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ABSTRACT

In precision agriculture, the analysis of UAV-based multispectral imagery enables spatial differentiation of crop
condition, supporting targeted management decisions. This study compares the performance of two unsupervised
segmentation algorithms (K-means and Gaussian Mixture Models) in analyzing RGB images of winter wheat,
supported by NDVI-based interpretation. Segmentation was performed on RGB orthomosaics acquired at two
phenological stages, followed by NDVI analysis to assign physiological meaning to each segment. The average
NDVI per cluster was used to reconstruct NDVI maps and objectively assess vegetation condition within seg-
ments. In the early growth stage, segmentation primarily reflected spectral variability in the soil background due to
low biomass and weak plant—soil contrast. NDVI analysis revealed that seemingly regular clusters corresponded
to bare inter-row soil rather than emerging plants — highlighting the limited diagnostic value of RGB segmentation
alone at this stage. In the later growth stage, both algorithms accurately delineated field plots and intra-field vari-
ability. Using five clusters, the analysis identified zones ranging from dense, healthy vegetation to bare soil. These
results demonstrate that combining RGB-based unsupervised segmentation with NDVI analysis is an effective tool
for mapping spatial heterogeneity in mature crops, while offering limited standalone value in early growth stages
without additional spectral verification.

Keywords: image segmentation, multispectral imagery, K-means clustering, gaussian mixture model (GMM),
precision agriculture, drone-based crop monitoring.

INTRODUCTION

Agriculture plays a strategic role in the econ-
omy, and the optimization of agronomic practices
alongside the pursuit of sustainable crop produc-
tion is becoming increasingly important. In re-
cent years, the information revolution has fueled
the rapid development of the big data domain,
which now serves as one of the primary sources
of innovation across numerous sectors. A grow-
ing number of organizations regard large datas-
ets as the backbone of information management
infrastructure and as a foundation for decision-
support analytics. Data mining techniques enable
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the extraction of knowledge from databases by
identifying patterns that are relevant, novel, po-
tentially useful, and understandable.

In the context of precision agriculture and
site-specific management, remotely sensed data
play a key role in monitoring crop condition and
vegetation dynamics. One of the most widely
used indices in remote sensing image analysis
is the normalized difference vegetation index
(NDVI) [1], which is employed to assess vegeta-
tion cover and crop health. Temporal NDVI pro-
files allow the identification of characteristic veg-
etation development patterns. Other indices, such
as NDRE (normalized difference red edge index)
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and OSAVI (optimized soil adjusted vegetation
index), are also used to assess crop condition [2].

Traditional methods of crop mapping rely
primarily on in-field data collection, which re-
quires recalibration for each new growing sea-
son. Meanwhile, yield maps — often promoted as
tools for delineating management zones — exhibit
significant temporal variability due to changing
weather conditions, agronomic practices, patho-
gen pressure, and pest presence. The application
of clustering methods to remote sensing data —
especially to temporal NDVI profiles — enables
the identification of stable, homogeneous zones
within agricultural fields that reflect actual crop
growth conditions. Remote data can be acquired
using drones [3] or satellites [4].

One of the key challenges associated with
remotely sensed imagery used for crop monitor-
ing is the presence of missing data. An effective
approach to addressing this issue involves the
reconstruction of missing values using gaussian
mixture models (GMM) trained with the expec-
tation—maximization (EM) algorithm [5]. This
method was employed by Othman et al. [6] for
forecasting sugarcane crop infestation patterns.
Another application of GMM involves the clas-
sification of spectral data acquired by UAVs to
develop a rapid and non-destructive method for
estimating nitrogen and phosphorus distribution
in cotton leaves [7].

Big data analysis in agriculture relies on data
mining techniques, whose primary objective is to
forecast yields and identify optimal agronomic
parameters to maximize production efficiency.
To capture the complexity of agricultural data
and extract meaningful insights, clustering algo-
rithms are commonly employed. One of the most
frequently used is the K-means algorithm, which
can also be applied to the analysis of meteorologi-
cal data [8]. An example of its application is the
classification of climate vegetation types based
on combined satellite and climate data, such as
precipitation and temperature [9]. This approach
better reflects the relationships between vegeta-
tion and climatic conditions compared to methods
using only a single type of data. A comprehensive
review of data mining techniques in agriculture
is presented in [10], where these methods are
divided into two major categories: classification
techniques and clustering techniques.

The main challenges associated with the
use of the K-means algorithm include select-
ing the optimal number of clusters (K value)

and identifying suitable initial centroids. In the
traditional version of the algorithm, cluster cen-
ters are selected randomly, which may result in
unstable and suboptimal outcomes. Improved
results can be achieved through hybrid versions
of the algorithm, such as Hybrid K-means [11].
In [12], the authors analyzed dynamic initializa-
tion of centroids in a Bayesian gaussian mixture
model (BGMM) in the context of orchard crop
data. In [13], an improved K-means algorithm
was proposed based on the maximum-distance
method for determining initial cluster centers. It
was shown that, compared to the standard algo-
rithm, the improved method yields better cluster-
ing quality and higher computational efficiency.

Data mining techniques applied in agriculture
can be categorized into four main groups: associa-
tion rules, classification, clustering, and regression
[14]. Each of these approaches utilizes different al-
gorithms to process data and transform it into useful
and interpretable knowledge. The most commonly
used methods include K-means, K-nearest neigh-
bors (KNN), artificial neural networks (ANN),
and support vector machines (SVM) [15]. Other
algorithms include partitioning around medoids
(PAM), clustering large applications (CLARA),
modified density-based spatial clustering of appli-
cations with noise (DBSCAN), and multiple linear
regression (MLR) [16][17]. Decision tree, random
forest, and XGBoost are also widely used. Nota-
bly, Kernel K-means can be integrated with SVM,
forming a powerful tool for data classification in
the context of precision agriculture [18].

In smart farming systems, large volumes of
data are generated by various sources, including
sensors operating within the internet of things
(IoT) framework. In [19], sixteen data reduction
techniques were analyzed, testing combinations
of eight machine learning methods, including
K-means and GMM. The study found that the
most effective data reduction was achieved by
combining the K-means algorithm with run-
length encoding (RLE) compression.

Clustering algorithms are widely used for
plant recognition in natural field conditions. How-
ever, their effectiveness heavily depends on en-
vironmental factors such as lighting, as well as
on the degree of color similarity between weeds
and crop plants. A low-cost, real-time solution for
plant recognition in natural environments involves
combining Binocular Stereo Vision technology
with clustering based on a GMM [20]. Kim et al.
[21] applied the GMM algorithm to analyze the
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individual mass distribution of triticale grains, and
this approach can also be extended to assess other
morphological characteristics of plants.

