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Abstract

Precision agriculture (PA) relies on data collection and analysis to understand spatial vari-
ability in agricultural crops, using technologies such as sensors, GNSS, remotely piloted
aircraft (RPAs), and management software. This study aimed to evaluate the potential of a
LiDAR sensor coupled to an RPA to map damage in coffee plants after frosts and fill scien-
tific gaps. To this end, the experiment was conducted in Santo Antônio do Amparo, Brazil,
in May 2023, obtaining data on height and canopy diameter of three coffee plantations,
aged 3, 4, and 10 years, affected by frosts in different years (2019 and 2021). Multivariate
statistical analyses were performed using non-hierarchical clustering tools to classify the
coffee plants into two groups according to frost incidence. Two new classifications were
proposed for the two groups, based on k-means non-hierarchical cluster analysis. Thus, the
study showed significant differences in the variables, with a p-value of <2.2 × 10−16 for the
proposed groupings 1 and 2. Therefore, the groups are statistically different.

Keywords: digital and precision agriculture; remote sensing; automated aircraft;
coffee growing

1. Introduction
Coffee cultivation plays a prominent role in the Brazilian economy, with Brazil being

the world’s largest coffee producer and accounting for a substantial share of global coffee
production [1,2]. With a cultivated area exceeding 2.2 million hectares and an estimated
production of 54.94 million 60-kg bags, coffee remains one of the country’s most important
agricultural commodities. Despite the technological advances achieved over recent decades,
the sector continues to face challenges related to operational costs and the need to optimize
crop monitoring and crop recovery, highlighting the importance of developing more effi-
cient methodologies and technologies for coffee crop management [3–5]. Monitoring the
structural development of coffee plants is an essential component of efficient coffee crop
management, as changes in canopy architecture directly reflect vegetative growth, plant
vigor, and responses to environmental conditions. Furthermore, canopy structural charac-
teristics are closely associated with solar radiation interception, photosynthetic efficiency,
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biomass accumulation, and yield potential, making their quantification an important step
for agricultural monitoring and decision-making in precision agriculture [6–10]. Among
the main agronomic parameters used to evaluate plant development, plant height, canopy
diameter, canopy volume, and leaf area index (LAI) stand out as important indicators of
vegetative growth, plant vigor, and yield potential [11–14]. These variables reflect changes
in canopy architecture and plant structural development and are frequently used to evalu-
ate vegetation responses to different environmental conditions and stress factors [15–17].
In addition, they directly influence agronomic management practices, including irrigation,
fertilization, crop health monitoring, and yield estimation [12–14]. Traditionally, these
parameters are obtained through manual measurements, which present limitations related
to high labor demand, time-consuming data acquisition, limited spatial representativeness,
and susceptibility to operational errors, particularly in large agricultural areas [1,14]. In
this context, remote sensing technologies and remotely piloted aircraft systems (RPAS)
have emerged as efficient alternatives for acquiring these variables in a rapid, accurate,
and non-destructive manner [15,16]. These technologies enable large-scale data acquisition
with high spatial resolution, allowing detailed characterization of the structural variability
of agricultural crops [17,18]. In addition to acquiring structural parameters, these tech-
nologies enable continuous crop monitoring throughout the growing season, facilitating
the identification of spatial and temporal variations associated with plant growth, water,
nutritional, and thermal stress, while supporting decision-making in precision agricul-
ture [19–21]. Furthermore, remote sensing has proven effective for estimating biophysical
parameters, such as plant height, canopy diameter, and leaf area index (LAI), which are
directly associated with photosynthetic capacity and yield potential in coffee crops [22–24].
Among emerging technologies, Light Detection and Ranging (LiDAR) has stood out due
to its ability to acquire highly accurate three-dimensional data through the generation of
dense and detailed point clouds. These data enable precise structural characterization of
plants, even under low-light conditions or in areas with dense vegetation. LiDAR sensors
mounted on remotely piloted aircraft systems (RPAS) allow the generation of detailed
three-dimensional crop models, reducing the need for field measurements and improving
the efficiency of agricultural monitoring [15,25,26]. Recent studies have demonstrated that
this technology provides high accuracy in estimating structural parameters in perennial
crops, including coffee [15]. Another critical factor affecting coffee production is frost
occurrence, a climatic phenomenon capable of causing severe damage to plants and result-
ing in significant economic losses [27–29]. Exposure to temperatures below −2 ◦C may
induce tissue necrosis, loss of apical dominance, and the death of productive branches,
ultimately impairing plant development and productivity [30,31]. Frost damage is directly
influenced by microclimatic and topographic factors. In areas with steeper slopes, cold air,
due to its higher density, tends to flow downhill and accumulate in lower regions, such as
valleys and depressions, where temperatures may reach critical levels [16,27,32,33]. Under
these conditions, the freezing of water within plant tissues causes structural damage to
cells, compromising their integrity and physiological function [34]. This process results in
reduced photosynthetic activity, leaf necrosis, structural damage to branches, and impaired
vegetative and reproductive development, directly affecting plant formation, quality, and
productivity [23,35,36]. Several methodologies have been employed to map frost risk and
frost-induced damage in agricultural systems [32,34]. Traditional approaches are gener-
ally based on topographic analyses, historical meteorological records, field observations,
and sample data, enabling the identification of areas that are more susceptible to cold air
accumulation and the occurrence of thermal inversions [23,27]. Although these methods
provide valuable information regarding frost occurrence, they present limitations related
to low spatial resolution, limited population representativeness, and the inability to ade-
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quately capture microclimatic variability within cultivated areas. More recently, remote
sensing techniques have been employed to improve the monitoring and assessment of
frost-induced damage, combined with field sample data [37]. Studies using multispectral
imagery and vegetation indices have demonstrated the potential to detect vegetation stress
resulting from frost events [23,27]. However, these approaches are predominantly based on
spectral responses and may not fully represent the structural changes in plant architecture
caused by this type of stress. In this context, LiDAR technology has emerged as a promis-
ing alternative because it enables the acquisition of high-resolution three-dimensional
structural information, allowing a more detailed representation of canopy damage and
spatial variability within crop fields [36]. In this context, precision agriculture has emerged
as an important tool for monitoring and managing coffee plantations. The use of RPAS
equipped with remote sensing sensors enables detailed mapping of spatial variability,
contributing to optimized input use, reduced operational costs, and improved production
efficiency [15,36]. Despite the considerable potential of LiDAR technology for the structural
characterization of perennial crops, there is still a limited number of studies exploring
its application for detecting and spatially characterizing frost-induced damage in coffee
plantations. Furthermore, few studies have investigated the integration of LiDAR-derived
structural parameters with spatial clustering techniques to identify damage patterns associ-
ated with climatic stress events. In addition, recent studies have shown limited exploration
of non-hierarchical clustering techniques for the analysis of LiDAR-derived structural data,
particularly for identifying spatial patterns and delineating homogeneous zones in areas af-
fected by climatic stress. The application of these techniques can significantly contribute to
the identification of regions exhibiting different levels of damage, enabling a more detailed
analysis of spatial variability and supporting site-specific crop management decisions.
Although unsupervised clustering approaches, such as K-means, have been widely applied
in agricultural remote sensing, their use has been predominantly focused on general vegeta-
tion segmentation and crop damage identification using multispectral or time-series remote
sensing data [38]. For example, K-means-based machine learning approaches have been ap-
plied to identify agricultural areas affected by hail damage using remote sensing time-series
data [38]. Similarly, studies have demonstrated the applicability of K-means clustering
directly to LiDAR point clouds for canopy structural segmentation [39], while other authors
have employed LiDAR-derived three-dimensional descriptors and intensity metrics for
vegetation detection and classification [40]. However, despite these advances, studies
integrating structural metrics derived from RPAS-mounted LiDAR with unsupervised
clustering techniques to assess frost damage in coffee plantations remain extremely limited.
In this context, the present study provides a methodological contribution by combining
high-resolution structural metrics obtained from RPAS-mounted LiDAR with K-means clus-
tering (k = 2) to discriminate frost-affected and non-affected coffee plants based on canopy
structural responses. This approach represents an innovative application of unsupervised
machine learning in precision coffee farming, particularly for the rapid mapping of post-
frost damage using three-dimensional structural information derived from LiDAR data.
Therefore, the proposed methodology expands the applications of LiDAR-based agricul-
tural monitoring by integrating vegetation structural characterization, high-resolution data
acquisition using a remotely piloted aircraft system (RPAS), and non-hierarchical clustering
techniques for the assessment of frost damage in coffee plantations. The hypothesis of this
study is that coffee plants of different ages exposed to frost exhibit measurable structural
differences that can be quantified using LiDAR-derived metrics, including plant height,
canopy diameter, canopy volume, leaf area index (LAI), and elevation. These metrics
enable the discrimination of areas exhibiting different levels of frost damage, previously
identified through field observations following frost events. In this context, the objective of
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this study was to evaluate the ability of these structural variables, derived from LiDAR data
acquired by an RPAS and combined with non-hierarchical clustering techniques, to identify
spatial patterns associated with frost damage severity in coffee plantations. By integrat-
ing high-resolution three-dimensional information with clustering-based spatial analysis
methods, this approach provides an effective alternative for identifying and characterizing
frost-affected zones, thereby supporting agricultural monitoring and the development of
site-specific management strategies in precision agriculture.

