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ABSTRACT
In Portugal, almonds are a very important crop, due to their nutritional 
properties. In the northeastern part of the country, the almond sector 
has endured over time, with strong cultural traditions and key eco
nomic significance. In these areas, several cultivars are used. In effect, 
the presence of various almond cultivars implies differentiated manage
ment in irrigation, disease control, pruning system, and harvest plan
ning. Therefore, cultivar classification is essential over large agricultural 
areas. Over the last decades, remote-sensing data have led to important 
breakthroughs in the classification of different cultivars for several 
crops. Nonetheless, for almonds, studies are incipient. Thus, this study 
aims to fill this knowledge gap and explore the classification of almond 
cultivars in an almond orchard. High-resolution multispectral data were 
acquired by an unmanned aerial vehicle (UAV). Vegetation indices (VIs) 
and tree structural parameters were, subsequently, estimated. To obtain 
an accurate cultivar identification, four machine learning classifiers, 
such as K-nearest neighbour (kNN), support vector machine (SVM), 
random forest (RF), and extreme gradient boosting (XGBoost), were 
applied and optimized through the fine-tuning process. The accuracy of 
machine learning classifiers was analysed. SVM and RF performed best 
with OAs of 76% and 74% using VIs and spectral bands (GREEN, GRVI, 
GN, REN, ClRE). Adding the canopy height model (CHM) improved 
performance, with RF and XGBoost having OAs of 88% and 84%. kNN 
performed worst with an OA of 73% using only VIs and spectral bands, 
80% with VIs, spectral bands and CHM, and 93% with VIs, CHM, and tree 
crown area (TCA). The best performance was achieved by RF and 
XGBoost with OAs of 99% using VIs, CHM, and TCA. These results 
demonstrate the importance of the feature selection process. 
Moreover, this study reveals the feasibility of remote-sensing data and 
machine learning classifiers in the classification of almond cultivars.
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1. Introduction

Prunus Dulcis (Mill. D. A. Webb), commonly known as almond, is an extremely valuable 
commercial crop, particularly due to its beneficial nutritional properties (Sumner et al. 2016). 
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California (United States of America) is the most important production region worldwide, 
accounting for roughly 60% of global supply. Global almond production is increasing, parti
cularly in Mediterranean countries such as Portugal, Spain, Italy, and France, where a dry and 
hot climate is ideal for almond development (Pathak, Maskey, and Rijal 2021; Rodrigues, 
Venâncio, and Lima 2012). In Portugal, almond crops are essentially located in the regions of 
Trás-os-Montes, Alentejo, and Algarve (Soares et al. 2012), where the recent production 
increases have been accompanied by shifts from traditional/native to more suitable almond 
cultivars. These cultivars are more climatically adapted and exhibit late flowering, contributing 
to increased production levels (Egea et al. 2003). Lauranne and Francolí, are two varieties that 
stand out as particularly profitable and productive cultivars, widely used in almond production 
countries (Miarnau, Alegre, and Vargas 2010). Lauranne was created by the National Institute of 
Agricultural Research (INRA) of Avignon, in 1978, as a result of a cross (‘Ferragnes’ x ‘Tuono’), 
while Francolí was created by the Institute of Agrifood Research and Technology (IRTA) of 
Cataluña, in 1976, as a result of a cross (‘Cristomorto’ × ‘Tuono’) (de Herralde et al. 2001). 
Although these almond cultivars appear to be quite similar, they reveal distinct characteristics, 
namely in flowering and harvest periods, vegetative vigour, yield levels, and the requirements 
of the pruning system. According to Cordeiro et al. (2005), which compares different almond 
cultivars, Lauranne is the most productive with 5 kg/plant of nuts and Francolí is the most 
vigorous, with 81 mm in trunk diameter. To manage this variability and benefit from the 
precision agriculture procedures, it is crucial to distinguish the several cultivars within the crops 
(Mavridou et al. 2019). The presence of several cultivars implies differentiated management in 
terms of irrigation needs, phytosanitary control, pruning architecture, and harvesting (Mateo- 
Aroca et al. 2019; Daponte et al. 2019).

