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Abstract

Remote sensing has become an important tool for crop monitoring and precision agri-
culture, yet its applications in sugar beet production remain fragmented across sensing
platforms, target traits and modelling strategies. This review synthesises the development,
current applications and future directions of remote sensing in sugar beet production, with
particular attention to the transition from crop monitoring to precision management. A
structured search was conducted in Scopus and the Web of Science Core Collection for
publications from 2003 to 2025, and 181 relevant peer-reviewed articles were retained
for thematic analysis. The literature shows a clear increase in sugar beet remote sensing
studies, particularly after 2015, coinciding with the availability of Sentinel-2 imagery and,
from 2016 onwards, the growing use of unmanned aerial vehicle-based sensing. It also
indicates a gradual shift from crop mapping and canopy monitoring towards disease de-
tection, weed mapping, yield prediction and management-oriented applications. Current
studies demonstrate the value of satellite, unmanned aerial vehicle and proximal sensing
for retrieving canopy traits, assessing biotic stresses, estimating root yield and supporting
field-scale management. However, sugar beet presents specific challenges because its eco-
nomic value depends not only on canopy development or root biomass, but also on sucrose
concentration, recoverable sugar yield, and processing quality. These quality-related traits
remain less studied and are difficult to infer directly from canopy observations. Modelling
approaches have evolved from vegetation-index-based empirical models towards machine
learning, deep learning, multi-temporal analysis, data fusion and crop model assimila-
tion, but issues of model transferability, ground-truth availability and operational decision
support remain unresolved. Future research should strengthen multi-source observations,
external validation, quality-oriented prediction and decision-support workflows to pro-
mote robust, scalable and economically meaningful remote sensing applications in sugar
beet production.

Keywords: unmanned aerial vehicles; vegetation indices; crop phenotyping; machine
learning; data fusion; yield prediction

1. Introduction

Sugar beet (Beta vulgaris L.) is one of the most important industrial crops in temperate
agricultural systems and represents the second major source of sugar worldwide after
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sugarcane [1-3]. Owing to its broad ecological adaptability, sugar beet can be cultivated
under diverse climatic and soil conditions, including regions affected by salinity, alkalinity
and other environmental constraints [4-7]. In addition to sugar production, sugar beet
contributes to circular and sustainable agricultural systems through the utilisation of by-
products such as beet pulp for animal feed, bioenergy production and organic fertiliser
generation [8,9]. These agronomic and industrial functions make sugar beet a strategically
important crop for food security, bio-based economies and sustainable land management.

Unlike many grain crops, the economic value of sugar beet is not determined solely
by above-ground growth or root yield, but by the combined effects of root biomass, sucrose
concentration, recoverable sugar yield and processing quality [10]. These production
outcomes are strongly influenced by genotype, environment and management interactions,
including nitrogen supply, water availability, disease pressure, weed competition and
harvest timing [11,12]. Excessive vegetative growth does not necessarily translate into
higher sugar yield, and canopy vigour may become partially decoupled from below-ground
root development and sugar accumulation during later growth stages [13]. Therefore,
effective sugar beet management requires monitoring systems that can capture both crop
growth status and management-relevant indicators associated with yield formation, stress
development and sugar accumulation.

Conventional field scouting, destructive sampling and laboratory measurements pro-
vide valuable information on crop status and quality, but they are labour-intensive, spatially
limited and often unable to capture within-field heterogeneity in a timely manner [14,15].
These limitations are particularly important in modern sugar beet production, where
mechanisation, variable soil conditions, uneven crop emergence, disease outbreaks and
site-specific nutrient and water requirements create strong spatial variability [14,16]. Non-
destructive, high-frequency and spatially explicit monitoring approaches are therefore
needed to support precision management decisions.

Remote sensing (RS) has become a key enabling technology for crop monitoring and
precision agriculture because it provides repeated, non-contact and spatially explicit ob-
servations of crop conditions across multiple spatial and temporal scales [17,18]. In major
field crops such as wheat, maize, rice and cotton, satellite, unmanned aerial vehicle (UAV)
and proximal sensing technologies have been widely used to monitor canopy development,
retrieve biophysical and biochemical traits, detect stress and support yield prediction and
site-specific management [19-23]. These studies demonstrate the broader value of RS
for transforming crop observation from manual, plot-based assessment into scalable and
data-driven monitoring systems [24,25]. Compared with these major crops, RS applica-
tions in sugar beet remain more fragmented, but they have gained increasing attention
in recent years [26]. This trend has been driven by the wider availability of open-access
satellite imagery, the rapid development of UAV platforms, advances in multispectral and
hyperspectral sensing, and the increasing use of machine learning (ML), deep learning
(DL) and multi-source data integration [27-30]. These technologies provide new oppor-
tunities to monitor sugar beet growth, diagnose limiting factors and support production
management [31].

Despite the growing interest in sugar beet and RS, the existing literature remains
fragmented across sensing platforms, spatial scales, target variables and analytical methods.
Considerable progress has been made in canopy growth monitoring, biophysical trait
retrieval, biotic stress detection and root yield prediction. However, many studies are still
based on local experiments, single-season datasets, or specific cultivars, which limits model
transferability across regions, environments and management systems [32-34]. In addition,
quality-related traits, including sugar content, recoverable sugar yield and processing-
related parameters, remain less studied than canopy traits and root yield, despite their
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direct relevance to the economic value of sugar beet [35,36]. The operational use of RS
products is also constrained by cloud cover, scale mismatch, limited ground-truth data,
complex data-processing requirements and insufficient integration with decision-support
systems [15,37-39].

Accordingly, this review examines RS applications in sugar beet production from the
perspective of their transition from crop monitoring to precision management. Specifically,
it aims to: (1) characterise the publication patterns and temporal evolution of RS platforms
and application domains in sugar beet studies; (2) synthesise current applications in crop
growth monitoring and trait retrieval, biotic stress detection, yield and quality prediction,
and precision management; (3) evaluate modelling strategies, including vegetation index
(VI) methods, ML, DL, multi-temporal analysis, data fusion and crop model assimilation;
and (4) identify limitations and future research priorities, particularly multi-source data
integration, model transferability, quality-oriented prediction and decision-support de-
velopment. By linking RS technologies with agronomic management needs, this review
seeks to clarify how RS can support sustainable, efficient and quality-oriented sugar beet
production.

Although this review is centred on sugar beet, the challenges and methodological
pathways discussed here have broader relevance for agricultural RS. The integration of
multi-platform observations, data-driven modelling, crop-specific quality indicators, and
decision-support frameworks may provide useful references for other crops where RS is
expected to move beyond crop monitoring towards precision management.