2. Materials and Methods
The present experiment was conducted in the rural area of the city of Santo Antônio

do Amparo, at the Bom Jardim farm, located at the confluence of the southern and western
regions of Minas Gerais, Brazil, using three distinct areas, described in Figure 1 and Table 1.

Figure 1. Location of the cultivated areas on the Bom Jardim Farm, where the data for the present
study were collected.

Table 1. Summary of the main characteristics of the areas under study.

Region Variety Coordinates (UTM,
SIRGAS 2000)

Average
Altitude (m) Area (ha) Year of

Planting
Number of Frost

Occurrences

Area 1 Red Catucaí
IAC 144

7,677,527.305288 N e
603,932.761361 W 926 3.56 ha 2013 2

Area 2 Red Catucaí
IAC 144

508,019.6 N e
7,676,692.0 W 932 3.52 ha 2019 1

Area 3 Catucaí Red IAC
144 and Arara

508,093.6 N e
7,676,753.1 W 935 2.10 ha 2020 1

In Area 1, planting was carried out on 21 December 2013, with coffee plants spaced
0.70 m between plants and 3.10 m between rows. In Areas 2 and 3, the adopted spacing
was 0.5 m between plants and 3.5 m between rows. Plant age was determined based
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on the time elapsed between the planting date and the data collection performed in this
experiment, corresponding to 3, 4, and 10 years. The soil in these areas was characterized
as dystrophic Red-Yellow Latosol. Area 1 was affected by frost events in two distinct
periods, in 2019 and 2021, whereas Areas 2 and 3 were affected only by the frost events
of 2021. Therefore, the plant populations in these areas were impacted by this climatic
event and consequently experienced damage, which had been previously verified and
classified [23,27]. The damages are presented in Figure 2.

Figure 2. Records of crops affected by frost in 2021: area 1 (a), area 2 (b), and area 3 (c).

Although the three experimental areas differed in planting year, plant age, row spacing,
frost history, and management practices, these factors were not analyzed jointly. Each ex-
perimental area was treated as an independent dataset during the clustering and statistical
analyses, thereby minimizing the influence of potential confounding factors. Consequently,
the clustering procedure was performed separately for each area, allowing the structural
variability associated with frost damage to be evaluated under relatively homogeneous
agronomic conditions rather than through direct comparisons among fields.

In addition to the structural variables obtained through remote sensing, the clustering
results were subsequently compared with field records previously collected regarding the
levels of frost damage in the studied areas, as described in [23,27]. This comparison allowed
an independent validation of the groups identified by the clustering algorithm, verifying
whether the detected spatial patterns were consistent with the actual conditions observed
in the field.

In sloped terrains, when temperatures fall below the freezing point of water, the
cold air that accumulates near the surface tends to flow downslope toward the bottom
of the slopes and accumulate in depressions or valleys [32,33]. Exposure of plants to low
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temperatures can lead to the freezing of water within cellular tissues, rupturing cell walls
and causing damage, which gives the plant a burned-like appearance [34].

Ambient air temperature data were collected by an automatic meteorological station
located on the farm. The first frost event in 2019 occurred on 8 and 9 July of that year, and
the minimum temperatures observed on those days were 1.8 ◦C and 0.3 ◦C. In 2021, the first
frost occurred on 20 July, with a minimum observed temperature of −1.7 ◦C. The climatic
classification of the region is Cwa, humid subtropical, according to the Köppen–Geiger
classification, characterized by hot and humid summers and cold and dry winters, with
mean, minimum, and maximum temperatures of 20 ◦C, 14 ◦C, and 26 ◦C, respectively. The
average total precipitation is 1400 mm and the mean annual total precipitation is 1670 mm.

Considering that frost-induced damage may be influenced both by structural charac-
teristics of the plants and by topographic factors of the terrain, different clustering strategies
were evaluated in this study in order to investigate how these variables contribute to the
identification of spatial damage patterns in coffee fields.

For this study, considering the analyzed areas, two distinct clustering methods were
statistically defined. The first clustering (Clustering 1) includes analyses based on plant
height and canopy diameter. The second clustering (Clustering 2) comprises analyses that
consider plant height, canopy diameter, and terrain elevation. The use of these two cluster-
ing strategies made it possible to evaluate the effect of including topographic variables in
the identification of plant structural patterns associated with frost damage. Thus, it was
possible to compare the performance of clustering approaches based exclusively on plant
structural characteristics with those incorporating terrain information.

For each proposed clustering approach, the classification of coffee plants was per-
formed according to the degree of frost damage, thereby generating two groups, referred to
as group 1 and group 2, corresponding to the most and least affected plants, respectively.