An improved version of the K-means algo-
rithm with an adaptive number of clusters, de-
signed for segmenting tomato leaf images, was
presented in [22]. Meanwhile, [23] introduced a
weighted K-means clustering algorithm that uses
multiple image features to segment fruit images.
To distinguish between crops and weeds, one
may use semantic segmentation based on deep
learning, utilizing the subtractive clustering al-
gorithm [24], or an approach based on convolu-
tional neural networks (CNN) [25]. In this con-
text, the K-means algorithm can play a key role
in unsupervised feature learning as a pre-training
step for the CNN model.

Semi-supervised segmentation using GMM
has been successfully applied for the automatic
detection of invasive plant flowers [26]. This ap-
proach reduces the dependence on large, manual-
ly annotated datasets, offering an advantage over
deep learning methods that require full data anno-
tation. Additionally, a combination of CNN with
the K-means clustering algorithm for grouping
NDVI data has been used to assess plant health in
a vineyard [27]. The results of that study showed
that processed NDVI maps obtained after clus-
tering better reflected crop conditions than raw
satellite data.

One of the key applications of clustering al-
gorithms is the assessment of plant health. Leaf
disease detection and classification can be carried
out using the extreme learning machine (ELM)
deep learning algorithm, based on real-world im-
age datasets. Infected leaf areas can be extracted
using the K-means clustering algorithm [28]. In
[29], an image processing system was presented
for detecting two major turmeric leaf diseases:
Leaf spot and leaf blotch. The K-means Segmen-
tation algorithm was used to segment diseased
leaf regions, while the SVM classifier was em-
ployed to identify specific diseases.

Another important area of classification algo-
rithm application in agriculture is the identifica-
tion of management zones. The goal of this analy-
sis is to divide a field into sub-areas with different
characteristics, enabling the implementation of
site-specific management strategies. Management
zones can be defined based on various input data
such as yield, soil properties, or vegetation indi-
ces. K-means and Fuzzy C-means algorithms can
be applied to analyze NDVI maps generated from
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satellite imagery to extract these zones [30]. An
innovative method for delineating management
zones in maize cultivation, based on the NDVI
index and an improved SOM-K-means algorithm,
was proposed in [31]. Nugumanova et al. [32]
compared four different clustering algorithms for
defining homogeneous management zones. Gavi-
oli et al. [33] conducted a comprehensive com-
parative analysis involving 20 different clustering
algorithms, evaluating their usefulness in delin-
eating management zones. In [34], the influence
of input data type and feature selection methods
on the quality of zone delineation was investigat-
ed using five different clustering algorithms. Jo-
hann et al. [35] compared the performance of the
K-means, MAXVER, and DBSCAN algorithms
in the context of management zone segmentation
in soybean cultivation.

There are numerous examples of classi-
fication algorithms applied to land mapping.
The K-means algorithm can be used for the clas-
sification and quantitative assessment of land
cover affected by floods [36] or landslides [37].
Mapping of waterlogged crops can also be per-
formed using satellite data with an unsupervised
GMM [38]. Sanz et al. [39] applied the K-means
algorithm in combination with the unsupervised
random forest (URF) method to cluster arid graz-
ing lands. The best results were obtained when
URF was combined with the Hurst exponent, cal-
culated using the Detrended Fluctuation Analysis
(DFA — H2) method.

Land mapping using the K-means algorithm
and satellite-derived NDVI data can be performed
within programming environments such as MAT-
LAB, Python, or R. It may provide an alternative
to traditional GIS software [40]. The topic of map-
ping winter crops over large areas was addressed
in [41], where a GMM model was employed to
automatically distinguish such crops from others
by modeling the distribution of a phenological
index derived from NDVI. An original approach
to soybean crop mapping was presented in [42],
which introduced a spectral gaussian mixture
model (SGMM) using Bhattacharyya coefficient
weighting to optimize the probabilistic spectral
separability between soybean and other crops.

Crop mapping may also involve yield analy-
sis and estimation. The algorithm proposed in
[43] enabled the classification of NDVI data ob-
tained from both satellite and UAV sources for
paddy rice crops, as well as the identification of
factors influencing high productivity. NDVI data
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can also be collected using handheld optical sen-
sors. A clustering analysis of winter wheat using
this method showed that the agreement between
yield classes and NDVI-based classes was higher
under dryland farming conditions [44]. Another
example includes the use of data from a soil plant
analyzer development (SPAD) chlorophyll meter
combined with imagery from a spectral camera
mounted on an UAV [45].

A synergistic integration of the supervised
Random Forest algorithm with the unsupervised
K-means clustering algorithm enables the devel-
opment of crop recommendation strategies tai-
lored to specific soil and weather conditions [46].
Soil condition analysis can be conducted using
the Parallel K-means algorithm, which provides
higher efficiency and accuracy compared to clas-
sical and analytical variants [47]. The identifica-
tion of key soil and topographic features neces-
sary for delineating potential management zones
was demonstrated in [48].

Alternative clustering methods, such as hier-
archical algorithms or density-based approaches
(e.g., DBSCAN), have also been applied in re-
mote sensing and agricultural image analysis.
However, these techniques often face challenges
when dealing with large-scale UAV orthomosa-
ics, including high computational cost, sensitiv-
ity to parameter selection, and difficulties in han-
dling continuous spectral gradients. In contrast,
K-means and gaussian mixture models represent
well-established, computationally feasible, and
widely validated methods in the literature, fre-
quently serving as benchmarks in segmentation
studies. For this reason, the present work focus-
es on K-means and GMM as representative and
complementary approaches, providing algorith-
mic efficiency.

In summary, clustering combined with re-
mote sensing indices has a wide range of appli-
cations in various domains related to agriculture
and environmental protection. Clustering meth-
ods are also widely applied in other scientific
fields, including medicine [49], manufacturing
industry [50], and materials strength analysis
[51]. The conducted literature review revealed
that these techniques can be used for tasks such
as image segmentation (e.g., of plant leaves, crop
surfaces, flooded areas), identification of homo-
geneous regions, mapping of management zones
in precision agriculture, and monitoring vegeta-
tion condition and hydrological phenomena. The
K-means clustering algorithm also finds less

obvious applications, such as in the analysis of
precision marketing strategies in the agricultural
sector [52]. Clustering methods rely on both sat-
ellite data and imagery acquired from cameras
mounted on UAVs. In this context, optimization
of algorithms and integration of data from various
sources are of key importance.