2. Review Methodology and Literature Selection

A structured literature search was conducted to identify studies related to RS applica-
tions in sugar beet production. The search was performed in the Scopus and Web of Science
Core Collection (WoSCC) databases, which were selected because of their broad coverage
of peer-reviewed literature in remote sensing, agronomy, precision agriculture and crop
science [40,41]. The search covered publications published between 2003 and 2025 and was
conducted on 17 December 2025. Only peer-reviewed articles and reviews published in
English were considered eligible for inclusion. The search terms were designed to capture
studies related to sugar beet and RS, including satellite, UAV, proximal sensing and related
monitoring approaches. The database-specific search queries are listed in Table 1.

Table 1. Databases and queries used to define the scope of this review.

Database

Website Query

Scopus

TITLE-ABS-KEY (“sugar beet” OR
“sugarbeet” OR “sugar-beet” OR “Beta
vulgaris”) AND TITLE-ABS-KEY (“remote
sensing” OR “satellite imagery” OR “UAV”
OR “unmanned aerial vehicle” OR
“hyperspectral” OR “multispectral” OR
“thermal imaging” OR “proximal sensing”)
AND (LIMIT-TO (DOCTYPE, “ar”) OR
LIMIT-TO (DOCTYPE, “re”))

https:/ /www.scopus.com /home.uri
(accessed on 17 December 2025)

Web of Science Core
Collection

TS = (“sugar beet” OR “sugarbeet” OR
“sugar-beet” OR “Beta vulgaris”) AND TS =
(“remote sensing” OR “satellite imagery” OR

“UAV” OR “unmanned aerial vehicle” OR
“hyperspectral” OR “multispectral” OR
“thermal imaging” OR “proximal sensing”)
AND DT = (Article OR Review)

https:/ /www.webofscience.com
(accessed on 17 December 2025)
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We used a Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA)-style flow diagram to track the process of identifying and selecting relevant
papers for this study (Figure 1) [42]. The initial search yielded a total of 360 English-
language publications (124 from Scopus and 236 from WoSCC), from which 100 duplicates
were removed. Then we screened each publication based on title, abstract and keywords
to determine whether it was relevant to RS applications in sugar beet production. We
considered publications eligible when they addressed at least one of the following topics:
crop growth monitoring, biophysical or biochemical trait retrieval, stress detection, disease
or weed mapping, yield prediction, sugar-related quality assessment, crop classification,
precision management, or sensor-based monitoring in sugar beet. A total of 181 relevant
peer-reviewed articles were retained for detailed assessment and thematic synthesis.

Publications selected through two
databases searching (N=260)

Publications excluded

Publications after screening (N=232) [«————— due to not focusing on

sugar beet (N=28)

Publications assessed for eligibility
(N=204)

1

Publications included in this review
(N=181)

Identification

Screening

Publications excluded
«——  excluded from main
synthesis (N=23)

Eligibility

Figure 1. PRISMA-style flow diagram of literature identification, screening and inclusion. N refers to
the number of publications.

Rather than conducting a purely bibliometric analysis, this review adopts a critical
and application-oriented synthesis [43]. The retained literature was classified according
to publication year, sensing platform, application domain, target variable, modelling
strategy, and relevance to precision management. Particular attention was given to studies
that provided direct evidence for sugar beet RS applications, methodological innovation,
agronomic relevance or insights into operational feasibility. This classification formed
the basis for analysing publication patterns, temporal evolution, application domains,
modelling strategies and future research priorities in the following sections.

Where available, quantitative performance measures were extracted from represen-
tative studies to support the critical synthesis. For continuous-variable estimation, the
principal metrics included the coefficient of determination (R?), root mean square error
(RMSE), normalised root mean square error (NRMSE), relative RMSE (rRMSE) and mean
absolute error (MAE). Classification performance was summarised using overall accuracy,
precision, recall, F1-score, the area under the receiver operating characteristic curve (AUC)
or Cohen’s kappa coefficient, whereas intersection over union (IoU), Dice coefficient and
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IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing

Journal

Transactions of the Chinese Society for Agricultural Machinery

International Journal of Applied Earth Observation and Geoinformation

Remote Sensing Applications: Society and Environment

Journal of the Indian Society of Remote Sensing

Egyptian Journal of Remote Sensing and Space Science

mean average precision (mAP) were considered for segmentation and object-detection tasks.
Management-oriented outcomes, such as potential input savings or improvements in opera-
tional efficiency, were also recorded where reported. Because the reviewed studies differed
substantially in their target variables, experimental settings, spatial units and validation
procedures, the reported values were compared only within broadly comparable appli-
cation categories, and no pooled meta-analysis was performed. Particular attention was
given to whether performance was evaluated using internal data splitting or independent
validation across years, locations or cultivars.

3. Research Progress and Evolution of RS Applications
3.1. Overall Publication Pattern: Journals and Geographic Distribution

The retained literature was published across a wide range of journals, indicating that
RS applications in sugar beet production have developed as an interdisciplinary research
topic. As shown in Figure 2, Remote Sensing published the largest number of relevant studies
(15), followed by Remote Sensing of Environment (13). Agricultural and application-oriented
journals, including Computers and Electronics in Agriculture (6), Zuckerindustrie (6), Agricul-
tural Water Management (5) and Precision Agriculture (5), also contributed substantially. This
distribution suggests that sugar beet RS is shaped not only by advances in Earth observa-
tion and image analysis, but also by agronomic, plant-health and precision-management
requirements [26,31,44].

Remote Sensing 15
Remote Sensing of Environment 13
Computers and Electronics in Agriculture 6
Zuckerindustrie 6
Agricultural Water Management 5
Precision Agriculture 5
Plant Disease 4
Plant Methods 4
Italian Journal of Agronomy
Smart Agricultural Technology
Plant Phenomics
Phytopathology
Journal of Applied Remote Sensing
International Journal of Remote Sensing

Agronomy Journal
Agricultural and Forest Meteorology

WW W W W W W W W

Sugar Tech
PLoS ONE

Nematology
Listy Cukrovarnicke a Reparske

Journal of Plant Diseases and Protection
Agriculture, Ecosystems and Environment
IEEE Geoscience and Remote Sensing Letters
Field Crops Research

European Journal of Agronomy

Biosystems Engineering
Artificial Intelligence in Agriculture
Applied Sciences
Agriculture
Others (60) 1

SR S N N S R N N N N N S S A NN

0 2 4 6 8 10 12 14 16 18
Number of publications

Figure 2. Publication distribution across different journals. The vertical axis represents journal titles,
while the horizontal axis indicates the number of publications. “Others” refers to 60 journals that
published only one article during the period.