The number of groups defined for the non-hierarchical clustering in the present study
was based on recent studies conducted in the same area [23,27], which evaluated the
occurrence and validation of frost damage in coffee plants. The selection of two groups is
also associated with the agronomic hypothesis that plants may present two predominant
response levels after frost events: severely affected plants and plants with a lower level of
damage. This assumption is consistent with field observations reported in previous studies
conducted in the same experimental area.

On 21 May 2023, an overflight was conducted using an unmanned aerial vehicle (UAV)
equipped with a LiDAR sensor over the study areas to obtain data on coffee plants in each of
the three areas analyzed. For this purpose, a quadcopter-type UAV, model DJI Matrice 300,
equipped with a real-time kinematic (RTK) global positioning system, was used (Figure 3a).
This UAV has a flight autonomy of up to 55 min, a six-direction sensing and positioning
system, an enhanced transmission system, and real-time automatic frequency switching
between the 2.4 and 5.8 GHz bands, resulting in greater flight stability in areas with high
levels of interference, such as power transmission lines.

A Zenmuse L1 sensor (Figure 3b) was mounted on this UAV, consisting of a Livox
LiDAR module, a high-precision inertial measurement unit (IMU), and a 20 MP RGB
camera with a 1-inch CMOS sensor, 8.8 mm focal length, and a mechanical shutter, all
mounted on a three-axis stabilized gimbal.

To ensure greater accuracy in flight execution and in the georeferencing of the infor-
mation obtained by the LiDAR sensor, a GNSS antenna system was used, consisting of an
RTK L1 and L2 base integrated with the UAV and another base fixed on the ground for
correction using the DJI D-RTK 2 Mobile Station.
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Figure 3. RPA Matrice 300 RTK (a) and Zenmuse L1 sensor (b). Fixed base on the ground for GNSS
signal correction, DJI DRTK-2 model (c).

Before the flight began, the parameters were defined, such as a flight altitude of 75 m
relative to the ground, coverage area, and a speed of 4.1 m/s. The image survey was carried
out using the DJI Pilot 2 app (Figure 4), employing a point cloud density of 685 points/m2; a
GSD of 0.96 cm/pixel; a lateral overlap (LiDAR) of 50%; a forward LiDAR (visible) overlap
of 70%; a lateral LiDAR (visible) overlap of 61%; and a 10-m margin around the study area
for flight planning, ensuring that the area of interest was well covered. Additionally, a
sampling rate of 160 kHz was chosen to ensure that the images and collected data could
provide high quality and meet the expected objectives.

Figure 4. Coffee plant specimen found in the field, area 1 (a); top view of plants from area 2 (b); top
view of plants from area 3 (c).

2.1. Processing of Data Obtained from the LiDAR Sensor

During the alignment of the images, a sparse point cloud was generated through
homologous points automatically identified in the process. Subsequently, the point cloud
generated in the previous process was densified, increasing the number of points in the
cloud and reducing empty spaces. Finally, the orthomosaic was created; in this phase, the
images are orthorectified, where they are reprojected orthogonally and at a constant scale,
in order to eliminate or minimize distortions caused by the sensor system and the surface.
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With the images properly corrected, the software performs mosaicking and creates a single
product. The survey generated georeferenced LiDAR point clouds in (.las) format, whose
data were processed in DJI Terra software. The point clouds were georeferenced using the
information obtained from the sensor and the RTK accuracy of the UAV and the stationary
base. After collecting the data from the LiDAR sensor, the geographic spatial reference
was corrected to orthometric (Sirgas 2000 UTM; zone 23S). The adopted image correction
methodology was triangulation; the point cloud was classified automatically and then
manually to define representative ground points. The orthomosaic was georeferenced based
on RTK, ensuring an accuracy of 0.02 mm. From these, the digital surface model (DSM)
and the digital terrain model (DTM) were generated. The next steps involve conducting
analyses in the QGIS software to obtain information on each georeferenced plant, using
data from the LiDAR sensor and the RTK database. Through geoprocessing in QGIS, the
crown diameters and plant heights were determined. Plant heights were obtained using
raster tools, considering the differentiation between Digital Surface Models (DSMs) and
Digital Terrain Models (DTMs), generated from processing the LiDAR sensor data. The
crown diameter measurements were obtained using the vector measurement tools in QGIS.
The canopy diameter of the plants was determined directly on the orthomosaic, measured
along the largest central axis horizontally, using the ruler tool to measure distances in
metric units. For the plant volume variable, a calculation was proposed based on the
canopy diameter and coffee plant height information, using the cylinder equation (Equation
(1)). In the present study, this variable was not intended to represent the actual canopy
volume or to perform a three-dimensional reconstruction of the plant. Instead, canopy
volume was included solely as a standardized structural indicator to evaluate its behavior
in conjunction with the other biometric variables analyzed, considering that the plants
exhibited the corresponding canopy structure under field conditions. This approach was
adopted due to the similarity of the plants to a cylindrical structure, as observed in Figure 4

V = 3.1415·R2·H (1)

where:

R = radius;
H = plant height.

The structure of the plant following a cylindrical shape can be explained through
mechanized harvesting, as this can cause deformations in the plant’s branches, thus modi-
fying the structural shape of the coffee plant [35]. The leaf area index (LAI) was calculated
according to Equation (2), developed in [1] and described in [25,37].

LAI = 0.0134 + 0.7276·D2·H (2)

where:

D = Plant canopy diameter;
H = Plant height.

The altimetric information of the terrain was obtained through raster tools, by extract-
ing information from digital terrain models, derived from LiDAR data processing and
geoprocessing using QGIS software, as previously described.

The use of LiDAR as a reference is supported by its extensive validation and well-
established reliability in the scientific literature for accurately characterizing vegetation
structure, particularly in estimating plant metrics. Thus, the methodological approach
focused on a non-hierarchical clustering analysis of LiDAR-derived data in areas affected
after frost occurrence, emphasizing the consistency and relative performance of the es-
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timates generated by the clusters in comparison with previous methodologies, both in
frost-affected areas and in the literature.

2.2. Statistical Analysis

In the present study, a non-hierarchical clustering analysis was performed. In hierarchi-
cal clustering, the objective is to identify possible groupings based on the inherent structure
of the data. In contrast, in non-hierarchical clustering, as applied in this study, the objective
is to optimize a clustering criterion based on a predefined number of groups specified by
the researcher, and this choice must be properly justified, as proposed by [41–44].

The classification of frost-risk areas was conducted and justified based on the method-
ology described in [23,27], in which each area was subdivided in order to classify the
degree of risk of damage to plants. The authors considered visual criteria that evaluate
topographic variation in the same areas proposed in the study, taking into account terrain
slope and field data sampled within the areas. In contrast, the present study addresses
the classification through non-hierarchical clustering based on population data of affected
plants, incorporating plant structural characteristics, elevation, and statistical validation of
the defined groups.

