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Abstract: Precision agriculture requires accurate methods for classifying crops and soil cover in
agricultural production areas. The study aims to evaluate three machine learning-based classifiers to
identify intercropped forage cactus cultivation in irrigated areas using Unmanned Aerial Vehicles
(UAV). It conducted a comparative analysis between multispectral and visible Red-Green-Blue
(RGB) sampling, followed by the efficiency analysis of Gaussian Mixture Model (GMM), K-Nearest
Neighbors (KNN), and Random Forest (RF) algorithms. The classification targets included exposed
soil, mulching soil cover, developed and undeveloped forage cactus, moringa, and gliricidia in
the Brazilian semiarid. The results indicated that the KNN and RF algorithms outperformed other
methods, showing no significant differences according to the kappa index for both Multispectral and
RGB sample spaces. In contrast, the GMM showed lower performance, with kappa index values of
0.82 and 0.78, compared to RF 0.86 and 0.82, and KNN 0.86 and 0.82. The KNN and RF algorithms
performed well, with individual accuracy rates above 85% for both sample spaces. Overall, the KNN
algorithm demonstrated superiority for the RGB sample space, whereas the RF algorithm excelled for
the multispectral sample space. Even with the better performance of multispectral images, machine
learning algorithms applied to RGB samples produced promising results for crop classification.

Keywords: crop classification; multispectral bands; RGB bands; machine learning

1. Introduction

Water scarcity and food security are recurring challenges in the Brazilian semiarid re-
gion, and agricultural wastewater reuse alternatives show high potential [1–3]. In addition,
conservation soil management and intercrops allow better utilization of water resources
from rainfall and irrigation systems [2,4]. The intercrop can improve the water use effi-
ciency, enhance agricultural production sustainability, and increase the protein bank [5].
Among the crops with high potential and resilience in the Brazilian semiarid environment,
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the forage cactus stands out. When irrigated using conservation techniques, it shows high
development and production, yielding positive results when grown intercropped with
some other crop species [6].

The ability to accurately forecast the crop types is highly necessary for estimating
cultivated area, predicting yield volume, and determining crop water requirements [7].
Detailed Monitoring of agricultural lands is pivotal in precision agriculture, contributing to
enhancing crop production and water conservation [8]. Remote sensing, within the preci-
sion agriculture approach, provides crucial information for monitoring natural resources,
including crop growth, land use, soil moisture, plant health, and crop forecasting [9]. For
widespread adoption in agriculture, it is essential to rely on measured data and integrate
sources to ensure practical robustness [10]. Unmanned Aerial Vehicles (UAVs) equipped
with multispectral (MS) sensors offer several benefits in precision agriculture, enabling
the acquisition of high-resolution data that capture the spatial variability of attributes and
crops [11–13]. Cao et al. [14] compared both RGB and multispectral imagery from UAV to
map Stay Green (SG) phenotyping of diversified wheat germplasm. Although visible Red-
Green-Blue (RGB) images could be valuable information, spectral indices containing red
edge or near-infrared band were more effective for proper crop classification. Unmanned
Aerial Vehicles (UAVs) in agriculture allow for capturing aerial images with high spatial
resolution due to their low flight altitude [12,15–17].

The adoption of Artificial Intelligence (AI) techniques optimizes productivity and
irrigation management by identifying zones requiring interventions and reducing water
wastage [18]. Machine learning may be associated with resource savings, such as in au-
tonomous irrigation, where the algorithm adjusts the irrigation volume and time based on
crop needs, optimizing irrigation application, thus enhancing water productivity and agri-
cultural sustainability [19], being increasingly strategic for implementation of Sustainable
Objectives Goals [20].

Studies such as Yadav et al. [21] highlight the potential of remote sensing in monitoring
crop health, weed control, and estimating evapotranspiration. Iqbal et al. [22] developed
machine learning (ML) applications for crop classification to identify invasive plants in
Pakistan, demonstrating the high performance of Gaussian Mixture Model (GMM), support
vector machine (SVM), and Random Forest (RF) algorithms. Meanwhile, Sivakumar
and TYJ [23] detected weeds from high-resolution images, emphasizing the potential of
Unmanned Aerial Vehicles (UAVs) in agricultural research. Zhang et al. [24] used UAV
hyperspectral data to investigate methods for crop classification (16 crop species) and status
monitoring (tea plant and rice growth), including K-nearest Neighbors (KNN), Random
Forest (RF), and a genetic algorithm coupled with a support vector machine (GA-SVM).
The authors highlight that mixed crop planting, or a mixed crop growth status represents a
complex scenario, particularly because the overlap of leaves, stems, and plant structures in
the intercropping can create challenges in clearly distinguishing among different crops in
the image. This complexity may result in confusion during classification, thus requiring
machine learning algorithms for proper image analysis.