The geographic distribution of publications shows a clear concentration in major
sugar beet-producing and RS research regions (Figure 3). Germany is the most prominent
contributor, with 51 relevant papers published. China (23), the United States of America
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(21), Spain (9) and Italy (8) also account for a considerable share of the literature. Germany’s
leading contribution may reflect the combination of a substantial sugar beet production base,
a well-established sugar industry and long-term research capacity in sugar beet agronomy,
breeding, plant protection and digital agriculture [3,45]. In particular, German research
groups have made sustained contributions to spectral phenotyping, disease assessment,
UAV-based monitoring and crop-weed discrimination in sugar beet [46-50]. These research
strengths have created favourable conditions for developing and testing RS approaches
under production-oriented field conditions. Nevertheless, because the country classification
in Figure 3 is based on the affiliation of the first author, it represents the geographic
distribution of publication output rather than the location of field experiments, the extent
of national sugar beet production, or overall research capacity. The concentration of studies
in a limited number of countries also suggests that many existing models and applications
may be influenced by specific climatic, varietal and management conditions [51,52].

Figure 3. Regional distribution of the analysed publications by country, based on the affiliation of the
first author.

Overall, the journal and geographic distributions show that sugar beet RS has become
a multidisciplinary but regionally concentrated research field. RS journals provide the main
methodological foundation, whereas agricultural and crop-specific journals strengthen the
connection between sensing technologies and production-management problems.
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3.2. Temporal Evolution of Platforms and Applications

Figure 4 illustrates the annual evolution of RS studies in sugar beet production from
2003 to 2025. The publication trend shows a clear increase over time, although annual
fluctuations are evident. During 2003—2014, the number of publications remained relatively
low and unstable, generally ranging from one to seven papers per year. Research in this
early period mainly focused on crop mapping, growth monitoring, abiotic stress assessment
and general methodological exploration [53-56]. Satellite and proximal sensing were the
dominant data sources, while UAV-based studies were rare [46,55].

20

@
=

Number of publications
S

»n\
5
g
o s
$ ‘J © Q0 & 9 Q N W3 5 > ) o A G Gl
S FF T FIIIITITXNRXR DD
S S S S
Year
Applications Platforms
3 Crop mapping [ Abiotic stress [ Yield or quality prediction [—] General methods =~ —O— Satellite —O- UAV --A-- Proximal sensing

[ Growth monitoring EEH Biotic stress [ Precision management

Figure 4. Annual evolution of RS studies in sugar beet production from 2003 to 2025. Stacked bars
indicate the number of publications by primary application domain, while line plots indicate the
number of publications using different sensing platforms. Platform categories are not mutually
exclusive because one study may involve multiple sensing platforms.

A noticeable expansion occurred after 2015. The annual number of publications in-
creased from 4 in 2015 to 7 in 2016, 9 in 2017 and 14 in 2018, indicating that sugar beet RS
entered a more active development phase. This expansion coincided with the availabil-
ity of Sentinel-2 imagery, whose spatial resolution, red-edge bands and repeat coverage
strengthened the potential for crop monitoring at field to regional scales [28]. Although
the publication pattern alone cannot demonstrate a causal relationship, satellite-related
studies increased notably between 2015 and 2019, suggesting that Sentinel-2 contributed
to the expansion of sugar beet RS research during this period. In contrast, UAV-related
studies showed an initial increase from 2016 to 2018 and a more pronounced rise from 2022
onwards, rather than continuous growth throughout 2015-2019. These differing trajectories
reflect the complementary roles of the platforms: satellite observations supported repeated
and broader-scale monitoring, whereas UAV systems increasingly enabled high-resolution
assessments of within-field variability, disease symptoms and weed patches [57].

From 2020 onwards, the literature shows a more diversified application pattern. Al-
though annual publication numbers fluctuated, they remained at a relatively high level,
reaching 15 in 2020, 17 in 2021, 15 in 2023, 16 in 2024 and 18 in 2025. During this pe-
riod, studies related to biotic stress, yield or quality prediction and precision management
became more visible, while crop mapping and growth monitoring remained important
components of the field [44,47,58-60]. This pattern suggests that sugar beet RS has not
moved away from crop monitoring, but has gradually expanded towards more diagnostic
and management-oriented applications. At the platform level, satellite data continued to
provide important information for regional monitoring and temporal assessment, whereas
UAV-based studies showed a renewed and marked increase from 2022 onwards, reinforcing
the role of high-resolution field-scale observation [58,60]. Proximal sensing maintained
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a smaller but stable role, mainly contributing to spectral measurements, physiological
interpretation and model calibration [29,61].

Taken together, these temporal patterns provide a basis for distinguishing different
stages in the development of sugar beet RS: an early exploratory stage before 2015; an
expansion stage from 2015 to 2019 marked by increased satellite-based research following
the availability of Sentinel-2 imagery and the initial uptake of UAV sensing; and a more
integrated stage from 2020 to 2025, in which multi-platform observations and management-
oriented applications increasingly converged.

The platform-level trends shown in Figure 4 can be further interpreted in the context
of the complementary characteristics of different sensing systems. As summarised in
Table 2, satellite provides the broadest spatial coverage and the strongest temporal continu-
ity, making it particularly suitable for crop mapping, phenological monitoring, drought
assessment and regional yield forecasting [16,28,62]. However, medium-resolution imagery
may not resolve fine within-field variation, and the availability of optical observations
remains sensitive to cloud cover [63]. UAV platforms provide centimetre-level spatial
detail and flexible acquisition timing, and are therefore particularly valuable for assessing
canopy heterogeneity, nutrient status, disease symptoms and weed distribution at field
scale [32,44,64,65]. Proximal sensing offers the highest degree of measurement control and
physiological specificity, but its limited spatial coverage and labour requirements constrain
its scalability [24].

Table 2. Evidence-based comparison matrix of satellite, UAV and proximal sensing platforms for

sugar beet applications.

Co.mparl.son Satellite UAV Proximal Sensing
Dimension
Landsat, Sentinel-1/2, Spectrometers, active
RapidEye, SPOT, MODIS, RGB, multispectral, optical sensors,
Representative sensors QuickBird, GeoEye, hyperspectral or thermal fluorescence sensors and
WorldView and cameras close-range imaging
NOAA-AVHRR systems

Spatial detail

Metre- to tens-of-metres
spatial resolution used in
sugar beet studies; sub-metre
commercial imagery is also
available

Centimetre-level ground
sampling distance

Point-, leaf-, plant-, row- or
small-plot-level
measurements

Temporal detail

Fixed revisit schedules and
strong seasonal or long-term
continuity; optical
observations may be
interrupted by cloud cover,
whereas SAR is less affected

User-scheduled acquisition
at selected crop stages,
subject to weather, flight
regulations and
operational availability

On-demand acquisition for
handheld or mobile
sensors; fixed systems may
provide high-frequency or
continuous observations