Independent evaluations were performed regardless of the clustering structure, and
additional derived variables not directly used during the clustering procedure were as-
sessed, including canopy area, estimated canopy volume, and leaf area index. Significant
differences between the clusters for these variables reinforced the biological and structural
consistency of the identified groups.

The k-means method, proposed by [43], is a non-hierarchical clustering algorithm
widely used in exploratory data analysis and pattern recognition. It is an iterative method
whose objective is to partition a dataset containing n observations into k distinct groups,
such that each observation belongs to the group whose centroid (cluster center) is closest,
based on a distance measure, typically the Euclidean distance. The algorithm aims to
minimize the sum of the squared distances between each observation and the centroid of
its respective group, known as the within-cluster sum of squares (WCSS).

Non-hierarchical cluster analysis aims to classify observations in a dataset in such
a way that similar observations are allocated to the same group; therefore, observations
belonging to different groups are considered dissimilar.

kj = 1 ∑ ni || xij − µi || 2

Among the main advantages of the k-means algorithm are its simplicity, computational
efficiency, and ease of interpretation, especially when applied to large datasets. However,
the method also presents some limitations, such as the need to define the number of groups
(k) in advance, which is a fundamental characteristic of non-hierarchical clustering methods.
In the context of this study, the k-means method was used to classify plants into two distinct
groups based on structural variables obtained through remote sensing. This approach
enabled the objective identification of plants that were more and less affected by frost based
on statistical and geometric criteria. This approach was based on the prior assumption that
two groups of plants existed in the studied areas [3,16], hereafter referred to as Group 1
and Group 2, as defined by the clustering procedure.

Thus, for the development of Cluster 1 through clustering analysis, the variables plant
height and canopy diameter from a population of frost-affected coffee plants were used,
obtained by the LiDAR sensor. For Cluster 2, the variables considered were plant height,
canopy diameter, and terrain elevation in the study area, also obtained by the LiDAR
sensor. Because the experimental areas differed in agronomic characteristics, including
planting year, plant age, row spacing, cultivar composition, and frost history, the clustering
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procedure was performed independently for each area. This strategy ensured that the
identified clusters represented structural variability within each field, thereby avoiding
potential bias associated with direct comparisons among heterogeneous production systems.
A significance level of 5% was adopted for all statistical analyses.

Data analyses were performed using the software R Core Team (2023). Initially, to
compare the mean values of the variables between Cluster 1 and Cluster 2 and to identify
plants more and less affected by frost in the three analyzed areas, an analysis of variance
(ANOVA) was performed. This approach allowed the evaluation of differences in plant
height, canopy diameter, plant volume, and leaf area index (LAI) between Cluster 1 and
Cluster 2 defined by the non-hierarchical k-means clustering method.

The variables plant volume and leaf area index (LAI), which were not directly used in
the clustering process, were subsequently analyzed to determine whether they presented
significant differences between the formed clusters. This strategy allowed an additional
validation of the clusters by verifying whether the identified groups exhibited consistent
structural differences beyond the variables used in the clustering process.

Additionally, an ANOVA was conducted to compare the mean values between the
treatments (Group 1 and Group 2) for each studied variable. In this test, the null hypothesis
(H0) states that the group means are equal, whereas the alternative hypothesis (H1) indicates
that at least one mean differs between treatments. Since the study involved only two groups,
the application of Tukey’s multiple-comparison test was not necessary, as the ANOVA
F-test is sufficient to determine the existence of significant differences between two means.

Analysis of variance assumes that the residuals follow a normal distribution, present
homogeneity of variances, and are independent. In this study, the independence of errors
was ensured through the random sampling process. The normality of residuals was
evaluated using the Shapiro–Wilk test, whose null hypothesis states that the data follow a
normal distribution, whereas homogeneity of variances was verified to ensure the validity
of the ANOVA results.

To validate the optimal number of clusters, three complementary criteria were used:
the Elbow Method, the Silhouette Index, and the Gap Statistic. The Elbow Method was
used to evaluate the reduction in the Within-Cluster Sum of Squares (WSS) as the number
of clusters increased. The Silhouette Index was employed to simultaneously measure the
internal cohesion and separation between groups. Additionally, the Gap Statistic was
used to compare the observed clustering structure with a random reference distribution,
allowing verification of whether the identified clusters represented a real structure in the
data rather than a pattern generated by chance. The optimal number of clusters was defined
based on the agreement among the evaluated methods.

Finally, thematic maps were developed in a Geographic Information System (GIS)
environment to spatially represent the identified clusters. These maps allowed the compari-
son of the spatial patterns of damage obtained by the proposed method with the traditional
approach described by [27], which classifies frost damage risk primarily based on visual
evaluation and topographic characteristics. This comparison made it possible to evaluate
the potential of the approach based on LiDAR data and statistical clustering techniques for
identifying spatial patterns of damage in coffee plantations.

3. Results and Discussion
This section presents the results of the non-hierarchical clustering analyses performed

for Areas 1, 2, and 3. Descriptive analyses of the plant height and coffee canopy diameter
variables were used as the basis for the non-hierarchical clustering. The original dataset
comprised 3981 coffee plants in Area 1, 4690 coffee plants in Area 2, and 4586 coffee plants
in Area 3.
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The analyses were performed using two groupings. Grouping 1 was based on two
variables, whereas Grouping 2 was based on three variables, as described in Section 2.
Furthermore, each grouping was divided into two groups, representing coffee plants that
were more severely affected and less severely affected by frost, respectively. A margin of
error of 5% and a confidence level of 95% were adopted for the statistical analyses.

The observations for area 1 of the diameter of group 1 of the coffee plant population
showed average values of 1.79 m, and for group 2, average values of 1.84 m, when observing
Cluster 1. For the plant height variable, the observed average values were 2.63 m for group
1 and 2.78 m for group 2. For the observations of the plant volume variable in area 1, the
average values found for group 1 were 7.49 m3 and for group 2 were 8.24 m3. For the
observations of the leaf area index (LAI), the average values found for group 1 were 0.930
and for group 2 were 0.1023.

For area 2, groupings 1 and 2, as observed in Table 2, did not show differences in
the descriptive analyses. However, when comparing groups 1 and 2, differences were
observed between them, with group 1 presenting higher averages for all the variables
analyzed in the two proposed groupings. This can be justified by the region being less
affected in 2021, with only one frost occurring in the studied area, and by the recovery of
the plants over time, according to [23]. The study analyzed two experimental sets, each
composed of two groups of plants. In both groupings, a decrease in the canopy diameter
was observed, a pattern also identified for the parameters of plant height and calculated
volume. The consistency of these metrics was maintained between the groups, regardless
of the evaluated grouping. Regarding leaf area, the data showed constant values for group
1 across all samples, with equivalent stability in group 2. The homogeneity observed in the
subgroups suggests the possible influence of common environmental variables, which may
have uniformly modulated the measured characteristics throughout the analyses.