Despite numerous studies comparing the ef-
fectiveness of satellite and aerial image segmen-
tation methods, there is still a lack of research
focusing solely on drone-derived data, which
are characterized by significantly higher spatial
resolution and high temporal variability. UAV-
acquired imagery requires appropriate adaptation
of analytical methods, considering local light-
ing conditions, potential georeferencing errors,
and disturbances resulting from the motion of
the measurement platform. In light of these con-
siderations, the present study addresses this gap
by focusing on the unique aspect of comparing
the effectiveness of two unsupervised segmenta-
tion algorithms — K-means and the GMM — in the
analysis of multispectral drone imagery of crop
fields. The analysis was conducted using data ac-
quired with an unmanned aerial vehicle.

The following section of the article presents
the details of the applied methodology and the ad-
opted approach to image analysis, including source
data and algorithms used. Subsequently, the ob-
tained results are presented and discussed. The ar-
ticle concludes with a summary of the findings and
recommendations for future research directions.

METHODOLOGY

Drone and mission parameters

To acquire imagery for further mathemati-
cal analysis, two flights were conducted using
the DJI Mavic 3M unmanned aerial vehicle
(Figure 1). The drone is equipped with a mul-
tispectral camera consisting of four lenses, and
a separate RGB camera. The multispectral sen-
sor captures the following spectral bands: near-
infrared (NIR), red edge, red, and green, each at
a resolution of 5 MP. The RGB camera captures
visible spectrum images at a resolution of 20 MP.
The bandwidth for the green, red, and red edge
bands was 32 nm, and for the NIR band it was
52 nm. The central wavelengths of the respec-
tive bands were: 560 nm (green), 650 nm (red),
730 nm (red edge), and 860 nm (NIR). Selected
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(b)

Figure 1. (a) Drone used for research and (b) multispectral camera on a drone: 1 — near-infrared lens; 2 — red
edge band lens; 3 —red band lens; 4 — green band lens; 5 — RGB lens

technical parameters of the imaging system are
summarized in Table 1.

The flights were performed in 2025 at the
Czestawice Experimental Farm, operated by the
University of Life Sciences in Lublin, Poland.
The first flight took place on 28 March, and the
second on 22 May, corresponding to the pheno-
logical stages BBCH 29 (tillering) and BBCH
55 (heading), respectively. These stages were
chosen due to significant changes in biomass/
leaves, which effectively differentiate the NDVI.
The UAV operated with onboard RTK (real time
kinematic) module enabled, ensuring high geolo-
cation accuracy during image acquisition and fa-
cilitating accurate georeferencing of the orthomo-
saic. Weather conditions during both flights were
clear, with minimal wind and consistent sunlight,
ensuring stable image acquisition.

Flight paths were executed based on pre-
defined mission parameters, as outlined in Ta-
ble 2. The monitored area had a rectangular shape

Table 1. Selected technical parameters of the camera

Parameter | Value/Description
Multispectral camera
Resolution 5 MP (2592 x 1944 px)
Field of view 73.91°
Equivalent focal length 25 mm
Aperture /2.0
Shutter speed Electror;i/ﬁ gggge;r: 1/30—
RGB camera
Resolution 20 MP (5280 x 3956 px)
Field of view 84°
Equivalent focal length 24 mm
Aperture /2.8 to /11
Shutter speed Electronic shutter: 8-1/8000 s
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and a total surface of 1.03 hectares. The UAV flew
along a programmed grid pattern at an altitude of
40 meters above ground level, which allowed for
the acquisition of imagery with a high GSD of
1.85 cm/pixel. The flight was conducted in AGL
(above ground level) mode with real-time follow
and elevation optimization functions enabled.
To ensure high-quality orthomosaic generation,
overlapping parameters were set to 80% frontal
and 70% side overlap.

All flights were conducted under clear-sky
conditions at comparable times of day to mini-
mize variation in solar elevation. The UAV plat-
form (DJI Mavic 3M) is equipped with an inte-
grated sunlight sensor that continuously measures
incident light and applies radiometric correction
during image acquisition. This hardware-based
calibration ensured that differences between da-
tasets primarily reflected crop growth stage rather
than variability in illumination.

Orthomosaic maps and NDVI maps were
generated using the DJI SmartFarm Web Tool.
The processed images were exported in TIF for-
mat and subsequently subjected to mathematical
analysis. Due to the very high resolution of the
resulting maps, selected subsets of the images
with a size of 1200 x 1200 pixels were extracted
for detailed analysis. The tile size was selected to
ensure both sufficient spatial resolution for pat-
tern identification and efficient computational
processing.

The NDVI was calculated according to the
standard formula:

NIR — RED (1)
NIR + RED

where: NIR — reflectance in the near-infrared
range; RED — reflectance in the red range.

NDVI =
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Table 2. Technical parameters of the flight mission

Parameter Value/Description
Mapping area 10 301 m?
GSD 1.85 cm/pixel
Distance 802.0 m
Estimated duration 3min45s
Photos 113
Mode Ortho Collection
Altitude mode AGL
Route altitude 40.0 m
Speed 3.5m/s
Course angle 338°
Side overlap ratio 70%
Frontal overlap ratio 80%
Margin Om

Photo mode Timed Interval Shot

To emphasize the variability of segmentation
performance, two measurement dates were delib-
erately chosen to represent extreme phenological
stages of winter wheat: the early tillering stage
(BBCH 29) with minimal biomass and poor vege-
tation—soil contrast, and the heading stage (BBCH
55) with dense canopy cover and strong spectral
separability. This design enabled the evaluation of
algorithmic performance under conditions of both
limited and pronounced spectral differentiation,
providing insight into the realistic applicability of
unsupervised clustering in precision agriculture.
Subsequent analyses were performed using the un-
supervised segmentation algorithms the K-means
clustering and the GMM, which are described in
detail in the following subsections.

K-means algorithm

The K-means clustering algorithm consti-
tutes a foundational technique in unsupervised
learning and has been widely adopted in image
segmentation due to its algorithmic simplicity
and computational tractability. In the context of
image analysis, segmentation is formulated as a
clustering problem, where the objective is to par-
tition the image into semantically or statistically
homogeneous regions. Each image element, typi-
cally a pixel, is treated as a data point x, € N, and
is assigned to one of K clusters based on feature
similarity. The method operates by minimizing
the total intra-cluster variance, expressed as the
following objective function:

J =i Dl = well? @

k=1 x;€Ck

where , denotes the centroid of cluster C,, com-
puted as the mean of all feature vectors
assigned to that cluster.

The feature vector x, may include pixel inten-
sity values, color components (e.g., RGB), spatial
coordinates, or other descriptors such as texture
or filter responses, depending on the desired seg-
mentation properties.