Coverage scale

Field to regional, national or
continental scales

Experimental plot to
commercial field scale

Individual leaf or plant to
row and small-plot scale

Deployment control

Low user control over
acquisition timing and
viewing conditions

High control over flight
timing, altitude, overlap
and sensor configuration

High control over
measurement timing and
sampling design

Cost profile

Low image-acquisition cost for
open-access satellite data;
high-resolution commercial
data may be costly

Moderate to high
operational cost because of
equipment, trained
personnel, flight planning
and data processing

Equipment costs vary, but
labour cost per unit area is
generally high because of
limited coverage and
repeated field sampling
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Table 2. Cont.
Co.mparl.son Satellite UAV Proximal Sensing
Dimension
High data-volume and Usually lower image
Moderate processing demand, processing demand, volume, but substantial
. including atmospheric including image calibration, sampling,
Processing and . . I Ao .
. correction, cloud screening, calibration, mosaicking, quality-control and
operational demand . . . .
time-series harmonisation and georeferencing, measurement-
mixed-pixel management reconstruction and model  standardisation effort may
inference be required
Optical cloud contamination, =~ Limited spatial coverage, . .
. . o Labour-intensive
mixed pixels and limited weather and regulatory L o .
e s . . . acquisition, limited spatial
Main limitations ability to resolve fine constraints, short flight .
e L . . . representativeness and low
within-field variation using duration and high scalabilit
medium-resolution imagery processing demand y

The entries describe typical characteristics of the platform configurations most commonly represented in the
reviewed sugar beet literature rather than universal specifications. Actual spatial detail, acquisition frequency,
cost and operational requirements vary with sensor type, platform configuration, study area and data-processing
workflow. UAV—unmanned aerial vehicle, RGB—red-green-blue, MODIS—Moderate Resolution Imaging
Spectroradiometer, NOAA-AVHRR—National Oceanic and Atmospheric Administration Advanced Very High-
Resolution Radiometer, SAR—synthetic aperture radar.

These differences indicate that the development of sugar beet RS should not be viewed
as a replacement of one platform by another, but rather as the emergence of complemen-
tary multi-scale observation systems [66,67]. Satellite observations are most effective for
regional surveillance and temporal continuity; UAV observations are most valuable for
precision intervention at field scale; and proximal sensing provides the mechanistic support
needed for reliable model development. This complementarity helps explain the temporal
evolution observed in Figure 4 and provides the technical basis for the application pathway
discussed in the following sections, from crop growth monitoring and biotic stress detection
to yield and quality prediction and precision management.

In summary, the selection of RS platforms and sensors for sugar beet cultivation
depends on the scale of application, the specific parameters to be monitored, the required
spatial and temporal resolution and the resources available. Satellite platforms are well
suited to regional monitoring and large-scale mapping, whereas UAVs excel at detailed
field assessments and targeted data acquisition. Proximal sensing systems provide valuable
high-resolution measurements and validation data under controlled conditions. Increasing
attention is being given to the integration of data from multiple platforms and sensors in
order to exploit the strengths of each system.

4. RS Applications in Sugar Beet Production
4.1. Sugar Beet Growth Monitoring and Trait Retrieval

Crop growth monitoring and trait retrieval provide the physiological foundation for
most RS applications in sugar beet [54]. However, the reviewed literature also indicates
that canopy-related variables should be interpreted as intermediate indicators rather than
as direct proxies for root yield, sucrose concentration, or processing quality. Early canopy
expansion is strongly associated with radiation interception, biomass accumulation and
crop establishment, whereas root growth and sugar accumulation become increasingly
important later in the growing season [13,68-72]. Consequently, the suitability of a sensing
approach depends on the target trait and growth stage.

Leaf area index (LAI), canopy cover, plant density and above-ground biomass
(AGB) are the most widely investigated structural variables. Early optical studies estab-
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lished the feasibility of retrieving LAI from spectral information and empirical regression
models [54,68,73]. More recent studies indicate that UAV imagery has substantially im-
proved the spatial characterisation of within-field canopy heterogeneity by providing
centimetre-scale observations of canopy cover, crop rows and individual plants [70,74]. In
particular, UAV red-green-blue (RGB) and multispectral imagery are well suited to moni-
toring emergence, stand establishment, canopy closure and localised growth variation [75].
Spectral indices, including the normalised difference vegetation index (NDVI) and wide
dynamic range vegetation index (WDRVI), are useful for rapid crop-vigour assessment,
whereas canopy height and three-dimensional descriptors derived from photogrammetry
can add structural information that is not available from spectral indices alone [70,76].

Across the reviewed studies, simple spectral-index approaches appear most useful
when the target variable is closely linked to canopy cover or greenness and when mea-
surements are obtained within a relatively narrow range of growth stages [54,70,73]. Their
advantages are low computational demand, straightforward interpretation and practical
suitability for repeated field monitoring. However, their limitations are equally consistent
across studies: exposed soil can dominate the signal during early growth, while index satu-
ration may reduce sensitivity under dense canopies [69]. Therefore, VIs should be treated
primarily as input features or indicators of crop status rather than as universally transferable
prediction methods. Comparisons between VI-based methods and radiative-transfer-model
inversion further suggest that physically informed approaches may improve both retrieval
accuracy and the physical interpretability of canopy traits, particularly LAI, chlorophyll
and nitrogen-related variables, although they require more detailed parameterisation and
high-quality field measurements [72]. Jiang et al. [74] reported substantial variation among
VI-threshold combinations, with performance ranging from R? = 0.34 and NRMSE = 42.3%
to R? = 0.96 and NRMSE = 5.1%. This within-study range indicates that image-processing
and threshold-selection procedures can be as influential as the sensing platform itself.
Similarly, UAV models developed by Cao et al. [70] using the WDRVI achieved R? values
of 0.950-0.963 for LAI and fresh-biomass-related traits. Nevertheless, strong performance
within an individual experiment does not necessarily indicate that a model will transfer
reliably across years, cultivars or contrasting field-management conditions.

Chlorophyll content (CC), Soil-Plant Analysis Development (SPAD) values and
nitrogen-related traits represent a second major research direction. The strongest evidence
for these variables comes from multispectral, hyperspectral and proximal sensing studies
that exploit visible, near-infrared and red-edge information [29,69,77-79]. Red-edge and
narrowband hyperspectral features are generally more sensitive than broad-band greenness
indices when estimating chlorophyll- and nitrogen-related traits because they are more
closely associated with pigment absorption and canopy biochemical variation [80-82]. UAV
multispectral platforms offer an operational compromise between measurement detail and
field coverage, whereas proximal hyperspectral sensing remains particularly valuable for
calibration, physiological interpretation and the development of reference models [19,22].
Nevertheless, the reviewed evidence does not support a single best sensor for nitrogen
monitoring. Multispectral UAV data are more practical for field-scale mapping, while hy-
perspectral and proximal observations are more appropriate when the objective is precise
biochemical characterisation or the identification of informative spectral features [77,78].