Table 2. Descriptive statistics of the groupings with 2 and 3 variables for areas 1, 2, and 3.

Group D A V LAI

Area 1

AGR 1
1 1.79 2.63 7.49 0.930
2 1.84 2.78 8.24 0.1023

AGR 2
1 1.79 2.63 7.49 0.930
2 1.84 2.78 8.24 0.1023

Area 2

AGR 1
1 1.41 0.72 1.23 0.01533
2 1.21 0.68 0.86 0.01070

AGR 2
1 1.41 0.72 1.23 0.01533
2 1.21 0.68 0.86 0.01071

Area 3

AGR 1
1 2.42 0.96 4.46 0.055
2 1.86 0.81 2.27 0.028

AGR 2
1 2.23 0.90 3.74 0.046
2 1.99 0.84 2.74 0.034

D: crown diameter; V: crown volume; A: plant height; AGR 1: grouping 1; AGR 2: grouping 2.

The data analyzed in Area 3, as presented in the Table 2, indicate that in Cluster 1, the
observations of crown diameter showed average values of 2.42 m for Group 1 and 1.86 m
for Group 2. For the plant height variable, the average values were 0.96 m in Group 1 and
0.81 m in Group 2. Regarding plant volume, Group 1 had an average of 4.46 m3, while
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Group 2 had an average of 2.27 m3. Finally, for the leaf area index (LAI), the observed
average values were 0.055 in Group 1 and 0.028 in Group 2. For Cluster 2, the observations
of crown diameter of the coffee plants showed average values of 2.23 m for Group 1 and
1.99 m for Group 2. For the plant height variable, the values also differed between the
groups. Regarding plant volume, the average values were 3.74 m3 for group 1 and 2.74 m3

for group 2. In relation to the leaf area index (LAI), the average value observed was 0.046
for group 1 and 0.034 for group 2. For both groupings under study, different values can be
observed for all the variables analyzed.

The analysis of data from Area 3 revealed consistent differences between the clusters
across all evaluated biometric parameters, demonstrating the existence of structural vari-
ability within the coffee plant population. In cluster 1, higher mean values were observed
compared to cluster 2 for all variables, including crown diameter, plant height, plant vol-
ume, and Leaf Area Index (LAI). This pattern suggests that plants belonging to cluster
1 exhibit greater vegetative development and, consequently, higher physiological vigor
compared to those in cluster 2.

The larger crown diameter and greater plant volume indicate a more robust architec-
ture, while the higher LAI values reflect a greater capacity for solar radiation interception
and photosynthetic potential, factors directly associated with plant growth and productivity.

The difference observed in plant height, although numerically smaller compared to
the other variables, also reinforces this distinction between the clusters. Plant height is an
important indicator of longitudinal growth and may reflect cumulative differences over
time in response to environmental conditions and stress history. In areas subject to frost
occurrence, such as in the present study, plants with lower height and reduced volume may
be associated with locations where the impact of thermal stress was more severe, thereby
compromising vegetative growth. Conversely, plants with greater structural development
may indicate areas with lower damage severity or more favorable microenvironmental
conditions for recovery.

In Clustering 2, the same pattern was observed, with cluster 1 again presenting higher
mean values than cluster 2 for all analyzed variables. This consistency between clusters
reinforces the reliability of the classification and suggests that the identified clusters reflect
real differences in plant structure and development. The repetition of this pattern across
different clustering analyses indicates the influence of environmental and physiological
factors that affect plant growth differently across space.

Although the data generally showed low absolute variation, the relative differences
between clusters are agronomically relevant. Small variations in parameters such as
LAI and plant volume may result in significant differences in photosynthetic capacity,
biomass accumulation, and, consequently, plant productivity potential. Furthermore,
these structural differences may reflect microenvironmental variations associated with
topography, altitude, and cold air dynamics, factors that directly influence the intensity
and spatial distribution of frost damage.

In this context, analyses based solely on data range, considering mean or extreme
values in isolation, may not be sufficient to identify spatial and functional patterns within
the study area. The use of non-hierarchical clustering makes it possible to overcome this lim-
itation, as it allows the identification of homogeneous clusters with similar characteristics
by simultaneously considering multiple variables. This approach is particularly relevant in
agricultural systems, where variability is influenced by several interrelated factors.

Moreover, non-hierarchical clustering enables the identification of zones with different
levels of vegetative development, which may be associated with varying levels of frost expo-
sure and susceptibility. This information is essential for site-specific management, allowing
the identification of more vulnerable areas and supporting the implementation of targeted
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monitoring and mitigation strategies. Therefore, the adopted methodology not only im-
proves the understanding of plant structural variability but also contributes to the generation
of more precise and applicable information within the context of precision agriculture.

The results obtained in Area 3 demonstrate that, even under conditions of appar-
ently low overall variability, important structural differences exist between plant clusters,
which can be more efficiently identified using non-hierarchical clustering techniques. This
approach enables a more detailed characterization of spatial variability, contributing to
a better understanding of plant responses to environmental conditions and providing
support for the development of more efficient and targeted management strategies.

3.1. Comparison Test

For each variable studied in the coffee plant areas, an analysis of variance was per-
formed to compare the means of the groups for each variable under study, where the
same results were observed for groupings 1 and 2, respectively with 2 and 3 variables,
considering a 5% significance level. The null hypothesis (H0) to be tested is that the means
are equal, and the alternative hypothesis (H1) is that at least one mean differs among
the treatments.

Comparison Test of the Variables of Groups 1 and 2 in Areas 1, 2, and 3

With the observed p-values for area 1, it can be stated that the only variable that
showed significant differences was the height variable with a p-value of <2.2 × 10−16 for
the original grouping and the proposed groupings 1 and 2. The aim was to assess the
statistical difference between (group 1) and (group 2) across the three areas. The p-value
p < 2.2 × 10−16 indicates evidence to reject the hypothesis of equality between the group
means at a 5% significance level (Table 3). Therefore, the groups are statistically different,
allowing for a profile to be suggested for these groups.

Table 3. At a 5% significance level; D: crown diameter; V: crown volume; A: plant height; LAI: leaf
area index.

Variable Shapiro—Wilk Bartlett Mann–Whitney

Area 1

D 1.47 × 10−19 0.036 0.96
A 3.86 × 10−35 1.84 × 10−12 <2.2 × 10−16

V 3.19 × 10−43 0.314 0.095
LAI 3.19 × 10−43 0.338 0.095

Area 2

D 2.94 × 10−22 0 <2.2 × 10−16

A <7.82 × 10−14 <1.51 × 10−9 <8.21 × 10−14

V <2.2 × 10−16 0 <2.2 × 10−16

LAI <1.29 × 10−19 0 <2.2 × 10−16

Area 3

D 2.94 × 10−22 0 <2.2 × 10−16

A <7.82 × 10−14 <1.51 × 10−9 <8.21 × 10−14

V <2.2 × 10−16 0 <2.2 × 10−16

LAI <1.29 × 10−19 0 <2.2 × 10−16

Thus, through the analysis, it was observed that the variables studied in the areas of
3- and 4-year-old plants, plant height, plant volume, and LAI showed different medians
for groups 1 and 2. The crown diameter variable did not show different medians between
groups 1 and 2. For areas 2 and 3, the non-hierarchical cluster analysis considering cluster
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1 and cluster 2 showed similar results. In both cases, differences were detected among
all variables of the 2 groups and 2 areas, in accordance with the principle of parsimony.
The study conducted with the original clustering as proposed by [16] did not detect
any differences.

