [31,32]. From satellite im
ages, the spectral mixing analysis (SMA) is one of the most widely used 
methods to overcome the low resolution limit [52]. This method uses the 
relative vegetation abundance (RA) algorithms scaled by the maximum 
and minimum values of the vegetation index [53], allowing to overcome 
the limitation given from drone image processing. Leolini et al. [48] 
estimated the Fc in an olive orchard through different indices and found 
that NDVI is very robust and accurate in determining this parameter. RA 

algorithms are based on the Beer-Lambert law, with the assumption that 
a pixel consists of a mixture of only two elements: green vegetation and 
soil [46]. However, when using satellite platforms, challenges remain in 
determining pure NDVI values of canopy (NDVIc, upper limit) and soil 
(NDVIs, lower limit) for tree crops due to their low spatial resolution 
[19,54] and phenological stages [55]. The published approaches to 
determine NDVIc and NDVIs, in general, can be divided into two cate
gories: traditional approaches that assign a priori fixed value and 
improved methods in which both values vary according to specific fac
tors, e.g., species and soil types [56]. To our knowledge, there have been 
no studies on olive trees that have determined the values of NDVIc and 
NDVIs and the relationships between these limits and field conditions 
such as cultivar and planting system from high-resolution images. The 
literature highlights the need to understand what relationships exist 
between biometric and spectral conditions when various cultivation 
aspects such as cultivar and planting system change [57].

The aim of this study was to estimate the fraction cover (Fc) with 
different methods, characterizing the geometric (canopy area and vol
ume) and spectral (NDVI) features of six olive cultivars in four different 
planting systems, using drone-based multispectral imagery. In addition, 
this study aimed to improve Fc estimation by defining new olive grove- 
specific upper and lower NDVI limits derived from spectral mixing 
analysis of high-resolution images.

Material e method

Experimental site

The trial was carried out in 2023 in a 2.79-ha experimental olive 
orchard located near Sciacca, in southwestern Sicily (Fig. 1). The or
chard included five traditional Sicilian cultivars (Abunara, Calatina, 
Cerasuola, Nocellara del Belice - hereafter abbreviated as N. Belice -, and 
Nasitana) and one widely grown international cultivar (Arbequina). The 
region has a typical Mediterranean climate, characterised by hot, dry 
summers and mild winters, with an average annual precipitation 
ranging between 500 and 600 mm. The soil texture consists of 69 % 
sand, 13 % silt, and 18 % clay, and is therefore classified as sandy loam 
according to the United States Department of Agriculture (USDA) sys
tem. It has a pH of 7.9 and an organic matter content of 1.1 %.

The experimental plot was divided into two main planting system 
categories: a hedgerow system (central leader and free palmette, T1) and 
a three-dimensional canopy system (globe and polyconic vase, T2), ac
cording to Massenti et al. [58]. Each planting system was further sub
divided based on plant spacing; hedgerow systems included two spacing 
configurations: 6 × 2 m (833 trees ha⁻¹, T1_1) and 6 × 3 m (555 trees 
ha⁻¹, T1_2). The volumetric systems included wider spacings: 6 × 4 m 
(416 trees ha⁻¹, T2_1) and 6 × 6 m (277 trees ha⁻¹, T2_2).

Uniform management practices were applied across the entire 
experimental field to minimize additional sources of variability. Irriga
tion was provided at a rate of 800 m³/ha/year, with weekly applications 
from July to mid-September. Additionally, an nitrogen, phosphorus, and 
potassium fertilization was carried out during the spring. Irrigation was 
applied weekly through two self-compensating in-line drippers per 
plant, each delivering 16 L/h. In detail, plants received 40 mm of water 
per week, for a total of 571.2 mm throughout the irrigation season 
(including 51.2 mm of rainfall).