Water-status assessment has followed a similar pattern. Thermal imagery, canopy
temperature, hyperspectral water-sensitive features and solar-induced chlorophyll fluo-
rescence can reveal crop responses to water limitation [83-87]. Thermal approaches are
particularly relevant because canopy temperature integrates transpiration-related responses
and can identify spatial variation in crop water stress. However, their interpretation is
highly sensitive to weather conditions, solar radiation, wind, acquisition time, soil back-
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ground and canopy structure [88,89]. The reviewed studies therefore suggest that thermal
imagery is more reliable for identifying relative differences in water status within a field
than for providing a universal irrigation threshold without local calibration. Integrating
canopy-temperature information with soil moisture, weather conditions and crop growth
stage is more likely to produce agronomically meaningful irrigation guidance than using
temperature-derived indicators alone [89,90].

Overall, the evidence indicates that satellite data are most useful for repeated regional-
scale monitoring and seasonal context, UAV imagery is most effective for resolving field-
scale canopy variability, and proximal or hyperspectral sensing provides the strongest
physiological interpretation. A major limitation is that most growth-monitoring studies
focus on canopy traits during early or mid-season stages and use local datasets. Future
studies should test whether structural and biochemical indicators remain informative across
years, cultivars, nitrogen regimes and water conditions. More importantly, canopy traits
should be explicitly linked with root development, sucrose accumulation and processing
quality rather than being assumed to represent final economic performance.

4.2. Biotic Stress Detection: Diseases and Weeds

Biotic stress detection is one of the most active application domains in the reviewed
sugar beet RS literature. This emphasis reflects the importance of disease and weed
pressure for sugar beet production, but it also reveals that the current evidence base
is heavily weighted towards image-based diagnosis rather than validated management
outcomes. RS can identify spatial variation in canopy colour, pigment content, texture,
temperature and structure, thereby supporting earlier detection of abnormal crop condi-
tions than conventional visual assessment alone [48,91,92]. However, the ability to distin-
guish a specific disease from non-specific canopy decline remains a central scientific and
practical challenge.

Cercospora leaf spot (CLS) is by far the most extensively investigated disease. This
concentration is understandable because CLS causes visible leaf lesions, chlorophyll degra-
dation and reductions in photosynthetically active canopy area, all of which can be cap-
tured by optical sensing [49,50,93,94]. The reviewed studies show a clear progression from
close-range spectral phenotyping to UAV-based field-scale mapping and, more recently,
to deep-learning-based disease-incidence and severity assessment. Hyperspectral and
close-range systems provide the strongest spectral specificity and are particularly useful for
breeding trials, detailed phenotyping and pathogen-related physiological research [46,95].
In contrast, UAV RGB and multispectral imagery provide greater spatial coverage and
are more suitable for mapping disease incidence or severity across commercial fields [94].
The comparison of ground-based and UAV phenotyping systems also demonstrates that
higher spatial resolution is not always sufficient by itself; the appropriate platform de-
pends on whether the objective is detailed disease scoring for breeding or operational field
surveillance [47].

Recent studies using three-dimensional information, thermal imaging, vision trans-
formers and multi-sensor approaches indicate that disease assessment is moving beyond
simple canopy greenness metrics [65,96-98]. These developments are important because
disease symptoms influence both spectral and structural crop characteristics. Reported
performance depended strongly on sensing scale and validation design. Under controlled
or proximal hyperspectral conditions, disease-identification accuracies and F1-scores of
approximately 99-100% have been reported, together with an IoU of 0.94 for severity
quantification [96]. By contrast, an independent-year UAV evaluation of virus-yellows
incidence across cultivars not used for model training produced an RMSE of 11.45% [99].
These values are not directly comparable because one study addressed classification and
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severity quantification under relatively controlled conditions, whereas the other evaluated
continuous disease incidence under an external temporal and varietal setting. The latter
result is numerically less striking but provides stronger evidence of field-level generalisa-
tion. Consequently, exceptionally high within-dataset accuracy should not be interpreted
as evidence of operational disease diagnosis without independent temporal, spatial and
varietal validation.

The literature on other diseases and pests is more fragmented. Hyperspectral and
fluorescence-based approaches have been used to investigate rhizomania, beet cyst ne-
matode infestation, Rhizoctonia-related symptoms and other disease responses [100,101].
These studies demonstrate that canopy and leaf-level sensing can detect physiological
stress responses associated with below-ground problems. Nevertheless, below-ground
diseases remain intrinsically difficult to diagnose because observable canopy symptoms
are indirect and may emerge only after substantial crop damage has occurred. Similar
limitations apply when disease symptoms overlap with nutrient deficiency, drought stress,
senescence, pest injury or varietal differences [95,102,103]. Multi-temporal observations
and independent field validation are therefore essential for distinguishing disease-specific
signals from general reductions in crop vigour.

Weed mapping represents a more direct route from image interpretation to manage-
ment. Sugar beet is particularly sensitive to weed competition during early growth, when
crop rows remain visible and incomplete canopy closure allows weeds to be spatially
separated from crop plants and bare soil [57,104,105]. The reviewed studies consistently
indicate that high-resolution UAV imagery is the most appropriate platform for this task.
RGB imagery can support crop—weed separation under favourable illumination and crop-
row conditions, whereas multispectral imagery and DL-based segmentation can provide
additional spectral and contextual information where visual similarity between weeds
and sugar beet seedlings is high [106-108]. Multi-temporal UAV mapping has already
been used to produce prescription maps for site-specific weed control, making weed
mapping one of the clearest examples of an RS product with immediate management
relevance [57,60]. Quantitative comparisons further demonstrate the value of both spectral
information and advanced segmentation methods. Multispectral information increased
weed-class AUC from 0.576 to 0.782 relative to an RGB baseline [104], while a recent UAV
framework achieved IoU values of 0.85 for sugar beet and 0.72 for weeds [60]. The lower
performance for weeds than for sugar beet reflects the greater spectral, morphological and
spatial heterogeneity of weed communities.

However, weed-detection performance remains highly dependent on growth stage,
weed species composition, row spacing, soil visibility, illumination, image resolution and
annotation quality. Early season acquisition is generally advantageous because individual
plants and weed patches remain distinguishable, whereas later canopy closure reduces sep-
arability [106,109]. Future research should therefore move beyond single-date segmentation
accuracy and assess whether weed maps improve herbicide-use efficiency, weed control
efficacy, profitability and environmental outcomes under commercial field conditions.