The algorithm proceeds through an iterative
process composed of two alternating steps:

1. Cluster assignment — each pixel is assigned
to the cluster with the nearest centroid, using
the Euclidean distance in the selected feature
space:

¢; = arg min_|lx; — ull? 3)
kef1,...K]

2. Centroid update — the centroid of each clus-
ter is recomputed as the mean of the assigned
pixel vectors:

1
.ukzlc_kl Z Xi 4)

These steps are repeated until convergence,
typically defined as the stabilization of cluster
assignments or a negligible decrease in the ob-
jective function. The final cluster labels define
the segmentation mask, with each cluster corre-
sponding to a distinct region in the image.

In image segmentation, the K-means is partic-
ularly effective when the objects to be segmented
differ significantly in color or intensity. Howev-
er, its performance may degrade in the presence
of complex textures, illumination gradients, or
overlapping class distributions. Moreover, the
algorithm assumes that clusters are convex and
isotropic in the feature space, which may not hold
in real-world images. The number of clusters K
must also be predefined, which can be non-trivial
without prior knowledge of the image structure.

To address these limitations, several exten-
sions have been introduced. For example, the
K-means improves initialization stability, while
spatially-augmented feature spaces incorporate
pixel coordinates to encourage regional smooth-
ness. In more advanced settings, the K-means
is integrated into multi-stage pipelines along-
side graph-based methods, the Markov Random
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Fields, or the deep convolutional features to im-
prove accuracy and robustness.

Despite these limitations, the K-means re-
mains a widely used method in image segmenta-
tion, valued for its efficiency, interpretability, and
ease of implementation. It is frequently used as a
baseline or preprocessing step in both classical and
deep learning-based image analysis workflows.

Gaussian mixture model

GMMs are probabilistic clustering techniques
frequently used in image segmentation, where the
objective is to divide an image into regions with
statistically coherent properties. In this technique,
each pixel x, € N’ s represented as a feature vec-
tor encoding its photometric attributes, such as
intensity or color components (e.g., RGB), and
is assumed to be generated by one of K underly-
ing Gaussian distributions. The overall data dis-
tribution is modeled as a weighted sum of these
Gaussian components:

K

p(x;|1©) = z TN (xi |Hk;z k) (5)

k=1

where: 7, denotes the mixture weight of compo-

nent k, such that 2X_m =1, , € R is
the mean vector, and Xk € R¥“ is the co-
variance matrix. The parameter set @ =
{n, w, Tky*_, is optimized via the ex-
pectation-maximization (EM) algorithm,
which iteratively improves the model fit
to maximize the likelihood of the ob-

served image data.

The EM algorithm alternates between two com-
putational steps. In the expectation step (E-step),
the posterior probability that a given pixel x, be-
longs to cluster & is computed as:

e N (i | e, X K)
K . (6)
z ._1”1N(xi |1 X 5)

Yik =

where: y, is referred to as the responsibility of
component & for pixel x. These responsi-
bilities are then used in the maximization
step (M-step) to update the model param-
eters as follows:

1 n
T = ;Z Yik (7
L=

100

i1 Vik Xi
=m0 — @®)
i=1Vik
X v O = ) G — )"
k = m )
i=1Vik

These two steps are repeated until conver-
gence, which is typically defined by the change in
log-likelihood falling below a set threshold. Upon
convergence, each pixel is assigned to the com-
ponent with the highest posterior probability y,,
resulting in a segmented image where each region
corresponds to one of the K Gaussian components.

Unlike K-means, which performs hard as-
signment and assumes spherical clusters with
equal variance, the GMM allows for ellipsoidal
clusters with distinct covariance structures and
models pixel assignments probabilistically. This
flexibility enables it to more accurately capture
complex photometric distributions, such as over-
lapping color regions or subtle gradations in in-
tensity, which are common in real-world images.
Moreover, the use of full covariance matrices
permits the identification of anisotropic structures
that cannot be segmented properly by simpler dis-
tance-based methods.

However, the GMM segmentation also intro-
duces certain computational and numerical chal-
lenges. The estimation of full covariance matrices
can become unstable in high-dimensional feature
spaces or when the number of training samples
per component is small. Additionally, the EM
algorithm may converge to local maxima of the
likelihood function, making the initialization step
critical to segmentation quality. Despite these
challenges, the gaussian mixture models remain
a well-established method for unsupervised seg-
mentation, particularly when the underlying class
distributions exhibit significant overlap or when
a probabilistic representation of uncertainty is de-
sired at object boundaries.

Adopted research approach

In this study, a multispectral image segmen-
tation approach was employed to analyze veg-
etation characteristics by using unsupervised
machine learning techniques. The methodology
involved processing a pair of aligned images: a
standard RGB image and a corresponding NDVI
map derived from multispectral data. The objec-
tive was to segment the RGB image into visu-
ally homogeneous regions and evaluate how well
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these segments corresponded to the spatial varia-
tion in NDVI values.

The RGB images were used in their original
BGR color space. Pixel values were reshaped into
a two-dimensional matrix, where each row repre-
sented an individual pixel with three color chan-
nels. The NDVI images, originally represented as
an 8-bit grayscale images, were transformed into a
floating-point format and normalized to the range
from—1 to 1 to preserve its ecological interpretabil-
ity. Importantly, the NDVI data were not included
in the clustering process itself but were used post
hoc to characterize the resulting segments.

Two clustering algorithms were applied in-
dependently to the RGB pixel data: the K-means
clustering and the GMM. For both approaches,
the number of clusters was predefined, and a com-
parative analysis was conducted by varying the
number of clusters from 2 to 20. This enabled
systematic evaluation of segmentation quality and
NDVI reconstruction performance as a function of
cluster resolution. In the case of GMM, the co-
variance structure was set to a diagonal form to
allow for variable scaling across features while
maintaining computational tractability. Each algo-
rithm assigned a cluster label to every pixel, pro-
ducing a segmented image where each segment
represented a distinct class of visual similarity. For
the K-means algorithm, the k-means++ initializa-
tion procedure was applied to ensure stable and
reproducible centroid selection, thereby reducing
sensitivity to random starting conditions. In the
case of the Gaussian Mixture Model, initialization
was performed using K-means-based estimates
of component means, with diagonal covariance
matrices derived from the corresponding clusters.
This strategy facilitated faster convergence of
the expectation—maximization algorithm and im-
proved reliability of the segmentation results. All
clustering experiments were executed with a fixed
random state parameter to ensure deterministic
behavior and full reproducibility of the results.
Under these conditions, repeated runs produced
identical outcomes, eliminating the need for mul-
tiple independent trials or variance analysis. For
the K-means algorithm, the maximum number of
iterations was set to 300 with a convergence toler-
ance (epsilon) of 1 x 10, while for the gaussian
mixture model, the expectation-maximization pro-
cedure was limited to 1000 iterations with a toler-
ance of 1 x 1073. These settings reflect standard
practice in scikit-learn and were chosen to balance
computational efficiency with stable convergence.