The identification of different tree species and crop cultivars can be provided by several 
classification methodologies (Haara and Haarala 2002; Fassnacht et al. 2016). Over the last 
decades, remote-sensing data have been used for the classification process and to assist 
crop management (Pinter et al. 2003). Initially, this process relied on manually identifying 
classes through the visual interpretation of remotely sensed images in geographical infor
mation systems (GIS), which is a time-consuming task and prone to human error (Fiorucci 
et al. 2018). Currently, manual procedures are being gradually replaced by automated 
classifiers based on artificial intelligence (AI) techniques, which resulted in a reduction of 
inconsistencies and time savings (Loussaief and Abdelkrim 2016). AI is embedded in a wide 
variety of areas, including medical research, education, finance, security, manufacturing, and 
agriculture, where it is used to automate complicated operations in a manner like how 
humans learn and solve problems. Machine learning (ML) is one of the most relevant 
subfields of AI, providing the analysis of massive quantities of data (Eli-Chukwu 2019; Jha 
et al. 2019). Indeed, ML algorithms are becoming widely used as a result of their ability to 
accurately solve common problems in remote-sensing data analysis such as classification, 
regression, and segmentation (Ghamisi et al. 2019). Logistic regression (LR) (Taha and 
Shoufan 2019), Naive Bayes (NB) (Preethi, Brintha, and Yogesh 2021), K-nearest neighbour 
(kNN) (Dainelli et al. 2021), random forest (RF) (Horning 2010), and support vector machine 
(SVM) (Kok et al. 2021) are among the most used ML classifiers. Several studies implement 
ML techniques for tree species and cultivars classification, obtaining high overall accuracy 
(OA) (Fassnacht et al. 2016). Concerning tree species classification studies, Reid, Ramos, and 
Sukkarieh (2011) collected data using an RGB sensor coupled to an unmanned aerial vehicle 
(UAV) to classify three species (Prickly acacia, Parkinsonia, Eucalyptus) using Gaussian 
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Processes (GP), obtaining 89% of OA. Chenari et al. (2017), in turn, used an RGB data and 
a kNN classifier to identify two tree species (wild pistachio and wild almond) with an OA of 
90%. Lisein et al. (2015) used an RF classifier, to classify five forest species (English oak, birch, 
sycamore maple, common ash, and poplar) using multispectral data and obtained an OA of 
61.50%. In contrast to other studies that focused on the classification of forest tree species, 
Csillik et al. (Csillik et al. 2018) took a different approach, implementing the classification 
process in a fruit orchard. The authors classified citrus and other crop trees from UAV 
imagery using a simple Convolutional Neural Network (CNN), achieving an OA of 96.24%. 
Regarding cultivars classification studies, Avola et al. (Avola et al. 2019) applied 14 vegeta
tion indices (VIs) in olives cultivar recognition, using univariate (ANOVA) and multivariate 
(principal component analysis – PCA – and linear discriminant analysis – LDA) methodolo
gies. The authors obtained an accuracy of 90.9% with LDA, in the classification of scions of 
two Italian olive cultivars, Frantoio and Leccino, and failed in more than 68.2% in rootstocks 
classification. Gomes et al. (2020) proved the suitability of leaf reflectance information in 10 
olive varieties classification, obtaining in SVM classifier an OA of 81.73%.

Considering a recent review study by Jafarbiglu and Pourreza (2022), the authors 
suggest that most remote-sensing applications are limitedly studied in nut orchards, 
including almonds, generating research opportunities. In this article, a pioneering study 
is presented based on the automatic classification of two almond cultivars (Lauranne and 
Francolí) using VIs, spectral bands and structural parameters computed from UAV-based 
high-resolution multispectral data. For this purpose, four ML classifiers (kNN, SVM, RF, and 
XGBoost) are evaluated.

2. Materials and methods

2.1. Study area

The study was conducted on 29 June 2021 and 4 July 2022 in two rainfed almond 
orchards with 92 trees. The orchards were located in São Salvador and Bornes in the 
Mirandela region of Trás-os-Montes, Northeastern Portugal (41°25‘55“ N, 7°08’06‘ W and 
41°27“31” N, 7°0’24’ W, respectively, as shown in Figure 1a). The region has a dry, hot 
climate suitable for almond growth. The study evaluated 47 Francolí cultivar trees from 
the São Salvador orchard and 45 Lauranne cultivar trees, 23 from São Salvador and 22 
from Bornes (Figure 1b, c).

Data collection took place on 29 June 2021 and 4 July 2022 to make the dataset 
comprehensive, since weather conditions in 2021 differed from those in 2022 (Figure 2a). 
In 2021, rainfall was higher with 584 mm recorded from January to August, while in 2022 it 
was only 174 mm (Figure 2b). Compared to the 14-year average of 605 mm, both 2021 
and 2022 had lower rainfall. Temperature values in 2022, particularly in summer months, 
were higher than in 2021 leading to more heat events in 2022 (Figure 2c). These variations 
led to almond trees in different levels of water stress in the collected data.

2.2. UAV data acquisition

Data were collected using a Phantom 4 UAV (DJI, Shenzhen, China), equipped with 
a CMOS sensor (12.4 Megapixels (MP) resolution), set on a three-axis gimbal to collect 

INTERNATIONAL JOURNAL OF REMOTE SENSING 1535



georeferenced RGB imagery. The Sequoia multispectral sensor (Parrot SA, Paris, France) 
was used to capture multispectral imagery. The multispectral sensor can capture four 
distinct bands with a resolution of 1.2 MP: green (550 nm – 40 nm bandwidth); red (660  
nm – 40 nm bandwidth); red edge (735 nm – 10 nm bandwidth); and near-infrared (790  
nm – 40 nm bandwidth). Radiometric calibration was performed using the irradiance data 
collected during the flight, from a sun irradiance sensor, together with images of a specific 
calibration target. The flight missions were conducted at a flight height of 60 m and with 
an 80% longitudinal imagery overlap and a 70% lateral overlap, ensuring a good coverage 
to generate a dense 3D point cloud.