• Grouping 1

1. Area 1

As previously presented, the grouping of the plants into two groups was considered,
and there was a clear division between them, as observed in Figure 5, in which group 1 is
concentrated in the upper part and group 2 in the lower part. It is possible to observe six
numerical values distributed into two clusters organized along a single axis. The calculated
centroids reflect this delimitation strategy, based on the height and diameter of the crowns,
prioritizing the internal homogeneity of each cluster. Thus, it can be stated that there was a
very clear classification of group 1 in red and group 2 in blue.

Figure 5. Scatter plot with clustering for Area 1.

Group 1 consisted of 1508 coffee plants, corresponding to 39.60% of the coffee plants
in the field, and Group 2 was composed of 2300 plants, corresponding to 60.39% of the
total coffee plants in the field. As shown in Figure 6, Group 1 has higher crown diameter
values than Group 2. However, the plant height values are similar among the observations
comprising Group 2.

2. Area 2

As mentioned earlier, the number of clusters was set to 2, and there was a clear division
between the groups, group 1 in red and group 2 in blue. Extracting the information on plant
height and canopy diameter made it possible to identify in area 2 important characteristics
for the clear separation of coffee plants, corroborating the data obtained in Figure 7, where
it is possible to see that group 1 is more concentrated in the right quadrant and group 2 in
the left quadrant.
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Figure 6. Boxplot of the canopy diameter and plant height variables in the Area 1 clusters.

Figure 7. Scatter plot with clustering related to Area 2.

Group 1 was made up of 2307 observations and group 2 of 2385. In Figure 8, it can be
seen that group 1 has higher values for both canopy diameter and plant height.

3. Area 3

From the analysis of Figure 9, it can be observed that there was a very clear division
between the groups, with group 1 concentrated in the right corner and group 2 in the left
corner. Group 1 consists of 2027 observations and group 2 of 2560. In this grouping, it can
be observed that group 1 had a smaller portion of individuals than group 2.
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Figure 8. Boxplot of crown diameter and plant height variables in the clusters of Area 2.

Figure 9. Scatter plot with clustering related to Area 3.

It is observed that both plant height and crown diameter were greater in group 1, as
shown in Figure 10. Some studies suggest that, in contrast, during periodic frosts, plants
may “prepare” for their annual occurrence through a gradual acclimation process of their
physiological mechanisms [2]. These authors also state that this phenomenon promotes
plant adaptation to adverse conditions, allowing for a more efficient recovery after exposure
to thermal stress caused by frost.

4. Zoning of Grouping 1

In Figure 11a,c,e, it can be observed that it is possible to identify more accurately the
areas that were affected by frost and this allows the adoption of strategies for the recovery of
these areas with greater precision, considering that the identification was carried out using
a high-capacity information-gathering technology (LiDAR Sensor) and statistical analyses.
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The study’s methodology made it possible to extract information about the characteristics of
the plants, namely, plant height and crown diameter, enabling the producer to strategically
plan agricultural practices based on plant characteristics, height, and diameter. Among
the practices that can benefit from this methodology are fertilization, spraying, and those
necessary for the recovery of the planted area, or even planning for the recovery of the
coffee plantation. In Figure 11b,d,f, the mapping based on the methodology proposed
by [27] in areas 1, 2, and 3 can be observed. When looking at Figure 11 and comparing the
two methodologies under study, it is noticeable that there is a difference between the two
maps, as seen in the green and yellow regions. It is observed that the map proposed by the
methodology of this work (Figure 11a,c,e) appears more heterogeneous, being more precise
in the characteristics of the plants, since it is based only on plant height and coffee plant
canopy diameter, thus being more susceptible to the variability of the plant’s morphological
state and allowing for a less limited study of the effects of frost.

Figure 10. Boxplot of crown diameter and plant height variables in the clusters of Area 3.

• Grouping 2

1. Area 1

In Figure 12, it can be observed that the same method was applied to separate the
groups but now using the elevation variable in grouping 2 as the third variable. The new
multidimensional space generated caused the separation of the clusters to change, while
maintaining the main division structure. The addition of the elevation variable provides
greater refinement in the group data, as it allows for a more precise definition of the
convex regions. Despite this, the overlap of the clusters suggests a complex, unexplained
relationship. Thus, the addition of elevation did not prove to be a determining factor, but it
reduced the internal variability of the proposed groups.
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Figure 11. Maps developed using the methodology of this work according to plant height and crown
diameter (a,c,e) and map developed based on the methodology proposed by [27] (b,d,f).

Figure 12. Scatter plot with clustering performed in Area 1.

The division between the groups was not very clear, as can be seen in Figure 12, which
can be explained by the addition of the elevation variable. Group 1 consists of 2146 ob-
servations, corresponding to 33% of the data, and group 2 consists of 1662 observations,
corresponding to 44% of the data. In Figure 10, the results of the cluster analysis (K = 2) can
be observed, and the gap between −2.5 and 0.0 indicates a clear separation between the
groups, suggesting one cluster in the negative values (e.g., −5.0; −2.5) and another in the
positive values (0.0; 2.5) [45].
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Groups 1 and 2 have approximate median values for crown diameter and plant height,
with group 1 showing lower values compared to group 2. For 10-year-old plants, it was
observed that the most affected plants were located in areas characteristic of lowland
valleys. According to [46], the critical influence of topographic characteristics in defining
areas susceptible to frost damage is highlighted. This susceptibility is intrinsically linked
to specific local variables, such as minimum temperature limits, plant phenology, and
elevation. The number of frost occurrences also becomes a determining factor in the
recovery of coffee plants. According to [47], thermal availability has a direct influence
on plant phenology. Higher temperatures accelerate plant development, while lower
temperatures prolong the cycle. If the annual temperature fluctuation is pronounced, with
a harsh winter, many perennial species enter a resting period (dormancy), returning to
the annual vegetative cycle as soon as thermal conditions become suitable, according to
Figure 13.

2. Area 2

The original data considered in the study included three variables: plant height,
crown diameter, and altitude. The dataset contains 4692 observations in the population.
In Figure 14, it can be observed that Group 1 is more concentrated in the lower corner,
while Group 2 is located in the upper corner, highlighting the separation between the
groups based on the variables analyzed. It is also noted that the same method was applied
to separate the groups of 3-year-old coffee plants but now using the altitude variable in
grouping 2 as a third variable. The new multidimensional space generated caused the
separation of the clusters to change, while maintaining the main division structure. The
addition of the altitude variable provides greater refinement in the data for the groups, as
the convex regions are better defined. Despite this, the overlap of the clusters suggests
a complex, unexplained relationship. Thus, the addition of altitude did not prove to be
a determining factor, but it did reduce the internal variability of the groups proposed in
the clustering.