Following segmentation, the NDVI map was
used to compute the average NDVI value within
each cluster. These values were then propagated
back to all pixels within their respective segments
to construct a reconstructed NDVI image based
on clustering structure. This reconstructed map
approximated the original NDVI by assigning
region-level means, effectively smoothing local
variations. To evaluate the correspondence be-
tween the original and reconstructed NDVI distri-
butions, standard statistical metrics were comput-
ed, including the mean absolute error (MAE), the
mean squared error (MSE), and the coefficient of
determination (R?). Additionally, an absolute er-
ror map was generated to visualize local discrep-
ancies across the spatial domain. The complete
computational time required for segmentation
and analysis was also recorded to assess the ef-
ficiency of the method.

In parallel, cluster-wise statistical summaries
were generated to further characterize the seg-
mentation output. For each cluster, the proportion
of pixels assigned to that segment (as a percent-
age of the total image) and the corresponding
mean NDVI value were calculated. These statis-
tics provided insight into the relative dominance
and vegetation health of each cluster.

Moreover, histogram-based analyses of NDVI
distributions were performed on the original NDVI
maps. These histograms allowed for visual com-
parison of pixel-level NDVI frequency distribu-
tions, supporting interpretation of the smoothing
effect introduced by the region-based averaging.

All analyses were carried out in the Python
3.13.2 programming environment. Image pro-
cessing and array operations were performed
using the OpenCV 4.10.0 and NumPy 2.2.5 li-
braries. Clustering algorithms were implemented
with scikit-learn, which provided tools for the
K-means segmentation, Gaussian Mixture Mod-
els, and evaluation metrics such as mean absolute
error, mean squared error, and the coefficient of
determination. Data visualization, including seg-
mentation maps, error maps, and histograms, was
conducted using Matplotlib, while data tables and
summary statistics were handled with pandas.

The computational experiments were execut-
ed on a mobile workstation — a Lenovo ThinkPad
T14s Gen 2i — running the 64-bit version of Micro-
soft Windows 10 Pro. The system was equipped
with an 11th generation Intel Core i15-1145G7 pro-
cessor operating at 2.60 GHz, featuring 4 physi-
cal cores and 8 logical threads. The device was
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furnished with 16 GB of physical RAM (random-
access memory), of which approximately 15.7 GB
were usable for analytical operations. All compu-
tations, including clustering and NDVI reconstruc-
tion, were performed in local memory without the
use of GPU (Graphics Processing Unit) accelera-
tion or parallel computing frameworks.

RESULTS AND DISCUSSION

Figure 2 presents selected fragments of the
orthophoto images in the visible spectrum, ac-
quired for a winter wheat crop on two dates: 28
March and 22 May. The March image reflects an
early growth stage (BBCH 29), characterized by
low canopy height and limited contrast between
the soil surface and vegetation. The soil exhibits
a heterogeneous, mosaic-like texture, resulting in
areas with varying shades of brown. In the May
image (BBCH 55), clearly defined experimental
plots are visible, differentiated by vegetation den-
sity. Some plots show patches with reduced cano-
py density, which may indicate biotic stress (e.g.,
disease) or abiotic stress (e.g., water deficiency).

Prior to applying segmentation algorithms, an
analysis of NDVI distribution was conducted for
the considered image sections with dimensions
of 1200 x 1200 pixels (Figure 3) and selected
representative subregions of 200 x 120 pixels
(Figure 4). These subregions were chosen to uni-
formly represent the vegetation state within each
acquisition date, allowing for a more accurate
assessment of NDVI distribution characteristics.
Histogram analysis enabled the evaluation of spa-
tial variability and the overall level of photosyn-
thetic activity in the investigated areas.

The frequency histograms of NDVI values
calculated for the images with dimensions of 1200
x 1200 pixels from 28 March and 22 May reveal
distinct differences in vegetation status and spa-
tial variability between the two dates (Figure 5).
On 28 March, the NDVI values follow a near-nor-
mal distribution, with a central tendency around
0.3. The histogram shows a relatively symmetri-
cal spread of values, ranging approximately from
—0.1 to 0.7. The mean NDVI value for this date
was 0.26, with a standard deviation of 0.16, re-
flecting a low vegetation cover and a relatively
homogeneous field condition, with small differ-
ences between the crop and the exposed soil. The
presence of pixels with NDVI < 0, albeit lim-
ited, indicates bare soil or non-vegetated areas.

@) Y

Figure 3. NDVI maps of the analyzed winter wheat
crop with marked selected areas with dimensions of
1200 x 1200 pixels: 28 March and (b) 22 May

(a)

(b)

Figure 2. RGB image of the analyzed winter wheat crop with marked selected areas with dimensions
of 1200 x 1200 pixels: (a) 28 March and (b) 22 May
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Figure 4. RGB images of the analyzed winter wheat crop with marked selected areas with dimensions of
200 x 120 pixels for which additional NDVI distribution analysis was conducted: (a) 28 March and (b) 22 May
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Figure 5. Histogram of pixel frequency for a given NDVI value for the crop image from: (a) 28 March
and (b) 22 May

Conversely, the distribution for 22 May is strong-
ly right-skewed, with a high frequency of NDVI
values close to 1.0. The bimodal pattern, with
peaks around —0.35 and 0.9, suggests the coex-
istence of both well-developed vegetation (dense
canopy cover) and areas of significantly reduced
vegetation or bare soil (e.g., gaps, tramlines, or
stressed zones). The mean NDVI for this date in-
creased to 0.48, with a standard deviation of 0.46,
indicating a more heterogeneous spatial structure.
This is consistent with visual observations of bare
soil paths separating individual plots.

To gain more insight into spatial variability
within the field, representative subareas (high-
lighted in red on Figure 4) were analyzed sepa-
rately. The NDVI histograms for these selected
regions are shown in Figure 6.

For 28 March, the histogram retains a uni-
modal character but is narrower compared to the
full-scene distribution. The majority of NDVI
values are clustered between 0.2 and 0.6, sug-
gesting greater uniformity within the selected
subarea. The central peak around 0.4 confirms
moderate vegetative activity, typical for early
growth stages (BBCH 29). The mean NDVI value
for this region was 0.36, with a standard deviation
of 0.14, indicating moderate variability in vegeta-
tion cover at this early stage.