Utilizing spectral responses and crop classification allows adjusting management
strategies for enhancing productivity, particularly in the case of intercropped cultivations.
Despite recent research employing multispectral UAV remote sensing, exemplified by the
study conducted by Lourenço et al. [12] for highly heterogeneous fields, and the integration
of machine learning for agricultural mapping through remote sensing, as demonstrated in
the work of Iqbal et al. [22], investigations that jointly incorporate artificial intelligence and
UAV images for crop classification are still in their early stages in the literature. Specifically,
there is a significant need for Machine Learning (ML) applications to interpret multispectral
and RGB images acquired by UAVs for the automatic classification of intercropped forage
cacti in irrigated areas of the Brazilian semiarid.
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In this context, this study aims to: (i) evaluate the performance of Machine Learning
(ML) algorithms for the automatic classification of intercropped fields in the Brazilian
semi-arid region and compare different sample spaces; (ii) classify different crops and
development levels of forage cactus.

2. Materials and Methods
2.1. The Study Area

The research was conducted at Primavera Farm, located in the municipality of Par-
namirim in the semiarid region of Pernambuco State, Brazil. The experimental area is
situated in the Brígida River Basin (see Figure 1). The soil in the experimental area is
classified as Fluvisol [25], which presents a flat topography. The region is characterized by
the Caatinga biome. Figure 1d illustrates the experimental plot with 0.25 hectares, while
Figure 1e shows the intercropped cultivation of forage cactus (Opuntia stricta (Haw.) Haw.)
with gliricidia (Gliricidia sepium) and moringa (Moringa oleifera). The experimental area
is part of a scientific project carried out by the Federal Rural of Pernambuco, addressing
irrigation reuse and entrepreneurial activities, aiding local farmers to cope with water
scarcity in the Brazilian semiarid region.
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Figure 1. Location of the study area (a), climatic classification (b), hypsometry (c), experimental
plot (d), and images of the intercropped system (e). Aw: tropical savanna climate with a dry winter
season; BWh: hot arid climate; BSh: hot semiarid tropical climate with a defined dry season.

Forage cactus was cultivated in May 2021 without irrigation. Subsequently, irrigation
with treated wastewater effluent was initiated in November 2021, along with the planting
of intercropped moringa and gliricidia. Forage cactus was cropped with a spacing of
2.5 × 0.5 m (double row), totaling ~13,300 plants ha−1. Gliricidia and moringa were planted
adopting a 1.0 m spacing between rows, totaling ~4000 plants ha−1. Those crops were
arranged in rows, positioned 1.25 m from the forage cactus lines in intercropped plots. The
plot comprised eleven rows, each 6 m long, including six rows of forage cactus and five of
intercropping. Two soil cover conditions were considered: bare soil and mulch, composed
of plant residue straws, applied at a density of 8 Mg ha−1. Treated domestic effluent from
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the Sewage Treatment Plant operated by the “Companhia Pernambucana de Saneamento”
(COMPESA) was used for irrigation.

The regional climate is classified as tropical semiarid (BShw), with a wet season from
November to April [26]. The average temperature is 26 ◦C, with mean annual precipitation
of 569 mm, and potential evapotranspiration being approximately 1600 mm [27]. The
remote sensing investigation was conducted on 31 January 2023, and climate information
is presented in Figure 2, recorded by a Campbell Scientific weather station located near
the experimental area. For the calculation of crop evapotranspiration (CET), the potential
evapotranspiration (PET) was multiplied by the crop coefficient (Kc) of 0.52. The PET was
estimated using the Penman–Monteith method standardized by FAO Bulletin 56 [28].
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Figure 2. Climate information of the study area. Period from 31 December 2022 to 1 February
2023. Parnamirim, Pernambuco State, Brazil. PET: Potential Crop Evapotranspiration; CET: Crop
Evapotranspiration.