2.3. Data processing

The data processing workflow is divided into five distinct steps that were successively 
carried out (Figure 3). In step 1, the photogrammetric processing of RGB and multispectral 
data was performed, obtaining the digital surface model (DSM), digital terrain model 
(DTM), canopy height model (CHM) (computed by subtracting the DTM from the DSM), 
orthophoto mosaic and VIs. In step 2 (Tree Crown Delineation), the tree crown mask was 
created through the segmentation process based on the height threshold applied to the 
CHM. In step 3 (Data Augmentation – OBIA Segmentation), to divide tree crowns into 
several objects, the orthophoto mosaic was used to extract objects by applying an object- 
based image analysis (OBIA) method, and then those are delimited using a tree crown 
mask. In step 4 (Features Extraction and Labelling), the VIs, spectral bands and structural 

Figure 1. Overview of the studied almond orchards: (a) location of the study areas; (b) almond orchard with 
Lauranne cultivar, in Bornes; (c) almond orchard with Francolí and Lauranne cultivars, in São Salvador; (d) 
large-scale image with trees cultivar identification; and photographs of Francolí (e) and Lauranne (f) 
cultivars.
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parameters associated with each tree crown object were extracted. In step 4, the objects 
of each tree crown were also classified through the labelling process. Lastly, in step 5 
(Application of Machine Learning Classifiers), ML classifiers were trained and tested. For 
these procedures, the labelled dataset was divided, with 70% used for training and 30% 
used for testing their performance.

Figure 2. Weather conditions in 2021 and 2022. (a) Rainfall values – mm; (b) Temperature values – °C; 
and (c) cold and heat events.
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2.3.1. Photogrammetric processing
The UAV imagery, both RGB and multispectral, was subjected to photogrammetric proces
sing (Figure 3 – Step 1), performed in Pix4DMapper Pro (Pix4D SA, Lausanne, Switzerland). 
This software applies a radiometric calibration of multispectral data and uses the structure 
for motion (SfM) algorithm to compute the 3-D structure of a scene from a set of images, in 
other words, a 3D point cloud is derived from the acquired 2D imagery. The images were 
aligned, based on the detection of common points and the use of ground control points 
(GCPs). This procedure allowed the generation of several raster outputs, including DSM, 
DTM, orthophoto mosaic (from the RGB imagery) and VIs (from multispectral imagery). 
Using QGIS software, the DSM and DTM were used to compute the CHM.

Figure 3. Data processing workflow: (1) Photogrammetric processing; (2) Tree crown delineation; (3) 
Data Augmentation – OBIA segmentation; (4) Features extraction and labelling; (5) Application of 
machine learning classifiers.
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According to the literature, several studies identify the most relevant VIs for tree 
species and cultivar classification (Avola et al. 2019; Huete et al. 2002; Jafarbiglu and 
Pourreza 2022). Considering this, a list of several VIs was computed through the photo
grammetric processing of multispectral data (Table 1). These VIs were considered during 
the feature selection process.

2.3.2. Tree crown delineation
Tree crown delineation is a critical procedure for extracting parameters at the tree level 
(Pádua et al. 2017), allowing the differentiation of several cultivars. This procedure was 
implemented considering the methodology applied by Marques et al. (Pedro et al. 2019) 
and Pádua et al. (2020), where the individual tree crown segmentation (Figure 3 – Step 2) 
was carried out using the CHM. A threshold of 0.5 m was used during the binarization 
process since this value was found to be effective in removing all existing lowland 
vegetation and shadows cast by tree crowns. This procedure originated a binary mask, 
which was then vectorized to produce the polygons representing each detected tree 
crown. The procedure depicted in Figure 4 was used to segment tree crowns. During the 
initial phase, data below 0.5 m of CHM was deleted (Figure 4a). The binarization was then 
conducted, and only pixels with a height greater than 0.5 m were considered (Figure 4b). 
Tree crowns were demarcated, removing lowland vegetation and shadows (as shown in 
Figure 4c). The tree crown delineation process allowed the computation of tree crown 
area (TCA) parameter.

2.3.3. Data augmentation – OBIA segmentation
Data augmentation is frequently used in a wide variety of ML procedures, including image 
classification. This technique entails increasing the sample size of the training dataset, 
hence avoiding overfitting issues (Ayan and Murat Ünver 2018). Among data augmenta
tion approaches, this procedure involves flipping, distorting, adding noise, or cutting 
a patch from the original image (Inoue 2018).

In this study, data augmentation (Step 3 in Figure 3) was performed using an OBIA 
approach based on the mean shift algorithm (Michel, Youssefi, and Grizonnet 2014), 
available in the Orfeo ToolBox. This technique was effective to estimate the local 
density gradients of similar image pixels. Gradient estimation was iteratively con
ducted for each pixel, allowing the identification of identical neighbouring pixels 
(Zhou, Wang, and Schaefer 2011). For this study, mean shift algorithm was used with 

Table 1. List of vegetation indices used in cultivar classification and their respective equations.
Name of Index Equation Reference

Chlorophyll red-edge index ClRE ¼ N
RE� 1

(Xu et al., 2021)
Enhanced vegetation index 2 EVI2 ¼ 2:5� N� Rð Þ

Nþ2:4�Rþ1ð Þ
(A. Huete et al. 2002)

Green normalized difference vegetation index GNDVI ¼ N� G
NþG

(Gitelson et al., 1996)
Green-red vegetation index GRVI ¼ G� R

GþR
(Tucker, 1979)

Normalized difference vegetation index NDVI ¼ N� R
NþR

(Rouse et al., 1974)
Plant senescence reflectance index PSRI ¼ R� G

N
(Ren et al., 2017)

Red edge normalized difference vegetation index REN ¼ N� RE
NþRE

(Van Beek et al., 2013)
Soil-adjusted vegetation index SAVI ¼ N� R

NþRþL � 1þ Lð Þ (A. R. Huete, 1988)

N, near infrared; G, reen; R, red; RE, red edge; L, soil-brightness correction.
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the following parameters – spatial radius: 10 and range radius: 20, applied to the RGB 
orthophoto mosaic, creating a set of objects (in a vector format), which were 
delimited by tree crown mask (Figure 4d). After applying this approach, 4932 ele
ments (objects) were created.