In contrast, the histogram for the 22 May
subarea is strongly skewed toward higher NDVI
values, with a narrow concentration between 0.85
and 0.92. This reflects a nearly complete canopy
cover and high photosynthetic activity, consistent
with the crop’s heading stage (BBCH 55). The
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mean NDVI for this subarea reached 0.88, with
a standard deviation of just 0.02, confirming that
the selected plot was relatively homogeneous in
vegetation health, in contrast to more heteroge-
neous areas seen elsewhere in the image.

These histogram-based observations provide
a quantitative basis for assessing crop condition
and heterogeneity in both temporal and spatial
domains, and they support the application of un-
supervised classification algorithms for further
segmentation and interpretation of the imagery.

Analysis of the early growth stage of the crop

This section presents the segmentation anal-
ysis of the crop imagery acquired on 28 March,
using two unsupervised classification algorithms:
K-means and GMM. For each algorithm, two
clustering scenarios were considered: 2 clusters
and 5 clusters. The selection of these cluster num-
bers was intended to evaluate the algorithms’ abil-
ity to identify both dominant vegetation patterns

NDVI histogram

Number of pixels

0.2 0.8

0.4
NDVI value

(a)
Figure 6. Histogram of pixel frequency by NDVI value for the crop image fragment from: (a) 28 March

and subtle soil heterogeneity at different segmen-
tation granularities.

Based on the obtained segmentations, corre-
sponding reconstructed NDVI maps were gener-
ated to assess the spatial fidelity of vegetation index
representation relative to the original imagery. The
goal of this stage was to investigate the effective-
ness of unsupervised clustering in distinguishing
vegetated areas from bare soil during early pheno-
logical stages (approximately BBCH 29), where
spectral contrast is typically limited. The results are
presented in Figure 7-10. A quantitative assessment
of segmentation quality and NDVI reconstruction
error is discussed in the following sections.

Visual analysis of the segmentation results
for both 2 and 5 clusters indicates a high degree
of consistency between the compared algorithms
(K-means and GMM) in identifying spatial struc-
tures. In both cases, the classification primarily
captured soil areas with varying contrast, which is
directly related to the mosaic-like texture of the soil
surface, as observed in the original orthophotos.
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NDVI histogram

Number of pixels

, -..II“I““
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Figure 7. (a) Segmentation result using the K-means method and (b) reconstructed NDVI for 2 clusters
for the crop from 28 March
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Figure 8. (a) Segmentation result using the GMM method and (b) reconstructed NDVI for 2 clusters
for the crop from 28 March
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Figure 9. (a) Segmentation result using the K-means method and (b) reconstructed NDVI for 5 clusters
for the crop from 28 March
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Figure 10. (a) Segmentation result using the GMM method and (b) reconstructed NDVI for 5 clusters
for the crop from 28 March

For the 28 March scene, in the case of the
two-cluster classification, the low height and
biomass of the winter wheat plants resulted in
weak contrast between vegetation and the soil
background. Consequently, vegetated areas were
not distinctly delineated by the segmentation

algorithms. The resulting image primarily re-
flected soil heterogeneity rather than the actual
spatial distribution of the crop. In contrast, seg-
mentation with five clusters enabled the identi-
fication of an additional class (labeled as class
no. 4), whose spatial arrangement appeared as
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parallel horizontal bands. Initial visual interpre-
tation suggested that this structure might corre-
spond to row-sown plants. However, quantita-
tive analysis confirmed that class 4 exhibited the
lowest NDVI values among all clusters. This in-
dicates that these bands represent bare inter-row
soil rather than vegetation, despite their regular
spacing resembling planted rows. The misin-
terpretation underscores the challenge of visu-
ally differentiating early-stage vegetation from
soil patterns in RGB and multispectral imagery
when spectral contrast is minimal.

The reconstructed ND VI maps generated based
on the assigned clusters exhibited high spatial uni-
formity. This consistency reflects the robustness of
the classification and the relatively low intra-class
variability of NDVI values, further supporting the
reliability of cluster-based aggregation. Due to
the visual similarity of the segmentation results
and the limited spatial differentiation, meaningful
quantitative interpretation became feasible only
after tabulating the output metrics. This enabled
objective comparison between the two classifica-
tion methods and highlighted subtle differences in
cluster behavior and spectral properties.

Despite accurately delineating soil struc-
tures, segmentation of the scene from the early
crop development stage revealed significant lim-
itations. A key constraint is the low radiomet-
ric contrast between emerging vegetation and
bare soil. During sparse canopy conditions, the
spectral signal in NDVI-related bands is often
dominated by soil reflectance, affecting the pre-
cise identification of vegetative areas. Moreover,
spatial heterogeneity in soil texture, the presence
of crop residues, and potential shadowing effects
may contribute to misclassification, especially

in unsupervised methods relying solely on pixel-
level spectral features.

From a practical standpoint, the results sug-
gest that the application of unsupervised seg-
mentation algorithms at very early phenological
stages (e.g., BBCH 29) provides limited diag-
nostic value for crop monitoring. Nonetheless,
even partial identification of potential vegetation
zones — such as indirect delineation of inter-row
structures — can offer a starting point for sub-
sequent temporal analyses. These results high-
light the potential for early anomaly detection,
particularly when segmentation is supported by
higher-resolution imagery, ground truth data, or
advanced algorithms capable of capturing subtle
spectral variations.

For the segmentation with two clusters, both
the K-means and GMM algorithms produced
nearly identical results (Table 3). Cluster 0 en-
compassed approximately 43% of the area with
an average NDVI of 0.23, while Cluster 1 cov-
ered around 57% of the area with a slightly high-
er NDVI of 0.28. The consistency in both area
proportion and NDVI values between the two
methods suggests a high degree of agreement in
class separation. These values reflect the clear di-
chotomy between lower- and higher-reflectance
regions, which is typical in scenes with dominant
soil background and limited vegetative cover.

In the five-cluster segmentation, more nu-
anced differences between clusters emerged, re-
vealing a slightly more complex spatial structure.
For K-means, Cluster 2 (27%) and Cluster 3 (27%)
constituted the majority of the area, both exhibit-
ing moderately elevated NDVI values (0.29 and
0.27, respectively), while Cluster 4 (11%) had
the lowest NDVI (0.21), potentially indicating

Table 3. Percentage shares of the area and the corresponding average NDVI values depending on the number of
clusters obtained by the K-means and GMM methods for the crop from 28 March

K-means

GMM

Cluster number Percentage [%] Average NDVI []

Cluster number Percentage [%] Average NDVI [-]

0 42.82 0.23 0 42.70 0.23
1 57.18 0.28 1 57.30 0.28
K-means GMM

Cluster number Percentage [%] Average NDVI []

Cluster number Percentage [%] Average NDVI [-]

0 20.01 0.23 0 19.51 0.23
1 14.64 0.27 1 16.84 0.27
2 27.10 0.29 2 25.05 0.29
3 26.85 0.27 3 25.04 0.27
4 11.39 0.21 4 13.55 0.21
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bare soil or non-vegetated areas. Similar trends
were observed in the GMM results, with Cluster
4 (14%) also showing the lowest NDVI and Clus-
ters 2 and 3 covering comparable spatial extents
(25.05% and 25.04%, respectively).