On 31 January 2023, nearly 15 months after starting the irrigation, moringa and
gliricidia presented mean values of crop height, stem diameter, and maximum canopy
width of 2.13 m, 53.24 mm, and 0.8 m; 1.42 m, 25.75 mm, and 1.23 m, respectively. For
forage cactus, the mean values for height, canopy size, and number of cladodes were 0.66 m,
0.80 m, and 12.6 cladodes, respectively.

2.2. Image Acquisition

Multispectral and RGB images were acquired on 31 January 2023. Surveys were
performed using an Unmanned Aerial Vehicle (UAV), DJI Phantom 4 Multispectral RTK
model, equipped with a high spatial resolution camera that shoots simultaneously six im-
ages, one in RGB composition and five monochrome spectral images: blue (B), green (G),
red (R), red edge (RE), and near-infrared (NIR) bands, respectively, generating images at
2 MP resolution.

The flight characteristics were determined according to technical recommendations
while respecting the regulations of ANAC (National Civil Aviation Agency), the regulatory
body responsible for flight regulations in Brazil. The flight was performed at a uniform
speed of 2 m/s and a height of 40 m. An automatic surveying mission was set up to
ensure 75% overlap and sidelap. The photogrammetric process, including image alignment,
stacking, and radiometric correction, was carried out using Agisoft Metashape software
(Version 2.1), along with a reflectance calibration panel.
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2.3. Machine Learning Algorithms

The images were analyzed and classified using QGIS software (version 3.28.2), with
the assistance of the Dzetsaka plugin (version 3.70) [29]. The classification conducted by
the Dzetsaka plugin is object-oriented with applications spanning various areas such as
deforestation progress, illegal road opening, and the conversion of pasture areas, among
others [30,31]. Three classification algorithms were tested: Gaussian Mixture Model, K-
nearest Neighbors, and Random Forest.

2.3.1. Gaussian Mixture Model (GMM)

The Gaussian Mixture Model (GMM) algorithm is a probabilistic algorithm used to
represent normally distributed subpopulations within a general population. Typically, it
is employed for unsupervised learning to automatically learn subpopulations and their
assignment. It is also used for supervised learning or classification to learn the boundaries
of subpopulations.

The Gaussian Mixture Model starts with the means of each Gaussian being equal to
the means of each actual class, as well as their standard deviations. Each potential class is
represented by a Gaussian function. This representation is iteratively refined, or trained,
by the Expectation Maximization algorithm. Instance labels are assigned according to the
Gaussian that best represents each one. The Gaussian Mixture Model is a weighted sum of
Gaussian densities with M components, as follows:

p(x|λ) = ∑M
i=1 ωig

(
x
∣∣µi, ∑ i

)
(1)

where x corresponds to a vector of continuous data with D dimensions, ωi (for i ranging
from 1 to M) represents the mixture weights, and g (x|µi, Σi) with (i ranging from 1 to M)
represents the Gaussian densities of the components. Each component density takes the
form of a Gaussian function with D variables.

g
(
x
∣∣µi, ∑ i

)
=

1

(2π)
D
2 |∑ i|

1
2

exp {−1
2
(x − ui)

′∑−1
i (x−ui)} (2)

where, the mean vector: µi, and the covariance matrix: ∑ i.
The model assumes that all data points are obtained from a mixture of finite Gaussian

distributions with unknown parameters [32].

2.3.2. K-Nearest Neighbors (KNN)

The K-nearest Neighbors algorithm [33] is a method that classifies data based on their
proximity to the nearest neighbors. It uses a labeled dataset, and when a new point needs
to be classified, the algorithm identifies the K-nearest points based on a distance measure.
Then, the algorithm assigns the new point the label of the most frequent class among these
K neighbors. The value of K is predefined or optimized in advance and influences the
smoothness of the decision boundary.

2.3.3. Random Forest (RF)

The Random Forest (RF) algorithm is a method that employs multiple Decision Trees
for classification or regression. Each tree is constructed using a random sample of the train-
ing data and a random selection of features. During training, each tree makes independent
predictions, and the result is obtained through a combination of individual predictions,
such as voting or averaging. The key concept of Random Forest is that the combination of
trees helps reduce overfitting to the training data and improves the model’s generalization
ability [34].
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The Random Forest classifier uses the Gini index (G) to select features that predict the
classes. For a given training set T, by randomly selecting an instance (pixel) and stating
that it belongs to some class Ci, the Gini index can be written as:

∑ ∑j ̸=i(f(Ci, T)/|T|)(f(Ci, T)/|T|) (3)

where f(Ci, T)/|T| is the probability that the selected pixel belongs to the class Ci [35].