2.3.4. Feature extraction and labelling
In the feature extraction and labelling step (Figure 3 – Step 4), VIs, spectral bands and 
structural parameters, associated with each tree crown object, were extracted by using 
the raster statistics for polygons tool, provided by System for Automated Geoscientific 
Analyses (SAGA) GIS. Thus, object feature extraction required computing the mean values 
of VIs, spectral bands, and structural parameters, considering the information of each pixel 
contained within the object. A dataset with several features was created.

The application of ML classifiers implied the creation of a target variable (class field) on 
the dataset to provide information about each almond tree cultivar. Carrying out this 
process, two labels were created on the class field (Figure 3 – Step 4), to identify the 
Francolí cultivar (class with label 1) and the Lauranne cultivar (class with label 2).

Figure 4. Tree crown delineation: (a) canopy height model (CHM); (b) binarization process based on 
CHM threshold (0.5 m); (c) delineation of each tree crown, excluding lowland vegetation and shadows, 
and (d) object-based image analysis segmentation.
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2.4. Application of machine learning classifiers

Every machine learning project requires the implementation of several procedures, such 
as data collection and preparation, classifier selection (training and testing), performance 
evaluation, and hyperparameter tuning.

2.4.1. Data collection and preparation
The data considered in this process were based on VIs, spectral bands, and structural 
parameters, building a dataset composed of 19 features associated with VIs and spectral 
bands (ExNIR, ExRE, ClRE, EVI2, NDExNIR, NDExRE, GN, GNDVI, GREEN, GRVI, NDVI, NIR, 
NIRN, PSRI, RED, REDEDGE, REN, RN, SAVI), as well as two features associated to structural 
parameters (CHM maximum height and TCA). This dataset was also composed of a target 
variable, the class, which had labels related to each almond tree cultivar. This dataset 
contained 7200 samples.

In the initial step of data preparation, the dataset was evaluated to detect missing values, 
the distribution of each feature, and the existence of outliers. The features in the dataset were 
also normalized using StandardScaler from Scikit learn python library. After this, coefficients of 
skewness were determined for each feature, both before and after the outliers removal 
process. These coefficients measure the distribution’s asymmetries. As shown in Table 2, 
after removing outliers, asymmetries in coefficients were reduced for most features.

In terms of the features selection method, Pearson’s correlation coefficient was used 
due to the numerical nature of the features (Figure 5). The feature selection method is 
essential since it removes irrelevant or redundant data from the dataset (Chandrashekar 
and Sahin 2014). Considering the heatmap of correlations, represented in Figure 5, seven 
features were selected (GREEN, GRVI, GN, REN, ClRE, CHM, and TCA). The selection process 
considered both the most correlated features with the target variable (class) and the 
lowest correlated features between them.

2.4.2. Classifier selection – training and testing
Considering the ML classifiers, four different classifiers were implemented: kNN, SVM, RF, and 
XGBoost (Figure 3 – Step 5). The kNN classifier is a supervised learning technique that can be 
used for regression as well as classification. By computing the distance between the test data 
and all the training points, kNN attempts to predict the proper class for the test data. The kNN 
classifier was chosen due to its simplicity, efficacy, intuitiveness, and competitive classification 
performance across multiple domains. It is robust to noisy training data and efficient when the 
training data are considerable (Baf, Im, and Bol 2013). Regarding SVM, it is a supervised 
machine learning classifier used to analyse data in classification and regression analyses. The 
SVM classifier identifies a hyperplane in N-dimensional space (N – the number of character
istics) that classifies the data points in a distinct manner (Noble 2006). The selection of SVM 
classifier for classification is owed to the fact that is consistent with observations that are far 
from the hyperplane and are efficient since they depend mainly on support vectors within the 
hyperplane. Moreover, using several kernel functions, SVM can adapt to the nonlinear deci
sion/classification limits and deliver solutions even when the data are not linearly separable. 
The SVM classifier also presents a better classification performance when applied to unba
lanced binary outcome data (Antje and Signorino 2018). The RF classifier, in turn, is a type of 
ensemble classifier that generates several decision trees from a randomly picked subset of 
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training samples and variables. Due to the accuracy of its classifications, this classifier has 
gained popularity in the remote-sensing field (Belgiu and Drăguţ 2016). The RF classifier was 
selected due to its several advantages since it is non-parametric, capable of using continuous 
and categorical datasets, is simple to parametrize, insensitive to overfitting and computes 
auxiliary information such as classification loss and feature importance (Horning 2010). 
XGBoost, on the other hand, was applied since it is a boosting classifier that combines 
hundreds of tree models with lower classification accuracy, and by constant model iteration, 
it develops a very accurate and low false positive classifier (Chen et al. 2018).