Ground measurements

At the end of the growing season, simultaneously with drone ac
quisitions, the trunk cross-section area (TCSA, cm²) was measured to 
assess tree vigor. TCSA was recorded at 50 cm above ground level across 
different planting systems on 54 trees belonging to the Abunara, Cala
tina, and N. Belice cultivars (18 trees per cultivar). On the same trees, 
canopy height (CH), width, and depth were manually measured to 
calculate the total CV and the projected CA, following the methodology 
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used by Massenti et al. [58].

Remote sensing

The drone survey was performed on September 19th using the DJI 
Phantom 4 (DJI, Shenzhen, China), equipped with a multispectral 
camera. The multispectral camera was equipped with six spectral bands 
with centres at 450, 560, 650, 730 and 840 nm coinciding with the Blue, 
Green, Red, RedEdge and NIR bands. The spectral resolution was of ± 16 
nm for visible bands zone while in the NIR band was ± 26 nm. Before the 
flight, ten ground control points (GCPs) were evenly distributed across 
the field and georeferenced using the S70G GNSS receiver (Stonex, 
Milan, Italy). Additionally, reference reflectance panels were positioned 
within the acquisition zone and recorded at a nadiral angle under the 
same lighting conditions as those of the flight to ensure radiometric 
calibration. Each panel had known reflectance values provided by the 
manufacturer which were entered into the software to perform the 
calibration. In order to insert the reflectance values of the individual 
panels, these were manually identified within the individual images and 
selected using masks.

The flight was performed at a height of 70 m above ground, resulting 
in a ground sample distance (GSD) of 3.6 cm per pixel. Data acquisition 
took place between 12:00 and 13:00 under full sun lighting conditions 
and low wind speeds. The time of day plays a crucial role in determining 
the proportion of shadow within the image, which could alter the NDVI 
values of both the crop and the soil [28,59]. Thus, environmental con
ditions can cause image distortions, potentially leading to minor inac
curacies in the orthomosaic reconstruction [60]. For these reasons, the 
flight was conducted under optimal conditions to avoid obtaining 
inaccurate reflectance values.

The flight was carried out in automatic mode with real-time kine
matic (RTK) differential correction. Image acquisition was performed 
with a 70 % front and side overlap between images. The flight direction 
was East-West, perpendicular to the row orientation to enhance the final 
quality of the reconstruction process [40].

Photogrammetric process and geographic object-based image analysis

Multispectral images were processed using the software Agisoft 
Metashape Professional Edition 1.7.3 [61] to obtain the multispectral 
orthomosaic and DEM. During the photogrammetric process, the images 
were radiometrically calibrated using the calibration panel and the 
brightness sensor on top of the drone. Subsequently, the high-resolution 

orthomosaic obtained was processed using QGIS software ver. 3.28 
“Firenze” [62], to calculate NDVI and extract spectral and geometric 
information of individual plants. The analysis was performed using 
Object-Based Image Analysis (OBIA), following the procedure outlined 
in [33].

The DEM processing was used to generate the DTM and the Crop 
Surface Model (CSM), allowing the estimation of CH and CV of indi
vidual plants. CH was estimated using the 95th percentile of the digital 
number of CSM, while CV was obtained according to previous literature 
[18,33]. For each CSM pixel, the volume was calculated by multiplying 
the area of the pixel by its height value and subtracting the value of 0.5, 
which represents the average height of the canopy from the ground. The 
total volume of each canopy was calculated by summing the volumes of 
all the pixels that made up the individual canopies. The segmentation 
and classification process to differentiate the canopy from the soil and 
distinguish individual plants was carried out using a machine learning 
(ML) algorithm implemented in the Orfeo ToolBox integrated in QGIS 
software. Once the canopies were isolated, the spectral information of 
the different bands and the NDVI were extracted for each plant.