2.4. Application of the Algorithms

The application of the classification algorithms was performed for two distinct sam-
ple spaces:

(I) The input data for the mosaic used in the classifications were generated from the
sample space composed of rasters from the composition of multispectral bands, namely: R,
G, B, RE, NIR, and the Normalized Difference Vegetation Index (NDVI) [36] to enhance the
classification accuracy [37].

(II) The input rasters used for the classifications were generated from the bands of
the visible spectrum, namely: R, G, B, and the Visible-band Difference Vegetation Index
(VDVI), which is well-suited for extracting vegetative vigor from UAV images containing
only the visible spectrum bands—RGB [38].

2.5. Training Samples

For the application of the classification algorithms, samples were selected based on the
number of pixels located in each polygon selected as a classification target. This selection
process was carried out manually, relying on knowledge of the study area and visual
analysis of the images. Consequently, a shapefile layer was created with the same DATUM
reference as the drone images, using the WGS 84 coordinate reference system.

The classification of developed and underdeveloped forage cacti was based on the
biometric values of the crops, namely: height, canopy size, and number of cladodes. The
values were measured in 72 samples and presented in Figure 3.
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The study area consisted of three cultivation plots, in which six types of samples
were defined for the classification of the processed image (Figure 4). Sample selection
per class was balanced manually aiming to obtain the most faithful results possible in
the classification and resulted in the following quantities: bare soil (7327 samples), soil
with cover (6353 samples), forage cactus (7837 samples), underdeveloped forage cactus
(or with impaired development) (6603 samples), moringa (7203 samples), and gliricidia
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(6143 samples). It is worth noting that sample selection was based on the presence of all
sample elements (classes) in the study area.
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Figure 4. Samples used for the classification of the plots in the irrigated area.

After applying the algorithms, with a data distribution where 70% of the samples
were used for training and 30% for testing, confusion matrices were generated and ana-
lyzed for each applied classification algorithm. Thus, it was possible to analyze metrics
derived from the classifications performed by the algorithms, such as precision, recall
(sensitivity), F1 Score, accuracy, and finally, the Kappa index [39]. According to Landis and
Koch [39], Kappa values from 0.0 to 0.2 indicate ‘slight agreement’, 0.21 to 0.40 indicate ‘fair
agreement’, 0.41 to 0.60 indicate ‘moderate agreement’, 0.61 to 0.80 indicate ‘substantial
agreement’, and 0.81 to 1.0 correspond to ‘almost perfect’ agreement. This allows evaluating
the performance of each algorithm for each individual class of selected samples, presenting
an overall average of the values, and assessing the general performance of the algorithm.

Precision measures the proportion of samples classified as positive that are truly
positive. Recall, or sensitivity, measures the proportion of positive samples correctly
classified relative to the total positive samples. In other words, it is the model’s ability to
find all positive samples [40]. The F1 Score is a helpful metric for finding a balance between
precision and recall in classification tasks. A high F1 Score indicates that the model is
succeeding in both positive instances and minimizing false positives.

Furthermore, a comparative study was conducted, both on the classification algorithms
and the RGB and multispectral sample spaces.

3. Results

The classification applied using the multispectral band composition with the Gaussian
Mixture, K-Nearest Neighbors, and Random Forest algorithms can be observed in Figure 5.

Table 1 displays the confusion matrices of the Gaussian Mixture Model (GMM), K-
Nearest Neighbors (KNN), and Random Forest (RF) algorithms. The confusion matrix can
be described as a model that shows classification accuracy, where the rows represent the
references used as targets for the samples in the database, while the columns reflect the
predictions made for each reference. Consequently, the main diagonal of these matrices
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clarifies the number of predictions correctly recognized by the adopted algorithm. High
values can be observed for all diagonal elements, especially for bare soil (BS).
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Figure 5. Classification by the Gaussian Mixture algorithm (A), K-Nearest Neighbors (B), and the
Random Forest algorithm (C) with multispectral sample space.

Table 1. The confusion matrix generated by the Gaussian Mixture Model, K-Nearest Neighbors
algorithm, Random Forest—Multispectral.