The machine learning classifiers were applied using Scikit learn. Considering the dataset, 
70% of data were used for training (5040 samples) and 30% were used for testing (2160 
samples). To ensure that the process is independent of the choice made and to control the 
overfitting, 10 random dataset train-test splits were defined, with the application of k-folds 
cross-validation (CV) where dataset was split into k different subsets (or folds).

2.4.3. Classifier performance evaluation
To evaluate the performance of each ML classifier, 30% of testing data were used, 
producing a confusion matrix (Table 3). In the confusion matrix, the true positive (TP) 
indicates the number of elements predicted with class 1 that belongs to class 1; the true 
negative (TN) refers to the number of elements predicted with class 2 that belongs to class 
2; the false positive (FP) indicates the number of elements predicted with class 1 that 
should be predicted as class 2, and the false negative (FN) represents the number of 
elements predicted with class 2 that should be predicted as class 1.

Several metrics, used in classifiers performance evaluation, can be withdrawn from the 
confusion table, namely: precision (1), recall (2), f1score (3), and OA (4). Precision quan
tifies the proportion of units in classifier that are truly positive. In other words, precision 
indicates the degree to which we may trust a classifier prediction of an individual as 
positive (Grandini, Bagli, and Visani 2020). Recall quantifies the classifier’s ability to locate 

Table 2. Coefficients of skewness for each feature, before and after 
outliers removal process.

Features Before outliers removal After outliers removal

ExNIR −0.621 −0.410
ExRE −0.839 −0.695
ClRE 0.948 0.283
EVI2 −0.092 −0.092
NDExNIR −0.420 −0.306
NDExRE 0.115 −0.249
GN 0.953 0.437
GNDVI −0.925 −0.537
GREEN −0.013 −0.034
GRVI −0.028 −0.028
NDVI −0.753 −0.663
NIR −0.169 −0.165
NIRN −0.420 −0.306
PSRI 1.104 0.763
RED 1.295 0.604
REDEDGE −0.180 −0.176
REN 0.115 −0.249
RN 0.768 0.702
SAVI −0.233 −0.233
TCA 0.546 0.223
CHM −0.504 −0.005
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all positive units in the dataset (Grandini, Bagli, and Visani 2020). F1-Score evaluates the 
effectiveness of classification classifiers starting with the confusion matrix; it aggregates 
Precision and Recall metrics using the harmonic mean approach (Grandini, Bagli, and 
Visani 2020). OA is a metric that indicates how well the classifier correctly predicts the 
entire set of data (Grandini, Bagli, and Visani 2020).

The precision-recall – area under the curve (PR AUC) metric was considered in the ML 
classifiers performance evaluation. PR AUC is a useful metric for determining the success 
of a prediction when the classes are highly imbalanced (Davis and Goadrich 2006). 
Additionally, the receiver operating characteristics (ROC) AUC metric was also applied in 
the evaluation of the classifiers, as it shows the classifiers ability to differentiate between 

Figure 5. Heatmap representing the Pearson’s correlation coefficient. (a) All VIs, spectral bands, and 
structural parameters; (b) Selected features for classification.

Table 3. Confusion matrix considering the predicted and true classes.
Predicted class

Classes 1 2 Total

True class 1 TP FN TP + FN
2 FP TN FP + TN

Total TP + FP FN + TN TP+FP+FN+TN

TP, true positive; TN, true negative; FP, false positive; FN, false negative.
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classes (Saito, Rehmsmeier, and Brock 2015). The ROC AUC metric is performed using the 
true-positive rate (TPR) (2) and the false-positive rate (FPR) (5). 

Precision ¼
TP

TPþ FPð Þ
(1) 

Recall ¼ TPR ¼
TP

TP þ FNð Þ
(2) 

F1score ¼
2� P� Rð Þ

Pþ Rð Þ
(3) 

OA ¼
TPþ TNð Þ

TP þ TN þ FPþ FNð Þ
(4) 

FPR ¼
FP

FPþ TNð Þ
(5) 

2.4.4. Hyperparameter tuning
The ML classifiers performance is related to hyperparameter configuration. To select the 
appropriate hyperparameters, users can rely on the default values specified by ML 
libraries or manually configure them based on the literature, experience, or trial-error 
method (Probst, Bischl, and Boulesteix 2018). In this study, the hyperparameters were 
defined based on Scikit learn GridSearchCV method. It combines several hypotheses, 
identifying the optimal hyperparameters based on the highest performance of ML classi
fiers. Table 4 shows the hyperparameters considered in the classification process.

3. Results

According to the methodology implemented, the kNN, SVM, RF, and XGBoost classifiers 
are applied in almond cultivar classification, using VIs, spectral bands and structural 
parameters extracted from tree crown objects. In classifiers execution, 10 CV k-folds are 
performed, using 70% for training (5040 samples) and 30% for testing (2160 samples).

3.1. Feature importance in almond cultivar classification

In the RF execution classifier, feature importance scores can demonstrate the significance of 
each feature in predicting the target variable (Figure 6). In classifiers implementation, five VIs, 
spectral bands (GREEN, GRVI, GN, REN, ClRE) and two structural parameters (CHM, TCA) are 
used as features. The TCA feature is the most important predictor of the target variable, as 
shown in Figure 6. On the other hand, CHM is less significant for predicting the target variable. 
Regarding VIs and spectral bands, GN, REN, and GRVI are the most relevant predictors. In 
contrast, GREEN and ClRE features present the lowest importance in the classification process.