In summary, the evidence is strongest for UAV-supported detection of visible CLS
symptoms and early-season weed mapping. Hyperspectral, fluorescence and thermal
sensing provide valuable physiological information but are less readily scalable. The
major research gaps are the early detection of presymptomatic disease, discrimination
among multiple co-occurring stresses, external validation across sites and seasons, and
the conversion of disease maps into calibrated treatment thresholds and operational crop-
protection decisions.
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4.3. Yield, Sugar Content and Quality Prediction

Yield and quality prediction represent the most economically important but scientifi-
cally demanding applications of sugar beet RS [30,110]. Unlike many grain crops, sugar
beet profitability depends on root yield, sucrose concentration, recoverable sugar yield
and processing-related quality rather than canopy biomass alone [111,112]. The reviewed
literature therefore demonstrates a critical distinction: RS can observe canopy development
directly, but sugar-related traits are associated primarily with below-ground storage-root
processes. This indirect relationship explains why root yield prediction is more mature
than sugar-content and processing-quality prediction.

Satellite and ground-based optical studies initially focused on spectral indices and
seasonal canopy dynamics as indicators of crop productivity [16,35,113]. These studies
show that repeated satellite observations can support regional yield estimation because they
capture broad differences in crop development, phenology and seasonal stress exposure.
Satellite time series are therefore most appropriate for regional surveillance, yield forecast-
ing and comparisons among large production areas. At field scale, UAV imagery provides
much greater detail and can capture canopy cover, plant height, structural heterogeneity
and local growth dynamics [114,115]. The evidence suggests that single-date vegetation
indices can provide useful information about crop status, particularly during periods of
rapid canopy development, but their relationship with final root yield is conditional on
crop stage, water supply, nitrogen availability and disease pressure.

Multi-temporal observations are generally more informative than single-date imagery
because they represent the trajectory of crop development rather than a temporary canopy
condition. Seasonal NDVI, enhanced vegetation index (EVI), canopy-cover and canopy-
height trajectories can capture emergence, canopy closure, stress development and late-
season senescence, all of which are relevant to root yield formation [70,76,110]. This
explains the increasing use of time-series UAV data, meteorological variables and recurrent
modelling approaches for pre-harvest yield prediction [30]. However, the practical gain of
increasingly complex models should be evaluated against robust baselines. In many cases,
a well-calibrated multi-temporal vegetation-index model may be more interpretable and
easier to implement than a complex ML or DL model trained on a limited local dataset.

Sugar-content and processing-quality prediction remain substantially less developed.
Studies using active optical sensors, UAV multispectral imagery, hyperspectral data and
multi-sensor fusion have shown that canopy features can be associated with sugar con-
tent and related quality variables [30,36,116]. Nevertheless, these associations should not
be interpreted as direct observation of sucrose accumulation. Canopy reflectance, tem-
perature and structure are influenced by genotype, nitrogen supply, water availability,
disease severity, temperature and harvest date, all of which may affect root yield and sugar
concentration in different directions [13,111,116]. For example, vigorous canopy growth
may be associated with high root biomass but does not necessarily indicate high sucrose
concentration or favourable processing quality.

The reviewed evidence suggests that multi-source and multi-temporal approaches
are more promising than single-sensor or single-date models for sugar-related prediction.
UAV-derived RGB, multispectral, hyperspectral and structural information can provide
complementary descriptions of crop development, while weather, soil and management
data help explain environmental controls on sugar accumulation [30,110]. Reported per-
formance nevertheless varied considerably among prediction targets and modelling de-
signs. Representative UAV studies reported R? values ranging from 0.478 for sugar-yield
prediction using a multi-temporal Stacked-LSTM model to more than 0.97 for reported
relationships between processed vegetation indices and root yield [30,76]. Multi-source
and multi-temporal UAV observations also produced an R? of 0.95 for sugar yield esti-
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mation [110]. However, these values are not directly interchangeable because the studies
differed in target definition, sample composition, temporal coverage and validation design.
Notably, within the same Stacked-LSTM study, sucrose concentration was predicted more
accurately (R? = 0.761; rRMSE = 7.1%) than root yield (R? = 0.531; rRMSE = 22.5%) or sugar
yield (R? = 0.478; rRMSE = 23.4%) [30]. This within-study contrast demonstrates that root
yield, sucrose concentration and sugar yield should be evaluated as distinct prediction
targets rather than grouped under a single category of ‘yield prediction’.

The main practical implication is that RS-based yield prediction is approaching op-
erational relevance for field ranking, harvest planning and regional forecasting, whereas
quality-oriented prediction should still be treated as decision support requiring laboratory
measurements and agronomic records. Future work should standardise target definitions,
distinguish clearly between root yield, sucrose concentration, recoverable sugar yield and
processing quality, and use multi-year, multi-location datasets with independent validation.
Combining RS observations with crop-growth models may be particularly valuable because
process-based approaches can link canopy dynamics with biomass partitioning and sugar
accumulation rather than relying solely on empirical correlations.

4.4. RS-Enabled Precision Management in Sugar Beet

RS-enabled precision management requires more than the production of accurate
maps [117]. It requires a defensible workflow linking observations to agronomic interpre-
tation, management thresholds, field operations, and post-management evaluation. The
literature review indicates that this transition remains incomplete in sugar beet: only five of
the 181 retained records were classified specifically as precision-management or decision-
support studies (Figure 4). Many more studies have clear management implications, but
relatively few evaluate whether RS-derived products improve treatment timing, input
efficiency, yield, quality or profitability under real production conditions.

The strongest current management applications relate to targeted scouting, site-specific
weed control, irrigation prioritisation and harvest planning. Disease-incidence and severity
maps can identify field zones requiring closer inspection or crop-protection interven-
tion [44,49,118]. Weed maps derived from high-resolution UAV imagery can be converted
into prescription maps for site-specific herbicide applications and therefore provide one
of the most direct examples of RS-supported management [57,60]. Similarly, canopy-
temperature and water-stress indicators can help identify areas of relatively high water
demand, particularly when interpreted jointly with soil moisture, weather conditions and
crop stage [90]. These applications are valuable because they support prioritisation: they
help growers decide where to inspect, sample or intervene first. However, only a small
proportion of studies reported outcomes beyond map or model accuracy. Weed prescrip-
tion maps have indicated potential herbicide savings of up to 82.88%, although this value
was derived theoretically from the mapped treatment area rather than measured through
replicated variable-rate field application [60]. An earlier field-oriented mapping study
reported approximately 80% correct classification during the final sugar beet treatment [57],
but classification accuracy alone does not demonstrate a corresponding reduction in herbi-
cide use or an improvement in weed-control efficacy. Evidence for realised reductions in
treatment cost, crop damage and environmental loading therefore remains limited. Future
precision-management studies should report both diagnostic performance and intervention
outcomes under operational field conditions.