Gaussian Mixture Model—Multispectral

G M UP P MC BS Reference × Predictions

0 0 6 0 3 2139 Bare Soil (BS)
0 84 98 50 1742 57 Mulch Covers (MC)

87 140 240 1810 34 0 Forage cactus (P)
0 160 1308 214 101 0 Underdeveloped Forage cactus (UP)
9 1777 318 241 26 2 Moringa (M)

1747 0 11 36 0 0 Gliricidia (G)

K-Nearest Neighbors—Multispectral

G M UP P MC BS Reference × Predictions

0 2 8 0 16 2171 Bare Soil (BS)
0 112 60 45 1802 27 Mulch Covers (MC)

79 84 165 1883 13 0 Forage cactus (P)
0 209 1577 217 48 0 Underdeveloped Forage cactus (UP)
6 1754 170 196 27 0 Moringa (M)

1758 0 1 10 0 0 Gliricidia (G)

Random Forest—Multispectral

G M UP P MC BS Reference × Predictions

0 2 4 0 7 2164 Bare Soil (BS)
0 101 56 38 1796 33 Mulch Covers (MC)

58 89 175 1910 16 0 Forage cactus (P)
0 171 1562 191 53 1 Underdeveloped Forage cactus (UP)
5 1797 183 196 34 0 Moringa (M)

1780 1 1 16 0 0 Gliricidia (G)
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Based on the above results, a comparison among the three algorithms was carried out,
considering metrics such as precision, recall (sensitivity), F1 score accuracy, and finally the
Kappa index [39] presented in Table 2.

Table 2. Results of the metrics for the Gaussian Mixture Model, K-Nearest Neighbors algorithm, and
Random Forest—Multispectral.

Gaussian Mixture—Multispectral

Average G M UP P MC BS Parameters

0.8488 0.9738 0.7488 0.7336 0.7832 0.8577 0.9958 Precision
0.8479 0.9479 0.8223 0.6603 0.7699 0.914 0.9732 Recall
0.8476 0.9607 0.7839 0.695 0.7765 0.8849 0.9844 F1 score

K-Nearest Neighbors—Multispectral

Average G M UP P MC BS Parameters

0.8822 0.9938 0.8147 0.7689 0.8467 0.8807 0.9882 Precision
0.8826 0.9539 0.8117 0.7961 0.8009 0.9454 0.9877 Recall
0.882 0.9734 0.8132 0.7822 0.8232 0.9119 0.9879 F1 score

Random Forest—Multispectral

Average G M UP P MC BS Parameters

0.887 0.99 0.8113 0.7897 0.8496 0.8874 0.994 Precision
0.8875 0.9658 0.8316 0.7885 0.8124 0.9423 0.9845 Recall
0.887 0.9778 0.8213 0.7891 0.8306 0.914 0.9893 F1 score

Based on the evaluation of models’ performance applied to multispectral images,
Random Forest (RF) stood out by producing the best F1 score for all analyzed classes,
resulting in the highest average. Concerning the recall index, the performance varied
among classes, with slightly better results in crops that exhibit a more pronounced spectral
response (moringa, gliricidia, and developed forage cactus), although it reached a higher
average. On the other hand, RF performed slightly worse than K-Nearest Neighbors (KNN)
in classifying underdeveloped forage cactus, exposed soil, and mulch. It is worth noting
that the precision of RF surpassed the KNN and the Gaussian Mixture Model (GMM)
classification algorithms. However, KNN excelled in classifying moringa and gliricidia
with slightly superior results.

Regarding individual model accuracy, the recorded values were 84.59% for the GMM
algorithm, 87.98% for the KNN algorithm, and 88.50% for the RF algorithm. Calculated
Kappa index values were 0.81 for GMM, 0.86 for KNN, and 0.86 for RF. All three models
exhibited Kappa index values exceeding 0.80, categorizing them ‘as almost perfect’ [39].
Both the Random Forest and K-Nearest Neighbors algorithms demonstrated remarkably
similar metrics, with Random Forest standing out in the multispectral sample space.

Likewise, in the classification of images acquired by the drone based on the sample
space composed of RGB bands, a highly consistent outcome with classifications based on
multispectral bands was observed. This congruence was primarily evident through visual
inspection, as depicted in Figure 6.

Similarly to the approach taken for multispectral image classifications, confusion
matrices (Table 3) derived from these RGB images were subjected to a detailed analysis
regarding precision, recall, F1 Score, accuracy, and Kappa index metrics (Table 4). The
following tables present these results concisely.
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Figure 6. Classification by the Gaussian Mixture Model (A), K-Nearest Neighbors (B), and Random
Forest (C) algorithms with the RGB sample space.