As shown in Figure 7, two classes associated with the target variable (Francolí and 
Lauranne) exhibit a clear distinction in the TCA feature, which contributes significantly to 
classification. When TCA is combined with other features, a significant separation in class 
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distribution is also evident. Even though CHM, REN, GN, GREEN, and GRVI features exhibit 
a slight distinction in class distribution, they also contribute to classification. In contrast, ClRE 
presents a lower separability in the distribution of classes, indicating that they contribute less 
to classification.

Table 4. Main hyperparameters considered during the classification process.
Selected features Classifier Tested hyperparameters Applied hyperparameters

GREEN, GRVI, GN, REN, CIRE kNN n_neighbors: range(2, 100, 10) n_neighbors: 22
SVM c: 0.1, 1, 10 

kernel: linear, rbf, poly 
gamma: 0.1, 1, 10

c: 1 
kernel: rbf 
gamma: 1

RF n_estimators: range(10, 1000, 10) n_estimators: 490
XGBoost max_depth: 5,10,15,20 

min_child_weight: 4, 5, 8 
learning_rate: 0.05, 0.1, 0.2 
n_estimators: 200, 400, 600, 800

max_depth: 20 
min_child_weight: 5 
learning_rate: 0.05 
n_estimators: 200

GREEN, GRVI, GN, REN, CIRE, CHM kNN n_neighbors: range(2, 100, 10) n_neighbors: 12
SVM c: 0.1, 1, 10 

kernel: linear, rbf, poly 
gamma: 0.1, 1, 10

c: 1 
kernel: rbf 
gamma: 1

RF n_estimators: range(10, 1000, 10) n_estimators: 400
XGBoost max_depth: 5,10,15,20 

min_child_weight: 4, 5, 8 
learning_rate: 0.05, 0.1, 0.2 
n_estimators: 200, 400, 600, 800

max_depth: 5 
min_child_weight: 8 
learning_rate: 0.01 
n_estimators: 200

GREEN, GRVI, GN, REN, CIRE, CHM, TCA kNN n_neighbors: range(2, 100, 10) n_neighbors: 12
SVM c: 0.1, 1, 10 

kernel: linear, rbf, poly 
gamma: 0.1, 1, 10

c: 10 
kernel: rbf 
gamma: 1

RF n_estimators: range(10, 1000, 10) n_estimators: 150
XGBoost max_depth: 5,10,15,20 

min_child_weight: 4, 5, 8 
learning_rate: 0.05, 0.1, 0.2 
n_estimators: 200, 400, 600, 800

max_depth: 10 
min_child_weight: 4 
learning_rate: 0.05 
n_estimators: 400

Figure 6. Feature importance scores in random forest classifier execution.
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3.2. Performance evaluation of machine learning classifiers in almond cultivar 
classification

ML classifiers performance evaluations were based on several metrics (precision, recall, f1- 
score, overall accuracy, PR AUC and ROC AUC) that were estimated in three classification 
processes. In the first process, classifiers were applied only using the features associated to VIs 
and spectral bands (GREEN, GRVI, GN, REN, ClRE). The obtained results were used as a baseline 
to compare with other classification processes using VIs, spectral bands and CHM (GREEN, 
GRVI, GN, REN, ClRE, CHM) and using VIs, spectral bands, CHM and TCA (GREEN, GRVI, GN, REN, 
ClRE, CHM, TCA).

According to Table 5, SVM and RF classifiers achieved the best results with 76% and 74% OA 
using VIs and spectral bands, while kNN and XGBoost had OAs of 73% and 71%, respectively.

Table 6 shows that RF and XGBoost improved to OAs of 88% and 84% respectively 
when using VIs, spectral bands, and CHM features. SVM and kNN had the worst perfor
mance with OAs of 83% and 80%.

Figure 7. Distribution of the target variable among the selected classification features. The diagonal 
graphs show the Kernel Density Estimator (KDE) for each feature.
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Table 7 shows that the best performance of ML classifiers was achieved when combin
ing VIs, spectral bands, CHM, and TCA as features. RF and XGBoost had the highest OAs of 
99%. SVM also had a high OA of 96%. kNN performed relatively lower with OA of 93%.

To evaluate the overfitting, 10 k-folds were defined, in the application of CV. Figure 8 
presents the distribution of CV scores (overall accuracies), for each classifier, in three 
classification processes. When only employing VIs and spectral bands (Figure 8a), the 
scores are lower and there is less variation amongst classifiers. With the application of VIs, 
spectral bands, and CHM (Figure 8b), the performance of the classifiers improved and the 
variation between them increased. The best scores were obtained using VIs, spectral 
bands, CHM, and TCA (Figure 8c), and the variation between classifiers also increased.

The CV score distribution shows that adding TCA as a feature helped improve classifier 
precision, as the distribution of CV scores became lower, especially in the XGBoost 
classifier (Figure 8c). This low variability indicates the classifier’s stability, with no over
fitting, regardless of the CV k-fold used. The SVM classifier also had lower variability with 
the addition of TCA. The high precision and stability of the classifiers, especially RF and 
XGBoost, suggest that the combination of VIs, spectral bands, CHM, and TCA as features 
provides a robust approach for almond tree classification.