Overall, both algorithms demonstrated a
consistent ability to delineate areas with distinct
NDVI magnitudes, particularly in the five-cluster
configuration. The relatively small differences in
NDVI values and area proportions between cor-
responding clusters confirm the robustness of the
segmentation output across different clustering
methods. Notably, Cluster 4, which exhibited the
lowest NDVI values and a distinctive strip-like
spatial pattern, was initially interpreted as corre-
sponding to early-stage vegetation rows. However,
subsequent quantitative analysis revealed that this
class more likely represents bare inter-row soil.
This correction underscores the need for caution
when interpreting segmentation results at early
phenological stages, especially in the presence of
soil patterns that may mimic vegetative structures
in low-resolution or low-contrast imagery.

The analysis of the crop images from 28
March indicates that varying the number of clus-
ters between 2 and 16 did not significantly affect
the fit quality of the K-means and GMM models,
as measured by MAE, MSE, and R? metrics. All
MAE values hovered around 0.13, while the MSE
ranged approximately between 0.02 and 0.03. The
coefficient of determination R? remained low, not
exceeding 0.07, regardless of the number of clus-
ters. This suggests a limited ability of the models
to explain data variability, which may be due ei-
ther to inherent limitations of the methods in the
context of the analyzed crop or to the low spatial
complexity of the data.

An interesting observation concerns the com-
putation times. For the K-means method, the
analysis time increased with the number of clus-
ters — from 0.49 seconds for 2 clusters to 3.23
seconds for 16 clusters. Conversely, the GMM
model showed a general decreasing trend in
analysis time decreased as the number of clus-
ters increased, from 41.09 seconds with 2 clusters
to 30.30 seconds with 16 clusters. Importantly,
K-means was approximately ten times faster
than GMM for the size of the analyzed dataset.
It can be hypothesized that, with more clusters,
the Gaussian components in the GMM model are
more localized, which may reduce the number
of iterations needed for convergence, despite the
overall higher complexity compared to K-means.

Analysis of the crop with delineated plots

This section presents the segmentation analy-
sis of the crop imagery acquired on 22 May, focus-
ing on a field with clearly delineated experimental
plots of winter wheat surrounded by bare soil. The
same two unsupervised classification algorithms
used in the previous analysis — K-means and GMM
—were applied, with clustering scenarios of 2 and 5
clusters, to maintain consistency in evaluating seg-
mentation performance across different datasets.

The crop was at approximately BBCH 55
growth stage, representing a more advanced phe-
nological phase with well-developed vegetation
and clearer spectral contrast between vegetated
plots and bare soil. Reconstructed NDVI maps
based on the segmentation results were generated
for each clustering configuration to assess the
spatial accuracy of vegetation index representa-
tion relative to the original imagery.

This dataset offers a valuable opportunity to
evaluate the effectiveness of unsupervised clus-
tering methods in distinguishing vegetated areas
from bare soil under conditions of higher spectral
contrast. The segmentation results are presented in
Figure 11-14. A detailed quantitative assessment of
segmentation quality and NDVI reconstruction er-
ror is discussed in the following sections. Segmen-
tation results for the crop imagery acquired on 22
May demonstrate a pattern similar to that observed
for the 28 March dataset. The outcomes produced
by both K-means and GMM were highly consistent,
confirming the robustness of both unsupervised al-
gorithms across different phenological stages.

A key distinction, however, emerged regard-
ing the impact of cluster count. Even with only
two clusters, the segmentation successfully dif-
ferentiated the cultivated plots from the surround-
ing bare soil. However, this binary classification
did not allow for the identification of intra-plot
variability. In contrast, the five-cluster segmenta-
tion revealed more detailed spatial patterns, en-
abling the distinction of sub-areas with varying
vegetation conditions.

For instance, some experimental plots exhib-
ited patterns assigned to Cluster 0, corresponding
to regions with bare soil exposure due to reduced
plant density or poor emergence. Cluster 3 was as-
sociated with plots showing lighter green vegeta-
tion, potentially indicating localized growth stress
or nutrient deficiencies. Conversely, areas classi-
fied under Cluster 2 represented zones with healthy
and dense vegetation cover. Bare soil was mainly
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Figure 11. (a) Segmentation result using the K-means method and (b) reconstructed NDVI for 2 clusters
for the crop from 22 May
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Figure 12. (a) Segmentation result using the GMM method and (b) reconstructed NDVI for 2 clusters
for the crop from 22 May
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Figure 13. (a) Segmentation result using the K-means method and (b) reconstructed NDVI for 5 clusters
for the crop from 22 May

categorized as Clusters 1 and 4, where Cluster 1
typically corresponded to disturbed soil — possi-
bly caused by machinery passes or human activ-
ity — while Cluster 4 represented undisturbed soil
surfaces. These findings are reflected in the recon-
structed NDVI maps derived from the segmenta-
tion results. Areas of healthy vegetation showed
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high NDVI values of approximately 0.9, while
stressed vegetation zones exhibited moderate val-
ues around 0.6. Bare soil areas were characterized
by NDVI values near —0.2, confirming the spectral
distinction captured through clustering. In the two-
cluster configuration, both K-means and GMM
produced nearly identical outcomes (Table 4).
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Figure 14. (a) Segmentation result using the GMM method and (b) reconstructed NDVI for 5 clusters
for the crop from 22 May

Cluster 0, covering about 66% of the image, rep-
resented vegetated areas with an average NDVI
of 0.78. Cluster 1 covered the remaining 34% and
corresponded to bare soil, with an average NDVI
of —0.09. The minimal difference in area share and
NDVI values between the two algorithms high-
lights their consistent performance in distinguish-
ing between vegetative cover and non-vegetated
ground at a coarse level of segmentation.

In the five-cluster configuration, the segmen-
tation outputs revealed a more nuanced distribu-
tion of vegetation conditions. Clusters 2 and 3,
with NDVI values of approximately 0.84 and
0.79 respectively, occupied over 54% of the im-
age area and likely correspond to regions with
healthy and dense vegetation. Cluster 0 (around
13%) had an intermediate NDVI of 0.62-0.63,
potentially indicating stressed or sparse vegeta-
tion. Cluster 1 (13%) showed a low NDVI of
0.09, which may suggest soil with plant residues
or very early growth. Cluster 4, with the lowest

NDVI of —0.23 and covering nearly 20%, clearly
represents bare, undisturbed soil.