Table 3. Confusion matrix generated by the Gaussian Mixture Model, K-Nearest Neighbors algorithm,
Random Forest—RGB.

Gaussian Mixture Model—RGB

G M UP P MC BS Reference × Predictions

0 10 28 0 1 2136 Bare Soil (BS)
0 136 139 113 1764 51 Mulch Covers (MC)

124 119 278 1717 32 0 Forage cactus (P)
17 189 1157 185 51 11 Underdeveloped Forage cactus (UP)
9 1707 378 221 58 0 Moringa (M)

1693 0 1 115 0 0 Gliricidia (G)

K-Nearest Neighbors—RGB

G M UP P MC BS Reference × Predictions

0 6 39 0 15 2165 Bare Soil (BS)
0 117 80 60 1768 23 Mulch Covers (MC)

149 81 190 1818 17 0 Forage cactus (P)
1 237 1467 216 61 9 Underdeveloped Forage cactus (UP)
7 1720 205 207 45 1 Moringa (M)

1686 0 0 50 0 0 Gliricidia (G)

Random Forest—RGB

G M UP P MC BS Reference × Predictions

0 2 30 0 8 2144 Bare Soil (BS)
0 116 81 59 1761 27 Mulch Covers (MC)

139 83 186 1809 20 0 Forage cactus (P)
1 253 1466 229 62 23 Underdeveloped Forage cactus (UP)
6 1707 216 195 55 4 Moringa (M)

1697 0 2 59 0 0 Gliricidia (G)
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Table 4. Results of the metrics for the Gaussian Mixture Model, K-Nearest Neighbors algorithm,
Random Forest—RGB.

Gaussian Mixture—RGB

Average G M UP P MC BS Parameters

0.8188 0.9359 0.7193 0.7186 0.7564 0.8007 0.9821 Precision
0.82 0.9186 0.7899 0.584 0.7303 0.9255 0.9718 Recall

0.8172 0.9272 0.753 0.6444 0.7431 0.8586 0.9769 F1 score

K-Nearest Neighbors—RGB

Average G M UP P MC BS Parameters

0.8563 0.9712 0.7872 0.7368 0.8062 0.8633 0.973 Precision
0.8562 0.9148 0.7959 0.7405 0.7733 0.9276 0.985 Recall
0.8558 0.9422 0.7915 0.7387 0.7894 0.8943 0.979 F1 score

Random Forest—RGB

Average G M UP P MC BS Parameters

0.8533 0.9653 0.782 0.7207 0.8087 0.8615 0.9817 Precision
0.8533 0.9208 0.7899 0.74 0.7695 0.9239 0.9754 Recall
0.8529 0.9425 0.7859 0.7303 0.7886 0.8916 0.9785 F1 score

In contrast to multispectral images, RGB images presented a better performance with
the K-Nearest Neighbors (KNN) algorithm, which achieved the best F1 score in all classes,
except for gliricidia, where Random Forest (RF) predicted a better result but still maintained
a satisfactory overall average, compared to the other methods used. A similar pattern
emerged in terms of recall, where KNN outperformed the other methods in all classes
except for gliricidia, where RF once again demonstrated a superior result.

In precision metrics, K-Nearest Neighbors (KNN) stood out by achieving superior
results for all studied classes. It is noteworthy that Random Forest (RF) outperformed
the Gaussian Mixture Model (GMM), despite GMM showing a better result in precision
regarding the classification of exposed soil.

Concerning the individual accuracy of the models, the recorded values were 81.78%
for GMM, 85.40% for KNN, and 85.08% for RF. The Kappa index results were 0.78, 0.82, and
0.82, respectively. Both the K-Nearest Neighbors and Random Forest algorithms presented
Kappa indices above 0.80, classified as ‘almost perfect’, while the Gaussian Mixture Model
was classified as ‘substantial’.

The Random Forest and K-Nearest Neighbors algorithms stand out, showing very
similar values, with particular emphasis on the KNN algorithm in the context of RGB
samples. An overall view of these individual results for each algorithm, including Precision,
Recall, and F1 Score values in different RGB and multispectral sample scenarios, can be
obtained through the analysis of the box plots presented in Figure 7.
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4. Discussion

Crop monitoring can assist farmers in making reliable decisions for agricultural man-
agement, where remote sensing acts as a strategic tool. Multispectral indices can be used in
crop identification, aiding precision agriculture [41]. In a study by Wang et al. [42], machine
learning techniques were applied in conjunction with multispectral index data to monitor
Land Use and Land Cover (LULC), and the results obtained were highly relevant.