Such information was extracted by constructing a sub-plot of size 
equivalent to the planting distances with the centre positioned at the 
trunk of each plant (Fig. 2). NDVI of the canopy (NDVIc), soil (NDVIs), 
shadow (NDVIsh) and the average NDVI of the entire sub-plot (NDVIm, 
mixed) were obtained using the segmentation masks. According to the 
aim of this work, the NDVIc and NDVIs were also obtained investigating 
the frequency histogram of each subplot. Fig. 2 shows the generic rep
resentation of objects recurrent for each sub-plot. CA represents the zone 
covered by olive vegetation after the segmentation and classification 
process, while the rest of the surface was soil and shadow.

To determine the fraction cover, two different calculation methods 
were used. The first method is based on determining the geometric ratio 
between the CA and the available area of each plant according to tree 
spacings. These ratio express the percentage incidence of the CA on the 
allotted surface per plant, depending on the planting system. 

Fe =
CA
Atot

(1) 

Where CA is the canopy area, Atot is the available area for each plant 
based for the growing system. The available areas were: 12 m² for T1_1, 
18 m² for T1_2, 24 m² for T2_1, and 36 m² for T2_2. This method can also 
be applied as the percentage ratio between the number of canopy pixels 
(npixel canopy) and the total sub-plot pixels (Npixels). 

Fig. 1. Experimental area and plot design of the various planting system and cultivar combinations.
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Fe =
npixel of canopy

Npixels
(2) 

Eqs. (1) and (2) can only be used after applying image segmentation 
and classification techniques, making the image processing more com
plex in order to extract information on CA, NDVI, and Fc for individual 
canopies.

The Linear Spectral Mixture Analysis (LSMA) was the second method 
for calculating Fc. It is based on the assumption that each pixel contains a 
linear combination of several “pure” elements (called endmembers) 
such as green vegetation and bare soil, each with a distinct spectral 
signature. This approach, also known as the linear NDVI model or the 
two endmembers model, assumes that there are no significant multiple 
scattering effects of light between materials and is based on established 
physical principles such as the Beer-Lambert law [56,63]. This method 
was applied using the formula proposed by Wittich and Hansing [64] 
based on the pure NDVI of canopy (NDVIc) and soil (NDVIs) [46]. NDVIc 
represented the average value of each plant [47,65], while the NDVIs 
was the value of the average bare soil. 

Fc2 ==
NDVIm − NDVIs
NDVIc − NDVIs

(3) 

NDVIm was obtained as the mean NDVI value of the entire subplot, 
while NDVIc and NDVIs were obtained from the classes with a higher 
frequency in the bimodal NDVI curve in the subplot.

Statistical analysis

Statistical analysis and graphical representations were performed 
using RStudio 4.4.1 [66] and SigmaPlot ver. 14.0 [67] software. All data 
obtained for each plant through the image analysis were investigated 
with a descriptive analysis of the sample. To assess whether Fc varied as 
a function of the growing system within each cultivar, and to evaluate 
the combined effect on spectral response, factorial ANOVAs were per
formed. Before conducting these tests, the normality of the distributions 
and homogeneity of variances were assessed using the Shapir
o–Wilkinson and Levene tests, respectively. Differences among groups 
were subsequently compared using Tukey’s post-hoc test, with a sig
nificance level set at p < 0.05. Furthermore, coefficient of determination 
(R²) and root mean squared error (RMSE) were calculated to evaluate 
the goodness of fit of the models.

Results and discussion

The acquisition of high-resolution multispectral images from drones 
and the processed using machine learning algorithms allowed the 
determination of geometric and spectral parameters of the individual 
canopies, which were compared between the different cultivars and 
planting systems. The comparison of the CA and CV of ‘Abunara’, ‘Cal
atina’ and ‘Nocellara del Belice’ measured on the ground with those 

estimated by drone shows a R2 of 0.855 (p-value <0.001) for CA and 
0.711(p-value <0.001) for CV (Fig. 3); as observed in other studies [18,
68]. In this study, a decrease of estimation accuracy of both parameters 
was also observed in the less intensive planting systems. This result may 
be caused by the high percentage of empty spaces compared to the 
geometric form assumed for the determination of area and volume [33,
69].