Management zone delineation provides another pathway for translating repeated
observations into spatially differentiated management. Multi-temporal VIs, canopy struc-
tural variables, soil properties, topography and historical yield patterns can identify stable
zones of contrasting production potential or recurrent constraints [119-122]. However, the
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reviewed evidence suggests that a vegetation-index map alone is insufficient for prescribing
fertiliser or irrigation. In sugar beet, high canopy vigour may reflect favourable growth
conditions but may also be associated with excessive nitrogen supply, which can increase
vegetative growth without improving sucrose concentration or processing quality [71].
Therefore, management zones should be interpreted using agronomic knowledge and com-
plementary information, including soil fertility, crop stage, cultivar, previous management
and quality objectives.

Yield and quality prediction can also contribute to harvest and supply-chain decisions.
Pre-harvest estimates of root yield, sucrose concentration and recoverable sugar yield could
support field ranking, harvest scheduling and sugar-factory logistics [79,110]. Yet their
operational use requires explicit uncertainty information and practical decision rules. For
example, a model predicting high root yield but low sugar concentration may imply a
different harvest priority from a model predicting moderate root yield with high recoverable
sugar yield. This distinction is particularly important for sugar beet because management
should optimise economic return and processing value rather than canopy biomass alone.

The central research gap is therefore not simply the accuracy of RS models, but the
absence of validated end-to-end decision workflows. Future studies should test whether
RS-based recommendations lead to measurable improvements in fertiliser-use efficiency,
irrigation water productivity, herbicide reduction, disease-control timing, sugar yield, pro-
cessing quality or farm profitability. Such studies should include uncertainty assessment,
machinery compatibility, economic analysis and comparison with conventional manage-
ment. The most useful future framework would integrate satellite monitoring for seasonal
context, UAV observations for field-scale diagnosis, proximal sensing and sampling for
calibration, and agronomic decision rules for implementation. Only through this integra-
tion can sugar beet RS progress from descriptive monitoring to actionable, quality-oriented
precision management.

To complement the qualitative discussion above, Table 3 summarises representative
quantitative performance and validation contexts from selected studies covering canopy-
trait retrieval, disease assessment, crop-weed mapping, yield and quality prediction,
and precision management. The studies were selected to illustrate both the reported
performance and the substantial differences in sensing scale, target definition, experimental
design and validation strategy across the literature. Because the reported metrics and
experimental settings were heterogeneous, the values should be interpreted within their
respective application contexts rather than as a pooled ranking or meta-analytic benchmark.

Table 3. Representative quantitative performance and validation contexts reported in selected sugar
beet RS studies.

Application

Reference Target Validation Context Representative Performance

Canopy-cover
retrieval

Jiang et al. [74]

Performance ranged from
R% =0.34 and
NRMSE = 42.3% to R? = 0.96
and NRMSE = 5.1%; ExG
combined with Otsu or
Ridler—Calvard thresholding
produced the best overall
results

One growing season in
2022; ground-truth
measurements from
30 plots across four
growth stages;
18 index—threshold
combinations evaluated

Fractional vegetation
cover
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Table 3. Cont.

Application Reference Target Validation Context Representative Performance
. WDRVI-based R? values were
Field-based UAV 0.957, 0.950 and 0.963 for LAL
experiment; WDRVI fresh weight of leaves and
LAIand LA fresh weight of models compared with tot 1% h weicht
fresh-biomass Cao et al. [70] leaves and total fresh conventional ot t.resl .v:elg tl d
retrieval weight NDVI-based monitoring, respective y’. eporte
articularly within an accuracy gamns over
p LA range of 2—6 NDVI-based estimates were
& 1.05-5.07%
. . KNN achieved approximately
Identification, Contrglled 11'10cu1at.10n 99-100% accuracy and
i experiment involving .
. . classification and . F1-score for disease
Soilborne-disease . 122 plants monitored . e o
. e severity identification, 99% accuracy
identification and

characterisation

Abdalla et al. [96]

quantification of
Fusarium oxysporum
and Rhizoctonia solani

over 30 days;
comparative internal
evaluation of five ML
classifiers

for disease-type classification,
and 97% accuracy with an
IoU of 0.94 for severity
quantification

Virus-yellows
incidence scoring

Okole et al. [99]

Incidence of beet
mild yellowing virus
and beet chlorosis
virus

Two variety trials: 2021
data from five cultivars
used for model
development and
validation; 2022 data
from two previously
unseen cultivars used for
independent testing

The best BMYV model, using
RGB imagery and
transformed features,
achieved an RMSE of 11.45%
relative to expert disease
scores

Crop-weed semantic
mapping

Sa et al. [104]

Pixel-level
classification of
background, sugar
beet and weeds

Within-dataset
comparison of 20
network and
input-channel
configurations; direct
comparison between an
RGB baseline and
multispectral inputs

Relative to the RGB baseline,
nine-channel input increased
AUC from 0.607 to 0.839 for
background, from 0.681 to
0.863 for crops and from 0.576
to 0.782 for weeds

Weed segmentation
and prescription

mapping

Joy et al. [60]

Sugar beet and weed
segmentation,
weed-patch detection
and prescription-map
generation

Experimental sugar beet
field imagery;
comparative evaluation
of semantic- and
instance-segmentation
models; herbicide
savings estimated from
generated prescription
maps

U-Net with a ResNet-34
backbone achieved IoU
values of 0.85 for sugar beet
and 0.72 for weeds. YOLOv8
achieved a mAP of 0.728,
compared with 0.627 for Mask
R-CNN. Prescription maps
indicated potential herbicide
savings of up to 82.88%

Operational weed
mapping and
site-specific
treatment

Mink et al. [57]

Mapping of Cirsium
arvense and Rumex
crispus patches and
generation of
herbicide application
maps

Field trials in maize and
sugar beet in southern
Germany; UAV-derived
maps compared with
manually mapped weed
patches and used for
site-specific application

Correct classification ranged
from 96% in maize to
approximately 80% in the
final sugar beet treatment;
computational
underestimation of manually
mapped weed patches ranged
from 1% to 10%

Root yield
relationship

Ludewig-
Spickermann et al.
[76]

Sugar beet root yield

Two study years and
repeated observations;
combined analysis across
the investigation period
and cross-platform
comparison with
ultralight-aircraft
imagery

Combined UAV observations
produced R? > 0.97; transfer
to the ultralight-aircraft
sensor system produced
R? > 0.96 in both study years;
July—September was
identified as the most stable
acquisition period
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Table 3. Cont.