The consistency between the two algorithms
is again evident in the five-cluster results, with all
cluster percentages and mean NDVI values differ-
ing by no more than £1.2% or +0.01, reinforcing
the robustness of the segmentation methodology.

In the case of the crop analysis from 22 May,
changing the number of clusters from 2 to 16
did not significantly affect the fitting quality of
the K-means and GMM models, as evaluated by
MAE, MSE, and the coefficient of determination
R?. The MAE values ranged from 0.11 to 0.15,
while MSE fluctuated between 0.03 and 0.05. The
R? coefficient remained high, from 0.78 to 0.86,
indicating a good ability of both models to ex-
plain data variability in this case. The high R? val-
ues may result from the distinct spatial structure
of the experimental plots and greater heterogene-
ity of vegetation, which facilitates segmentation
and classification based on vegetation indices.

Table 4. Percentage shares of the area and the corresponding average NDVI values depending on the number of
clusters obtained by the K-means and GMM methods for the crop from 22 May

K-means

GMM

Cluster number Percentage [%] Average NDVI [-]

Cluster number Percentage [%] Average NDVI [-]

0 66.01 0.78 0 65.81 0.78
1 33.99 -0.09 1 34.19 -0.09
K-means GMM

Cluster number Percentage [%] Average NDVI [-]

Cluster number Percentage [%] Average NDVI [-]

0 12.73 0.62 0 13.93 0.63
1 13.12 0.09 1 13.11 0.09
2 23.32 0.84 2 23.18 0.84
3 31.05 0.79 3 30.02 0.79
4 19.78 -0.23 4 19.76 -0.23
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Figure 15. Example error map for the K-means method with 5 clusters for the crop from: (a) 28 March
and (b) 22 May

Regarding computational time, for the K-means
method, a systematic increase was observed as the
number of clusters grew — from 0.36 s for 2 clusters
to 1.78 s for 16 clusters. Conversely, the GMM al-
gorithm’s runtime was more variable, ranging from
18.46 to 30.90 seconds, without a clear trend. This
variability may stem from differing numbers of it-
erations required for model convergence at various
cluster counts, as well as the influence of param-
eter initialization on the training process. Nonethe-
less, K-means proved to be significantly faster than
GMM for the analyzed dataset.

Comparing results between the two mea-
surement dates reveals notable differences in al-
gorithm behavior. At the early growth stage (28
March), K-means was nearly ten times faster
than GMM, but both models exhibited low seg-
mentation accuracy, likely due to weak spectral
separability and low vegetation cover. In contrast,
for the later growth stage (22 May), both models
achieved high segmentation accuracy. K-means
remained the faster method, possibly due to the
more distinct data structure and stronger cluster-
ing tendencies in the NDVI values, which facili-
tated more efficient grouping.

It is also worth emphasizing that classifica-
tion stability, measured by the repeatability of al-
gorithm results across multiple runs, remains an
important practical factor, especially in precision
agriculture applications. Future studies should
include multiple algorithm runs and stability as-
sessments to fully evaluate the practical appli-
cability of these methods. Exemplary absolute
error maps for the K-means algorithm with five
clusters, applied to the imagery from 28 March
and 22 May, are presented in Figure 15. In the 28
March image, the error values are distributed in a
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relatively uniform and random pattern across the
scene. In small pixel clusters — likely representing
sparse vegetation or soil heterogeneity — the abso-
lute error reached up to 0.35 (normalized units),
while the remaining areas showed near-zero error,
indicating effective pixel grouping.

In contrast, the 22 May image reveals in-
creased error values along the boundaries of the
experimental plots, where the absolute error lo-
cally approached 1.0. This increase is attributed
to the presence of gradual transitions between ad-
jacent plots with differing vegetation properties,
which pose a challenge for algorithms relying on
discrete classification boundaries.

Nevertheless, within the core areas of the
plots, the number of pixels exhibiting significant
error values (above 0.3) remained relatively low.
This observation supports the overall accuracy
and robustness of the K-means segmentation in
distinguishing management zones under condi-
tions of advanced crop development.

CONCLUSIONS

The article presents a comparison of two
popular unsupervised segmentation algorithms
(K-means and GMM) in the context of analyzing
multispectral drone data acquired over a winter
wheat crop. The aim of the study is to evaluate the
effectiveness of both methods in spatial differen-
tiation of crop condition. The study showed that
the performance and efficiency of the K-means
and GMM algorithms are highly dependent on
the characteristics of the analyzed data, which
vary with the crop’s phenological stage. In the
early growth stage (28 March), when the spectral
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contrast between vegetation and soil was low, both
algorithms demonstrated limited ability to explain
data variability (R?><0.07). Under these conditions,
the K-means algorithm was nearly ten times faster
than GMM. However, segmentation at this stage
has limited diagnostic value for crop monitoring.

Unsupervised segmentation at early crop stages
was shown to have limited diagnostic value due to
low spectral contrast, whereas at later stages both
algorithms reliably captured spatial variability.
Although additional temporal acquisitions could
enhance early stress detection, the present com-
parison across across varying conditions provides
a clear framework for assessing the practical appli-
cability of K-means and GMM in UAV-based crop
monitoring. In the later growth stage (22 May),
with a well-defined spatial structure of field plots
and high vegetation heterogeneity, both models
achieved high goodness-of-fit (R? ranging from
0.78 to 0.86). Notably, the K-means algorithm re-
mained significantly faster than GMM, confirming
its computational advantage across both datasets.
The choice of the optimal segmentation algorithm
should take into account both the characteristics of
the input data and the computational time require-
ments. From a practical perspective, differences in
processing time are substantial. The consistently
shorter runtime of K-means may be critical when
working with large volumes of drone imagery or
in time-sensitive applications. While GMM gener-
ally required more time, both algorithms achieved
high segmentation accuracy during complex crop
stages, such as in May, suggesting their suitabil-
ity depends more on runtime constraints than on
output quality. Therefore, the choice of algorithm
should be guided primarily by processing efficien-
cy, as both methods yielded comparable segmenta-
tion accuracy in the analyzed datasets.

Unsupervised segmentation can be used for
the classification of agricultural areas and for
monitoring vegetation changes, such as crop
growth or stress response. The results of the
analysis can serve as a foundation for developing
automated tools to support agronomic decision-
making, particularly in the context of precise and
sustainable resource management.
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