Plant vigour, expressed as CA, CV and Fc, was more accurately 
determined in the experiment. Higher vigour was represented by higher 
values of CA and CV and a subsequent increase in Fc (Fig. 4). Based on 
CA and CV values, cultivars with the highest vigour were Abunara and 
N. Belice, with average CA values of 9.5 m² and 8.5 m² and CV values of 
28.2 m³ and 26.2 m³, respectively. The varieties with the lowest vigour 
were Calatina and Arbequina, with CA of 6.8 m² and 4.6 m² and CV of 
18.7 m³ and 12.1 m³, respectively.

Concerning Fc, calculated according to Eq. (1), all hedgerow culti
vars showed higher values of cover. Specifically, Abunara and N. Belice 
showed average Fc values of 0.49 and 0.45 while Calatina and Arbe
quina of 0.34 and 0.25 (Fig. 5). Therefore, cultivar Calatina, compared 
to the other Sicilian varieties, behaved similarly to the main cultivar 
used in high-density plantings (cv. Arbequina), confirming what has 
been observed in previous studies to adopt this cultivar in the SHD 
system [2,10,57,58]. For each cultivar, the Fc was statistically signifi
cant different depending on the planting system (Fig. 5), decreasing 
from the high-density to low-density. Morales et al. [16] observed that 
LAI in intensive and super-intensive olive orchards obtained similar 
results. This suggests that in intensive systems all cultivars can more 
effectively cover the available space than low-density systems. The 
planting systems with volumetric shapes (T2) consistently had higher 
CA and CV values than the hedgerow systems (T1), but opposite 
behaviour for Fc was observed.

It is evident that the planting system played a crucial role in deter
mining soil cover (Fig. 6). Indeed, CA and Fc were directly related, while 
the planting system significantly influenced the slope of the relationship. 
More intensive planting systems tend to reduce the CA per plant while 
maximizing soil cover, due to the closer spacing and greater canopy 
continuity along the row. From a physiological perspective, this effect 
can be attributed to the architectural plasticity of olive trees, which 
adapt their branching patterns to the available space. In denser systems, 
trees develop more lateral and compact shoots, increasing canopy 
closure and light interception efficiency. This structural adaptation en
hances the proportion of photosynthetically active tissues relative to 
woody biomass, facilitating a more efficient use of assimilates for 
fruiting rather than structural growth [7,9,70]. As a result, even with 
smaller individual canopy areas, fractional cover values are higher due 
to the greater continuity and compactness of the canopy along the 
planting row [2].

Geographic Object-Based Image Analysis (GEOBIA) showed that the 
simultaneous presence of canopy, soil and shadow pixels in the images 

Fig. 2. Schematic representation of canopy area (CA), shadow zone, soil and canopy edge valid for all growing systems in trial.
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results in a non-normalised frequency distribution of DN values in the 
NDVI map. A bimodal frequency histogram was observed before seg
mentation and classification, with the two peaks of the curves corre
sponding to the soil and canopy objects. As can be seen from Fig. 8, there 
is a difference between the number of canopy, shade or soil pixels 
depending on the planting system and cultivar. A similar difference was 
also observed by Coy et al. [71] in herbaceous crops. Inside each 
sub-plot, the CA covered a surface of 42 % ± 11 % while the shadow and 
soil were 17 % ± 0.05 and 41 %± 0.12, respectively. Correlation anal
ysis showed that the presence of shade is dependent neither on the 
canopy nor soil, while the area covered by vegetation and soil were 
inversely and strictly dependent (Supplementary material 1). In 
hedgerow systems (T1), the continuity of the canopy results in mixed 
pixels only along the two exposed sides, whereas in volume forms (T2), 
these are present along the edge (Fig. 7). Furthermore, in the T2 systems 
the percentage of canopy was lower than the soil, while the T1 systems 
showed opposite results, confirming the higher ability of intensive 
planting systems to cover the available surface.