Figure 13. Boxplot of the variable height, crown diameter, and altimetry in the clusters of Area 1.
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Figure 14. Scatter plot with clustering performed in Area 2.

Group 1 is composed of 2307 observations and group 2 of 2385. For the analysis of
variance to compare means, a margin of error of 5% and a 95% confidence level were
considered. As observed in Figure 15, group 1 obtained higher values for crown diameter,
plant height, and altitude, respectively, when compared to group 2.

Figure 15. Boxplot of the variables height, crown diameter, and elevation in the clusters of Area 2.
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3. Area 3

The data considered in the study, therefore, contained 4586 observations, equally
distributed between groups 1 and 2. The division between the groups was not very clear,
as shown in Figure 16. It is observed that the same method was applied to separate the
groups, but now using the altitude variable in grouping 2, for 4-year-old plants. The
new multidimensional space generated caused the cluster separation to change, while
maintaining the main division structure. The addition of the altitude variable provides
greater refinement in the group data, as the convex regions are better defined. Despite
this, the overlap of the clusters suggests a complex, unexplained relationship. Thus, the
addition of altitude did not prove to be a determining factor, but it did reduce the internal
variability of the proposed groups.

Figure 16. Scatter plot with clustering performed in Area 3.

Group 1 is composed of 2280 observations and group 2 of 2307. As observed in
Figure 17, group 1 had higher values for crown diameter, plant height, and altitude com-
pared to group 2. In this grouping methodology, it can be seen that group 2 had more
individuals than group 1.

4. Zoning of Grouping 2

In the methodology proposed by the study, based on the analysis of the maps of
the groups generated by the non-hierarchical clustering of coffee plants in the field in
Figure 18a, it was observed that the characteristics of plant height and population diameter
showed greater similarity when the variable elevation was added to the map represen-
tation, compared to the classification proposed by [27] (Figure 18b). In the classification
proposed by this study, a difference is observed at the boundary separating group 1 and
group 2, smoothing the borders when compared to the classification proposed by [27],
while maintaining an approximate pattern between them. Based on the analysis of the
maps of the groups generated by the non-hierarchical clustering of the coffee plants in the
field in Figure 18c, it was observed that the characteristics of plant height and population
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diameter appeared more homogeneous compared to the classification proposed by [27], as
shown in Figure 18d. In the classification proposed in this work, a difference can be seen
in the boundary separating Groups 1 and 2, smoothing the edges while still following an
approximate pattern of the classification proposed by [27]. This approach reinforces the
methodology of the aforementioned author, maintaining the logic of dividing the groups
while improving the definition of the regions, providing a more precise analysis of the
areas affected by frost. The northern regions in green were more affected by frost incidence,
while the southern regions in yellow were less affected For four-year-old coffee plants,
based on the analysis of the group maps generated by the non-hierarchical clustering of the
plants in the field, according to Figure 18e, it was observed that the characteristics of plant
height and canopy diameter were more similar compared to the classification proposed
by [27] (Figure 18f). The methodology proposed in this study promoted a classification that
demonstrated a difference in the location separating groups 1 and 2, softening this bound-
ary line, but following an approximate pattern in relation to the methodology proposed
by [27].

Figure 17. Boxplot of the variables height, crown diameter, and altimetry in the clusters of Area 3.

Plant height is considered an interesting and useful tool for different studies, as it
allows the determination of various models, including those for predicting coffee yield and
the leaf area index of the population. The same applies to leaf area size, since frost has the
ability to reduce the plant’s leaf area through necrosis, thus causing significant reductions
in its development [48].

Thus, it can be observed that the classification carried out with the data obtained
through the LiDAR sensor, together with the non-hierarchical clustering, identified the
two regions, with plants showing higher and lower incidence, similar to the classification
proposed by [27]. The northern regions in green were affected by frost incidence, and the
southern regions in yellow were less affected. Therefore, the most suitable regions to start
planning management and recovery would be the green zones, located in the north, in both
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classifications. The variations observed in the areas analyzed in this study indicate a direct
influence of climatic and topographic conditions on the development of coffee plants. The
occurrence of frosts between 2019 and 2021 affected plant growth and reduced leaf area, as
already reported in other studies [27,49]. Plants in lower regions showed greater damage
due to the accumulation of cold air, corroborating findings from published literature [22,50].
According to the literature, gradual acclimatization allows plants exposed to periodic frosts
to develop physiological mechanisms of adaptation and tolerance, enabling more efficient
recovery after exposure to thermal stress caused by frost [2]. This recovery capacity is
more evident in young plants, as they have a more efficient enzymatic metabolism for this
purpose [17]. The use of LiDAR data combined with non-hierarchical clustering proved to
be effective in identifying areas affected by frost with high spatial accuracy. The proposed
methodology allowed for distinguishing zones with different levels of impact and can
guide the management and recovery of coffee plantations. Adding the altitude variable
refined the delineation of the groups, although it was not decisive for the main separation.
The maps resulting from this work indicate that the most affected regions are located
to the north of the studied areas, suggesting that these zones should be prioritized for
management and replanting. Thus, the method reduces the need for field inspections and
provides technical support for agricultural planning, aligning with precision agriculture
practices and the efficient use of geospatial data [1,48]. Thus, the methodology enables
more effective data collection, reducing the need for multiple field visits as currently carried
out by the agricultural producer.

Figure 18. Maps developed using the methodology of this work according to plant height (a), crown
diameter (c), and elevation (e), and corresponding maps developed based on the methodology
proposed by [27] (b,d,f).
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The classification of frost risk areas is essential for agricultural planning and the
mitigation of crop damage, especially in production systems sensitive to microclimatic
variations. Traditionally, as described in previous studies [23,27], this classification has
been based on visual criteria associated with topography, considering factors such as
terrain slope, landscape position, and field observations. These criteria are relevant because
topography directly influences cold air dynamics, favoring its accumulation in lower areas
and increasing the risk of frost occurrence. However, this approach presents limitations
related to the subjectivity of visual assessment and the dependence on the evaluator’s
experience, which may introduce variability and reduce the reproducibility of the results.

In this context, the present study proposes an alternative approach based on non-
hierarchical clustering, using population data from affected plants, biometric characteristics,
and environmental variables such as altitude. This methodology represents a significant
advancement, as it enables a more objective classification based on quantitative data.
The use of clustering techniques allows the identification of natural patterns in the data,
grouping areas with similar characteristics in terms of plant response to frost stress, without
relying exclusively on visual interpretation. Furthermore, the incorporation of statistical
validation of cluster 1 and cluster 2 strengthens the robustness of the results, ensuring that
the classification reflects real and significant differences between the evaluated areas.