In Figure 9, plots show the precision versus the recall (= TPR) for several thresholds. 
The optimal results are associated with high PR AUC values. The best performance in 
PR AUC, using VIs and spectral bands (GREEN, GRVI, GN, REN, ClRE) was achieved in 
SVM classifier with an AUC of 0.81. The XGBoost classifier obtained a slightly lower 
performance with an AUC of 0.79. Considering the results using VIs, spectral bands and 
CHM, RF, and XGBoost classifiers performed better with AUCs of 0.96 and 0.92, 
respectively. On the other hand, the worst performance was obtained by kNN classifier 
(AUC = 0.88). When VIs, spectral bands, CHM, and TCA features were applied, the 

Table 5. Performance evaluation of kNN, SVM, RF, and XGBoost classifiers in the classification of 
Francolí (class 1) and Lauranne (class 2) cultivars, using VIs and spectral bands.

Classifiers Classes Precision Recall F1-Score Overall accuracy

kNN 1 0.71 0.76 0.74 0.73
2 0.75 0.70 0.73

SVM 1 0.75 0.76 0.76 0.76
2 0.77 0.76 0.76

RF 1 0.72 0.76 0.74 0.74
2 0.76 0.72 0.74

XGBoost 1 0.70 0.74 0.72 0.71
2 0.73 0.69 0.71

Table 6. Performance evaluation of kNN, SVM, RF, and XGBoost classifiers in the classification of 
Francolí (class 1) and Lauranne (class 2) cultivars, using VIs, spectral bands and CHM.

Classifiers Classes Precision Recall F1-Score Overall accuracy

kNN 1 0.77 0.84 0.81 0.80
2 0.83 0.76 0.79

SVM 1 0.83 0.82 0.83 0.83
2 0.83 0.84 0.83

RF 1 0.88 0.88 0.88 0.88
2 0.88 0.89 0.89

XGBoost 1 0.82 0.87 0.85 0.84
2 0.87 0.81 0.84
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results obtained were very similar with an overall improvement in performance, with 
RF and XGBoost having the best AUCs (1.00).

The receiver operating characteristic (ROC) curve plots the TPR versus the FPR for several 
thresholds (Figure 10). The lower the threshold, the greater the TPR, but also the FPR. The closer a 
classifier’s ROC curve is to the upper left corner, the better its performance. Using VIs and spectral 
bands (GREEN, GRVI, GN, REN, ClRE), SVM classifier obtained the best ROC AUC performance with 
an AUC of 0.83. With an AUC of 0.80, the XGBoost classifier had a slightly lower performance. The 
RF and XGBoost classifiers performed better using VIs, spectral bands, and CHM (AUC = 0.96 and 
0.92, respectively). The classifier with the poorest performance was the kNN classifier (AUC =  
0.89). When VIs, spectral bands, CHM, and TCA features were implemented, the overall perfor
mance improved, with RF and XGBoost having the best AUCs (1.00).

4. Discussion

In this study, the aim was to prove the effectiveness of various features in the classification of 
almond cultivars. Seven features were selected including VIs, spectral bands, and structural 
parameters, and implemented in four ML classifiers. The TCA feature was found to be the 
most significant predictor of the target variable and showed that Francolí cultivar had 
higher values compared to Lauranne cultivar, indicating differences in vigour. The ML 
classifiers RF and XGBoost performed better than kNN and SVM classifiers.

Considering studies that applied ML classifiers, Borges et al. (Borges et al. 2021) 
classified the intertidal reef using RGB and multispectral imagery obtained by UAV. The 
researchers classified sand; rock, barnacles, limpets; mussels, rock; and algae mixed using 
four machine learning classifiers: SVM, artificial neural networks (ANN), NB, and RF. 

Table 7. Performance evaluation of kNN, SVM, RF, and XGBoost classifiers in the classification of 
Francolí (class 1) and Lauranne (class 2) cultivars, using VIs, spectral bands, CHM and TCA.

Classifiers Classes Precision Recall F1-Score Overall accuracy

kNN 1 0.92 0.94 0.93 0.93
2 0.94 0.92 0.93

SVM 1 0.96 0.96 0.96 0.96
2 0.96 0.96 0.96

RF 1 0.99 1.00 0.99 0.99
2 1.00 0.99 0.99

XGBoost 1 0.99 1.00 0.99 0.99
2 1.00 0.99 0.99

Figure 8. Distribution of cross validation (CV) accuracies, using ten k-folds. (a) for vegetation indices 
(VIs) and spectral bands; (b) for VIs, spectral bands, and structural parameter canopy height model 
(CHM); and (c) for VIs, spectral bands and structural parameters CHM and tree crown area (TCA).
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According to the obtained results, the SVM classifier performed the best overall accuracy 
(67%), whereas the remaining classifiers performed between 61%, 64% and 65%, respec
tively, for the RF, ANN, and NB. In a study by Ahmed et al. (2017), authors also used RGB 
and multispectral imagery, acquired by UAV, to identify five classes (forest, shrub, herbac
eous, bare soil, and built-up). The RF classifier was applied and obtained an OA of 95%, 
using the multispectral data. Nevertheless, when consumer-grade RGB sensors with lower 
spectrum capabilities were employed, classification accuracy was reduced by 10% to 15%. 
Regarding previous studies related to tree cultivar classification, Gomes et al. (2020) 
applied the leaf reflectance information in olive varieties classification. The authors 
analysed the performance of six ML classifiers: Classification and Regression Trees 
(CART), Stochastic Gradient Boosting Machine (GBM), XGBoost, RF, kNN, and SVM. They 