The results of the Fc obtained by Eq. (3) showed that the RA algo
rithms were able to effectively estimate the degree of vegetation cover, 
with a R2 of 0.968*** between the two methods (Fig. 8). Similarly, de la 
Casa et al. [72] found a strong relationship between Fc observed and 
estimated (R2 = 0.967) in soybean. Ding et al. [73], working on maize, 
reported even high R² values ranging from 0.95 to 0.98. These results 
confirm that the RA method can represent a reliable approach for esti
mating vegetation cover across different crop types. The results suggest 
that the RA method could represent a reliable approach for estimating 

vegetation cover. Moreover, by using the two peaks of the NDVI image 
frequency distribution, it was possible to accurately determine the 
minimum and maximum NDVI values [74]. This result could simplify 
the process of canopy cover estimation, making it independent of 
increasingly complex OBIA-based analysis processes.

The two-way ANOVA revealed that the values of NDVIm, Fc and 
NDVIc varied significantly according to planting system, cultivar, and 
their interaction (Table 1). This effect could have been determined by 
the different relative frequency of pixel-soil and pixel-canopy within the 
image [28]. Increasing the degree of coverage (higher Fc) decreased soil 
pixels allowing an overall increase in NDVIm [75], indeed, the plants 
with higher NDVIm were those with higher Fc (Fig. 9).

Indirectly, the ANOVA results indicate that each cultivar exhibits 
distinct vegetative characteristics. As a consequence, LAI-NDVIc or Fc- 
NDVIc relationship can vary depending on several factors (e.g. spe
cies, geographic area). Fig. 9 below shows the hypothetical distribution 
model of NDVIc and NDVIm as a function of Fc. This model represents 
the link between NDVI and crop growth. Generally, in herbaceous crops, 
it occurs at full soil cover and high values of LAI [76], making it unable 
to determine the actual growth differences of individual plants [44,47]. 
This model suggests that the olive tree does not reach mean NDVIc 
values of the entire canopy equal to the saturation level (around 1), 
despite being a tree plant. This effect could be due to the high percentage 
of empty spaces and the low leaf density per unit volume of olive trees 
[16,77]. On the basis of the results seen until now, the training and 
planting system may influence this process, but a limit will be reached 
whereby plants will not be able to record increases in NDVIc. An 

Fig. 3. Comparison of the values for Canopy Area (CA) and Canopy Volume (CV) measured on the ground and estimated by drone. The solid black line represents the 
linear function, while the red line represents the linear function for R² = 1. In both graphs, the RMSE (Root Mean Square Error) was evaluated for each planting 
system. *** p-value < 0.001.

Fig. 4. Drone-estimated Canopy area (A, CA) and canopy volume (B, CV) box-plot of the six cultivars.
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important implication could be observed from the application of Eq. (3)
on satellite imagery, as Fc estimates could be improved by using more 
reliable upper and lower limits. From the results obtained, it can be seen 
that the NDVIc and NDVIs values correspond to 0.72 and 0.16. NDVIc 
values variability does not reach saturation problems as generally 
observed in other crops [46].

Choosing the correct limits can be of fundamental importance for the 
rapid application of this method. The limits obtained can be used on 
drone images to obtain an estimate of Fc without adopting advanced 

segmentation and classification techniques. For satellite applications, 
the limits obtained will have to be tested in order to be applied on a large 
scale [19]. However, the selection of these values from the literature is 
still very difficult and often refers to agronomically incorrect values. 
Zeng et al. [78] developed a method for calculating the NDVI value 
corresponding to full green vegetation cover for each land use category 
using the maximum annual NDVIc value as the NDVI value. Despite its 
being used, the application of this method on specific crops is not correct 
as it is not taking into account the real field conditions where herbaceous 

Fig. 5. Fraction cover (Fc) measured by drone for the six cultivars in the planting systems T1_1 (833 plants ha⁻¹), T1_2 (555 plants ha⁻¹), T2_1 (416 plants ha⁻¹), T2_2 
(277 plants ha⁻¹). The different letters above the vertical bars (standard deviation) indicate the presence or absence of statistically significant differences obtained 
through the ANOVA test.