In our study, the results show a general good performance of the adopted algorithms in
classifying intercropped forage cactus and considering bare soil (BS) and mulch cover (MC),
from both RGB and MS images produced by a UAV. Nearly the entire experimental area
was accurately classified, albeit with slight discrepancies between the methods. However, it
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is noticeable that the mentioned algorithms, especially the Gaussian Mixture Model, exhibit
certain inconsistencies by confusing underdeveloped forage cactus with moringa for MS
space (Table 2) and RGB space (Table 4). Such behavior is an indicator that the samples
of these two crops demonstrate possibly analogous values of spectral response. A similar
study using hyperspectral images to classify crops in Bengaluru, India, also presented
problems related to confusion between two crops (tomato and eggplant) due to their similar
spectral response [43].

Inconsistencies in the identification of cacti may be associated with the intrinsic char-
acteristics of the crop, which closes its stomata during the day. Furthermore, on the edge of
the forage cactus racket, there is a protective layer [44], which may be related to changes in
the crop’s spectral response.

The Gaussian Mixture Model algorithm showed the lowest performance in contrast
to K-Nearest Neighbors and Random Forest, possibly because it was not developed as a
classification algorithm, contrasting with the results obtained by Iqbal et al. [22]. Classifica-
tion algorithms are subject to continuous updates and improvements, reflecting a constant
evolution in accuracy. In this context, studies focusing on the enhancement of classification
algorithms stand out, such as the case of GMM [45].

It is relevant to observe that, although the Random Forest model has shown the best
results, the values are very close to those achieved by K-Nearest Neighbors. This suggests
that K-Nearest Neighbors may exhibit proper performance in areas with a more significant
presence of larger crops, such as moringa and gliricidia, compared to forage cactus. The
Guo et al. [46] study produced similar results when applied to tree classification in urban
areas, using the same UAV model adopted in our study. The Random Forest algorithm
outperformed with a Kappa index of 0.91. Rodriguez–Garlito and Paz–Gallardo [47]
applied machine learning methods for the semi-automatic classification of multispectral
UAV images with a pixel size of 3 cm, where the Support Vector Machine (SVM) and
Random Forest (RF) stood out, efficiently distinguishing ground cover classes due to the
high spatial resolution of the image.

In the analysis of RGB-format images (Table 4), it was observed that the precision, F1
score, recall index, Kappa index, and accuracy results were lower compared to multispectral
images (Table 2). This is mainly due to distinct crop responses for the near-infrared band,
which is directly correlated with the amount of chlorophyll in plants. This correlation
was more pronounced in crop classes compared to the exposed soil class, increasing the
performance of multispectral analysis. These obtained results are in line with those reported
in the application of machine learning in agriculture, where Random Forest (RF) stands out
in various applications, such as in the study proposed by Fathololoumi et al. [48], which
applied the algorithm for soil moisture determination. In the work of Silva Júnior et al. [49]
the algorithm was used for data interpolation of evapotranspiration and yielded better
results than conventional techniques such as kriging in that case.

The differences presented in comparison to the studies in the literature are significant,
considering the spatial resolution of approximately 2 cm of our study and the application
in a semiarid region, which presents significant differences in the performance of K-Nearest
Neighbors for region classification. The Iqbal et al. [22] study focused on the application of
the Dzetsaka tool with the use of algorithms for classification with satellite images. The
results were better for the PlanetScope satellite constellation compared to Sentinel-2, given
that the spatial resolution of PlanetScope is 3 m, while the Sentinel-2 is 10 m. The difference
in resolution is even more evident in our study, which produced a pixel size of 2.1 cm,
significantly affecting the algorithm ranking and performance.

Regarding RGB images, although KNN achieved slightly better performance, Random
Forest demonstrates to be a more robust algorithm, being less affected by noise. This is
attributed to its ensemble technique, which combines predictions from multiple individual
trees, resulting in a prediction that is more robust to noise for each node. Additionally, the
utilization of random sampling helps reduce model variance and ensures diversity among
the trees used [50]. On the other hand, K-Nearest Neighbors is not an ensemble technique,
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potentially making its predictions more susceptible to data quality issues, thereby increasing
sensitivity to noise. Moreover, its performance in remote sensing applications is inferior to
that of Random Forest, with its optimal performance in this study being attributed to the
quality of pixel information [22,51].