Another relevant aspect of this approach is the integration of plant physiological
variables and environmental factors, enabling a more comprehensive understanding of
crop responses to frost. Unlike purely topographic analyses, which primarily consider
geomorphological factors, the use of population-based data allows the direct capture of the
climatic event’s impact on plants, making the classification more representative of actual
field conditions. This is particularly important in precision agriculture scenarios, where
decision-making depends on detailed and spatially explicit information.

Additionally, the use of statistical methods contributes to reducing subjectivity and
increasing the reliability of the classification, allowing its application across different areas
and conditions. This approach also facilitates integration with remote sensing technologies
and Geographic Information Systems (GIS), enabling the generation of more accurate
frost risk maps and supporting agricultural management, as proposed in this study. As
a practical implication, the results may support mitigation strategies, such as planting
planning, the selection of less susceptible areas, and the adoption of protective measures.

Finally, although the clustering-based approach provides greater robustness and
objectivity, its effectiveness depends on the quality and representativeness of the collected
data. Therefore, future studies may explore the integration of additional climatic variables,
such as minimum temperature, humidity, and cold air dynamics, in order to further
improve classification accuracy. In this way, the combination of statistical methods with
agronomic and environmental data represents a promising tool for frost risk zoning and
for strengthening the resilience of agricultural systems.

The statistical analysis revealed that, in Area 1, plant height was the only variable that
exhibited a significant difference between the evaluated clusters, with a p-value below the
5% significance level (p < 0.05 and p < 2.2 × 10−16). This result provides strong evidence to
reject the null hypothesis of equal group means, confirming that plant height was a key
discriminating factor in the differentiation of the identified clusters. Plant height is a critical
indicator of vegetative vigor and reflects the physiological response of plants to stress
conditions, including frost events. More developed plants may be either more exposed
to atmospheric conditions or, alternatively, exhibit greater recovery capacity, depending
on the environmental context. Therefore, the identification of this variable as statistically
significant indicates that plant height plays a central role in characterizing structural
variability among groups.
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Furthermore, the analysis of areas composed of 3- and 4-year-old plants showed
that plant height, plant volume, and leaf area index (LAI) presented distinct median
values between Groups 1 and 2, reinforcing the presence of structural and physiological
differences between clusters. These variables are directly associated with plant architecture
and photosynthetic capacity, reflecting the level of development and overall physiological
condition. LAI, in particular, is widely used as an indicator of radiation interception
capacity and productive potential and is also sensitive to abiotic stress. Consequently,
significant differences in these variables indicate that the groups represent populations
with distinct physiological characteristics, potentially associated with different levels of
exposure and susceptibility to frost effects.

In contrast, canopy diameter did not show significant differences between groups in
Area 1, indicating that this parameter alone may not be sufficiently sensitive to discriminate
stress effects or structural differences among plants. This finding suggests that, although
canopy diameter is an important component of plant architecture, it may exhibit lower
relative variability or reduced sensitivity compared to variables such as height and volume,
particularly at specific developmental stages or under certain environmental conditions.

In Areas 2 and 3, the non-hierarchical clustering analysis considering Clusters 1 and
2 produced consistent and even more pronounced results, with significant differences
detected in all analyzed variables between groups. This pattern reinforces the robustness of
the clustering methodology, demonstrating its ability to identify distinct structural patterns
within the plant population. The consistency of results across different areas indicates that
the method is sufficiently sensitive to capture real structural variation, reflecting differences
in plant development and potentially in response to environmental stress. The application
of the parsimony principle further supports the adequacy of the adopted model, as it
effectively explains the observed variability without introducing unnecessary complexity.

By contrast, the original clustering proposed by [17] did not detect significant dif-
ferences between groups, highlighting limitations in its ability to capture the variability
present in the dataset. This result suggests that the original method may not have been
sufficiently sensitive or may have relied on criteria that do not directly reflect the physio-
logical and structural differences among plants. The absence of significant differences in
that model reinforces the superiority of the non-hierarchical clustering approach employed
in this study, which demonstrated greater discriminative power and stronger alignment
with patterns observed in the biometric variables.

The optimal number of clusters was determined using complementary cluster vali-
dation methods, including the Elbow Method, the Silhouette Index, and the Gap Statistic,
which are widely recommended in the clustering literature to evaluate cluster compactness,
separation, and structural robustness [44,51–53]. The three clustering validation methods
consistently indicated the two-cluster solution (k = 2) as the most appropriate (Figure 19).
The Elbow Method showed a sharp reduction in within-cluster variability between (k = 1)
and (k = 2), followed by stabilization for higher values of (k). Similarly, the Silhouette Index
presented its highest average value for (k = 2), indicating better cohesion and separation
between groups. The Gap Statistic also showed its maximum value at (k = 2), demonstrat-
ing that the two-cluster structure exhibited the greatest difference compared to a random
reference distribution. Furthermore, the two-group solution explained approximately 53.2%
of the total data variability (BSS/TSS), reinforcing the adequacy of the adopted partition.
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Figure 19. Methods used for clustering validation and determination of the number of clusters.

Overall, the results confirm that the proposed methodology was effective in identifying
statistically distinct groups, enabling the definition of differentiated structural profiles
within the evaluated areas. The ability to detect differences in variables directly related
to plant vigor and development highlights the potential of this approach for agricultural
monitoring and for identifying areas with varying levels of susceptibility to environmental
stress, such as frost.

The proposed study did not include an individual classification of frost damage
severity for each plant, which precluded the construction of a confusion matrix and the
calculation of performance metrics such as accuracy, F1-score, and Cohen’s kappa coeffi-
cient. Therefore, cluster validation was based on the consistency between the structural
patterns detected by LiDAR across the population of frost-affected plants within the ex-
perimental areas, the agronomic field observations, and the internal clustering validation
indices (Elbow Method, Silhouette Index, and Gap Statistic).

These findings contribute to advancing data-driven classification techniques, promot-
ing a more objective and precise assessment of spatial variability in agricultural systems.

4. Conclusions
This study made it possible to develop and test an innovative methodology for map-

ping frost occurrence zones, using data obtained from LiDAR sensors mounted on UAVs.
This methodology was based on data clustering techniques and was able to efficiently
identify and classify areas with different levels of frost impact, meeting the first objective of
the research. The results showed that groups of coffee plants affected by frost exhibited
statistically significant differences in the analyzed variables: plant height, canopy diam-
eter, plant volume, and Leaf Area Index (LAI). These data highlight the potential of the
proposed approach to detect morphological changes associated with thermal stress caused
by frost. Finally, by using data generated by LiDAR sensors mounted on RPAs in the
clustering process, the applicability of this technology in post-frost monitoring was demon-
strated, allowing for rapid, large-scale analyses with a high level of detail. The developed
methodology proved to be superior to approaches found in the literature, representing a
significant advancement for precision and digital coffee cultivation and contributing to
the development of more effective strategies for mitigating and managing the impacts of
climate on coffee crops.
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