Fig. 6. Relation of CA and Fc of experimental cultivars in the different planting systems: T1_1 (833 p ha-1), T1_2 (555 p ha-1), T2_1 (416 p ha-1), T2_2 (277 p ha-1).
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species can alter NDVIc values.
It is the first results that highlight that the NDVIc limit is cultivar 

specific and not only species [46,56]. In contrast, NDVIs is closely 
related to soil reflectance, which can change depending on the plot area, 
especially over large areas. However, NDVIs is usually stable over time 
and can be obtained by in situ measurements, while other authors 

proposed to use a fixed value (0.05) as a lower limit to estimate the 
fraction cover, when pure soil NDVI values are not available [47,78]. 
Since the method used involved extracting the frequency classes of soil 
and vegetation for each plot, variations in soil reflectance values across 
different frames did not compromise the Fc estimation. Therefore, the 
method remains easily applicable even in more complex areas, 

Fig. 7. Representation of canopy, shadow and soil objects detected from the Geographic Object-Based Image Analysis (GEOBIA), among all cultivars (Abunara, 
Arbequina, Calatina, Cerasuola, Nasitana and N. Belice) and planting systems investigated. Each bar-plot shows the percentage of canopy-shadow-soil average for 
each cultivar and planting system. Bar-plot follow the cultivars sequence reported above the image.

Fig. 8. Linear relationship between the Fc determined by drone and estimated through a relative vegetation abundance model (Fc2). The dashed line represents the 
linear function, while the solid lines indicate the 95 % confidence levels.
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overcoming the limitations related to the correct selection of the lower 
limit value.

NDVIc was found to be sensitive enough different among cultivars 
[75,79]. Therefore, the results obtained in this study suggest new 
research perspectives to better investigate how plant vigor may influ
ence NDVIc values. When comparing the measured TCSA values with 
the canopy spectral response (NDVIc), Fc and NDVIm, the analysissh
owed that NDVIm and Fc were significantly related with TCSA (P <

0.001, Fig. 10), while NDVIc was not statically related with TCSA (P >
0.05).

Linear regression analysis suggested that NDVIm and Fc are good 
indicators of plant vigor [33,42]. This outcome can be explained since 
TCSA is a well-established proxy for whole-plant vegetative vigor, pa
rameters such as NDVIm and Fc, which are more directly related to 
canopy density, reflect more accurately the tree growth dynamics. As 
observed in other studies, TCSA is not always strictly correlated with the 
spectral response of plants, despite being a parameter closely related to 
plant vigor [33]. In fact, TCSA reflects a structural condition formed 
over years of orchard management, but it does not capture the current, 
annual growth of the plant. Suboptimal nutrient availability or years 
with more or less intense pruning may significantly affect the NDVIc 
values, without causing notable changes in TCSA [38,80]. Some studies 
have therefore focused on analyzing the annual increment in TCSA, from 
the beginning to the end of the season, in order to obtain a parameter 
capable of describing the annual growth trend and thus the actual 
development of the crop [18,81].

However, other studies have reported strict relationships between 

Fig. 9. Scatter plot and linear regression analysis of Normalized Different Vegetation Index of pure canopy (NDVIc) and mixed (NDVIm) values as a function of 
fraction cover (Fc) of all experimental cultivars. The red dotted line indicates the linear function; the black dashed lines the 99 % and 95 % confidence intervals; the 
solid black lines the mean values of the whole dataset of NDVIc (0.721) and NDVIm (0.414). The confidence limits are calculated using Fisher-Snedecor F- 
distribution.