Figure 9. Precision–recall curve, for each classifier (K-nearest neighbour (kNN), support vector machine 
(SVM), random forest (RF) and XGBoost): (a,d, g, j) using VI and spectral bands, (b, e, h, k) using VI, spectral 
bands and canopy height model (CHM) and (c, f, i, l) using VI, spectral bands, CHM and tree crown area (TCA).
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considered 2150 features, which constituted a severe constraint to the classifier training 
and testing process. Therefore, feature extraction and dimensional reduction approaches 
were implemented to optimize the data processing. Regarding the results, SVM classifier 
with dimensional reduction performed by Class-Paired LDA (OA = 82%) was the best 
performer. Indeed, when the number of features is large and exceeds the number of 
samples, SVM classifier performs better. Avola et al. (2019) also applied VIs in the 
classification process and used univariate (ANOVA) and multivariate (principal component 
analysis – PCA and linear discriminant analysis – LDA) approaches to identify olive 
cultivars using 14 VIs. They attained a classification accuracy of 90.9% using LDA for 
scions but failed to classify more than 68.2% of rootstocks.

Figure 10. Receiver operating characteristics curve (ROC) for each classifier (K-nearest 
neighbour (kNN), support vector machine (SVM), random forest (RF) and XGBoost): (a,d, g, j) using 
VI and spectral bands, (b, e, h, k) using VI, spectral bands, and canopy height model (CHM) and (c, f, i, l) 
using VI, spectral bands, CHM and tree crown area (TCA).
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Previous studies exhibited high values of OA. However, additional metrics must be 
considered in the evaluation of classifiers suitability. In case of having an unbalanced 
distribution of samples in classes, classifiers can be affected by prevalent classes contribut
ing to achieving higher OA. Nevertheless, this can be ineffective classifiers, as other metrics 
such as recall, and f1score are required to evaluate the number of right predictions in each 
class. According to the results obtained, in this study, for kNN, SVM, RF and XGBoost 
classifiers, recall, and F1-score present similar values when compared to precision and OA, 
which indicates that they are suitable classifiers with a regular performance in each class.

Regarding the features selected for the classification process. The best results were 
achieved using VIs and spectral bands (GREEN, GRVI, GN, REN, ClRE) with structural parameters 
(CHM and TCA), where overall accuracy values were close to 1.00. Due to the use of data with 
varying levels of water stress (data from 2021 June and 2022 July), the classification of almond 
cultivars is challenged by the results obtained when only considering the VIs and spectral 
bands. In many studies, the impact of water stress on the physiological and morphological 
characteristics of trees is addressed which can compromise the cultivar classification. In 
a study by Laskari et al., the authors discussed the effects of water stress on the morphological 
and physiological characteristics of maize plants, as well as the environmental cost of water 
stress. They found that water stress caused a reduction in plant height, leaf area, and 
chlorophyll content, as well as an increase in stomatal conductance and proline content 
(Laskari et al. 2022).

Despite the complexity, both in terms of exigency and difficulty, associated with tree 
cultivar classification, the use of VIs and spectral bands, when combined with structural 
parameters, show promising results. The detected variation in the features of each cultivar 
and the metrics derived from the application of ML classifiers demonstrated the viability of 
this process. Furthermore, this study also demonstrates that using machine learning to 
classify almond cultivars can automate the process of cultivar identification and, conse
quently, improve crop management by adjusting specific fertilization and irrigation regimes 
tailored to each cultivar’s needs, identifying, and isolating diseased plants, optimizing 
harvest schedule, improving quality control, predict yields, and support decision-making.

In future studies, it should be assessed whether the effects on tree development and 
pruning activities influence the classification accuracy. This will support the decision of 
whether this method can be applied to a single orchard or if it is adaptable to several orchards. 
Therefore, it is important to continue testing the classifiers under different conditions to ensure 
that it generalizes well and can be applied to a wide range of real-world scenarios.

5. Conclusions

In this study, a precision agriculture approach is employed for almond cultivar classification 
based on multispectral UAV data and ML. Despite its importance, studies applying VIs, 
spectral bands, and structural parameters for image classification, specifically for tree cultivar 
classification, are scarce. Cultivar classification is, indeed, a complex task that is dependent on 
data quality and feature selection, which should be carefully chosen based on its variability 
and relevance for classifier application. The cultivars addressed in this study, Francolí and 
Lauranne, present several differences in their characteristics, namely in crown structure, 
production levels, and vigour, which contributed to enhancing the classification process.
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The obtained results demonstrate the usefulness of ML classifiers for tree cultivars 
classification. The four applied classifiers produced significant results, with particular 
attention on the RF (OA = 99%), XGBoost (OA = 99%), and SVM (OA = 96%) classifiers, 
which achieved the best results. The proposed methodology can be applied on a larger 
scale to other almond crops and distinct cultivars but can also be easily adapted to classify 
between different crop species for better inventory.
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