The results highlighted and addressed in our study indicate, based on the Kappa index,
that both the Random Forest classification algorithm and KNN were the most efficient when
compared to GMM. These algorithms are recommended for the supervised classification
of forage palms and also for intercropping classification in semiarid regions. However,
it is advisable to undergo network training for improvement in efficiency and greater
spatial accuracy of plant species. Corroborating our findings, Pantoja et al. [52] compared
the Random Forest algorithm with GMM, indicating that Random Forest outperformed
with the following Kappa index: Random Forest (K = 0.94) and Gaussian Mixture Model
(K = 0.85).

As a limitation of our study, we emphasize that a single collection in the fifteenth
month of forage palm cultivation development limits the analysis of different scenarios and
the assessment of algorithm accuracy over time. Nevertheless, based on the complexity and
mathematical applicability of Random Forest and KNN, we recommend the use of Random
Forest due to its natural reduction in model variance, employing multiple individual
decision trees with a voting scheme. A model with low variance is less prone to learning
noise and produces smoother decision boundaries, encouraging the learning of the true
class distribution in the data. This variance reduction comes with the inherent cost of
increased computational time compared to individual methods. However, since individual
decision trees have a relatively fast training algorithm and the training phase of our
approach is offline and performed only once, this time overhead is negligible. Moreover,
Random Forests produce relatively easily interpretable models, aiding practitioners in
gaining valuable insights and supporting management decisions. KNN, on the other hand,
is a single model with no training procedure, relying solely on voting among neighboring
pixels. These neighbors may contain noise that could lead to classification errors.

5. Conclusions

In this research, we conducted a comparative performance analysis of three algorithms—
Gaussian Mixture Model, K-Nearest Neighbors, and Random Forest—for classifying crops
from UAV images captured in an irrigated area with intercropped forage cactus. Addi-
tionally, we investigated the influence of two distinct sample spaces: multispectral and
RGB. The obtained results indicate that the Random Forest algorithm and the K-Nearest
Neighbors algorithm exhibit similar performance levels in terms of classification quality.
Although Random Forest demonstrates better performance in crop classification when
utilizing samples from a multispectral space, and K-Nearest Neighbors performs better
in the RGB sample space, the differences between them are negligible. This observation
is supported by the Kappa index values, with Random Forest yielding 0.86 and 0.82, and
K-Nearest Neighbors presenting values of 0.86 and 0.82, respectively. Both algorithms were
classified as ‘almost perfect’ in both sample contexts, achieving accuracy rates close to 88%
for multispectral samples and above 85% for RGB samples. It is important to highlight that
the Gaussian Mixture Model algorithm demonstrated the weakest performance among
the three tested algorithms, with kappa index values of 0.82 and 0.78 for the multispectral
and RGB spaces, respectively, indicating potential limitations for its use in crop classi-
fication tasks. This inferior performance is likely attributed to the algorithm’s inherent
characteristics, which are not specifically designed for classification tasks.

The applied algorithms were those available in the Dzetsaka tool, which are algorithms
already widely used in literature for image classification purposes. Despite its usefulness,
the tool has a system that prevents the alteration of algorithm parameters, thereby not
allowing for improvements to be made. Notwithstanding such restrictions, the Dzetsaka
plugin proved to be efficient for crop classification in intercropped forage cactus fields.
Another limiting factor of the study was the application to an image captured on a single
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date, restricting the ability to capture images at various dates. Our findings confirm
that machine learning with RGB images successfully classified crops in the intercropped
forage cactus area, as well as in zones of exposed soil and mulch cover, allowing for a
low-cost remote sensing alternative for indirect monitoring of similar areas. In addition
to crop classification, the development level classification of forage cactus is an important
application, as it can be used to identify crops requiring specific management, thereby
improving food security, as well as contributing to inclusive and sustainable economic
growth in the semiarid region. To further explore the applications of these algorithms in
crop classification, we recommend conducting similar analyses for different crop stages,
investigating performance during plant growth, and thus assessing the impacts of temporal
variability on the effectiveness of those algorithms. We also recommend applying the
algorithms at different spatial resolutions, as well as outside the Dzetsaka tool, enabling
more detailed analysis and comparison with other more complex algorithms and crop fields.
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