Table 1 
two-way ANOVA test results (F values and significant levels) for NDVIc, NDVIm e 
Fc. ***(pvalue < 0.001), ** (pvalue < 0.01). Test performed for the cultivars 
(Abunara, Arbequina, Calatina, Cerasuola, N. Belice and Nasitana) and planting 
system (T1_1, T1_2, T2_1, T2_2).

Cultivar (C) Planting system (T) C x T

NDVIm 92.06** 138.80*** 2.85***
Fc 81.86*** 151.22*** 3.68***
NDVIc 41.22 *** 59.88*** 5.49***

Fig. 10. Linear regression analysis of Trunk Cross Section Area (TCSA) with Normalized Different Vegetation Index of pure canopy (NDVIc), mixed (NDVIm) and 
Fraction Cover (Fc) determined by drone. The dashed line indicates the linear function and the solid lines the 95 % confidence intervals.
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NDVIc and vegetative variables [82,83]. This effect may be linked to the 
crop and type of crop-data correlated. Indeed, when studying variables 
closely linked to plant vigor, such as plant productivity or water stress, it 
is of fundamental importance to know the size of the canopy [49]. 
Instead, other parameters such as nutrient conditions and chlorophyll 
content can influence NDVIc or NDVIm if there is an effect on plant vigor 
[49,84]. In this study, NDVIm and Fc were observed under controlled 
water and nutrient status, suggesting that both indices can effectively 
capture differences in growth and vigor among plants, better than the 
pure NDVIc signal, which is more susceptible to external noise and less 
tightly linked to tree structural development.

Conclusion

Overall, this study contributes to the state-of-the-art knowledge by 
demonstrating the effectiveness of high-resolution multispectral imag
ery acquired via drones for monitoring the spectral variability of olive 
trees under different planting systems. ‘Arbequina’ and ‘Calatina’ 
showed high adaptability in high-density planting systems, being less 
vigorous than the other 4 varieties observed. Although cultivar-specific 
differences in vigour were observed, our results emphasise the impor
tance of considering the interaction between canopy architecture and 
planting geometry, rather than focusing on cultivar traits alone.

By analyzing pure canopy and mixed pixel (NDVIc, NDVIm), we were 
able to characterize the spectral behavior of six olive cultivars, high
lighting how planting system configuration plays a key role in deter
mining canopy development and fractional cover (Fc). Specifically, 
more intensive planting systems showed a steeper relationship between 
CA and Fc, confirming that plant spatial arrangement significantly af
fects ground cover independently of individual plant size.The use of 
relative vegetation abundance algorithms made it possible to calculate 
the canopy area (CA) and Fc of individual plants with high accuracy. 
These results will simplify and improve the process of determining Fc 
from high-resolution multispectral drone images without having to 
perform complex image processing with segmentation and classification 
algorithms. This approach will also be able to be used on low-resolution 
satellite images using the upper and lower limits (NDVIc and NDVIs) 
identified for improved Fc estimation. Finally, the proposed model 
integrating NDVIc, NDVIm and Fc offers a promising tool for assessing 
the health and structural growth of olive groves under various scenarios 
to improve precision management strategies. Although the Fc estimation 
method used in this study showed very good results, comparable to 
those derived from image segmentation for the distinction of the various 
endmembers, it may have some limitations. Among these, the presence 
of herbaceous species may alter the NDVIm values as well as those of the 
olive tree and soil, resulting in the overestimation of Fc for the crop 
using relative abundance models. This can occur because the NDVI 
signal of the herbaceous ground cover may exceed that of the olive 
canopy but is not easily discerned. However, most olive growing areas 
are characterised by semi-arid Mediterranean climates, where the 
presence of herbaceous ground cover is generally reduced or absent 
during the leaf and fruit growing season.
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