Application Reference Target Validation Context Representative Performance
The best
nitrogen-accumulation model
. . achieved R? = 0.70 and RMSE
Multi-stage experimental .
. = 0.44. The multi-temporal
dataset; comparison of . X
Nitrozen three modellin sugar-yield model achieved
& Nitrogen : & R?=0.95 and RMSE = 0.16,
accumulation and ; algorithms and . o
. Wang et al. [110] accumulation and : representing a 21%
sugar yield : single-source, .
A sugar yield . . improvement over the best
estimation multi-source, single-stage .
. single-stage result.
and multi-temporal . .
. Multi-source fusion improved
inputs . .
nitrogen and sugar yield
estimation accuracy by 55%
and 28%, respectively
Using observations from all
Plot-level dataset three growth stages, the
covering two years, 185 model achieved R? = 0.761
. . ieti RMSE = 7.1% f
Yield and quality Sugar content, toot sugar beet varieties ar.1d and rRMS - % for sugar
rediction Wang et al. [30] yield and sugar yield three growth stages; content, R“ = 0.531 and
P comparison with rRMSE = 22.5% for root yield,
conventional ML and R? = 0.478 and
methods rRMSE = 23.4% for sugar
yield
Values are reported as presented in the original studies and were not pooled or weighted by sample size.
Performance metrics are not directly comparable across different targets, datasets and validation designs.
R2—coefficient of determination, RMSE—root mean square error, NRMSE—normalised root mean square er-
ror, IRMSE—relative root mean square error, AUC—area under the receiver operating characteristic curve,
IoU—intersection over union, mAP—mean average precision, LAl—leaf area index, WDRVI—wide dynamic
range vegetation index, ExG—excess green index, RGB—red—green-blue, KNN—K-Nearest Neighbour.
5. Modelling Strategies and Data Fusion
The applications discussed above depend on modelling and data-integration ap-
proaches that transform RS-derived predictors into agronomically meaningful information.
In sugar beet production, these approaches include empirical regression models based on
spectral predictors, ML, DL, multi-temporal analysis, multi-source data fusion and crop
model assimilation. This section synthesises the main modelling approaches used in sugar
beet RS and evaluates their suitability for trait retrieval, stress detection, yield and quality
prediction, and precision management. The major modelling strategies and their typical
applications in sugar beet RS are summarised in Table 4.
Table 4. Main modelling approaches and data-integration frameworks used in sugar beet RS applications.
Typical
Modelling Approach Predictors/Data Main Applications Main Strengths Main Limitations
Sources

Empirical regression
models

VIs, spectral bands,
field-measured traits

Simple, interpretable
and computationally
efficient; provides a
useful baseline for trait
retrieval and routine
crop monitoring

Often site-specific;
limited transferability
across cultivars, years,
soils and management

conditions

Trait retrieval, biomass
estimation, chlorophyll
assessment and
yield-related prediction
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Table 4. Cont.

Typical
Modelling Approach Predictors/Data Main Applications Main Strengths Main Limitations
Sources
Captures non-linear
SPAD estimation, relationships and
Spectral predictors, nitrogen-status integrates . .
. . Requires representative
structural traits, assessment, disease heterogeneous trainine data. careful
ML models thermal variables, detection, cultivar predictors; suitable for & g
. . . feature selection and
weather, soil and discrimination, root complex traits [
. . . . robust validation
management data yield and quality influenced by multiple
prediction environmental and
management factors
L tial, text 1 .
. eams spatia,, texiira Requires large labelled
Weed segmentation, and contextual .
UAV RGB, ; . . . . datasets, computational
. disease-incidence information directly
multispectral or . . . : resources and external
. . mapping, disease from high-resolution S
DL models hyperspectral imagery; validation; limited

severity assessment

imagery; especially

Multi-temporal and

‘ pixel-level or ‘ and erop—weed euitable for mterpretablll'ty and
object-level annotations s . e uncertain
discrimination image-classification o
. transferability
and segmentation tasks
Captures
Crop growth crop-development Sensitive to cloud cover,

Satellite or UAV
time-series data;

monitoring, phenology
tracking, stress

dynamics and
growth-stage-specific

missing observations,
inconsistent acquisition

. . ¢ . ignals; 11 timi d
phenology-based seasonal VI trajectories; progression, yield SIg?r?er?ne ;;‘1;2 t%amnore rzemgcgezgin
modelling phenology-based prediction and . prep . 8
features quality-related single-date differences; requires
asseZsmen t observations for sufficient temporal
production-related coverage
prediction
Stress diagnosis, Increases
Ootical SAR. thermal water-status Combines data-processing
Multi-source data p h ,ers elc tral ’ assessment, root yield complementary complexity; requires
fusion struc t1}1,11*:;1 vfr)ea the1: soil prediction, information; improves calibration,
and mané; ement élata sugar-content robustness for complex harmonisation and
& estimation and production traits compatible
precision management spatial-temporal scales
RS-derived LAI, Biomass simulation, Links RS observations Still underdeveloped
canopy cover, VIs and water-use assessment, with physiological cro for sugar beet; requires
Crop model evapotranspiration root yield prediction phy & . P well-calibrated cro
p p P Y p rocesses; provides p
assimilation estimates combined and potential p P models, reliable RS

with crop growth
models

sugar-accumulation
modelling

process-based
interpretation

inputs and high-quality
field measurement

VIs—vegetation indices, ML—machine learning, DL—deep learning, UAV—unmanned aerial vehicle,
RGB—red-green-blue, SPAD—Soil-Plant Analysis Development, SAR—synthetic aperture radar, RS—remote
sensing; LAl—leaf area index.

5.1. Spectral Predictors and Empirical Regression Models

Spectral predictors, particularly VIs, remain widely used inputs for sugar beet RS
because they condense reflectance information into variables related to canopy green-
ness, biomass accumulation, chlorophyll content, nitrogen status and general crop
vigour [79,123]. Commonly used predictors include NDVI, EVI, WDRV], Soil-Adjusted Vege-
tation Index (SAVI), red-edge indices and narrowband hyperspectral indices [69,70,77,113,124].
These spectral variables have been widely used to estimate LAI, canopy cover, AGB, SPAD
values, chlorophyll-related traits and yield-related variables in sugar beet.
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In most studies, spectral predictors are incorporated into empirical regression models
rather than functioning as standalone modelling approaches. Linear regression, multiple
regression, stepwise regression and partial least squares regression have been used to relate
spectral features to field-measured crop traits [82,125-127]. These models are particularly
suitable when the target variable is directly associated with canopy characteristics, such
as canopy cover, LAI, chlorophyll content or early biomass accumulation [128]. Hyper-
spectral observations can further improve trait retrieval by exploiting narrowband features
associated with pigment absorption, red-edge displacement and water-sensitive spectral
regions [129,130].

The main advantages of empirical regression models are their simplicity, interpretabil-
ity and low computational requirements [131]. They provide useful baseline models for
field experiments, agronomic trials and routine crop monitoring, where rapid interpretation
and clear physiological links are important [132,133]. Compared with ML or DL methods,
empirical models are generally easier to calibrate, explain and deploy when the number of
predictors is limited, and the relationship between spectral information and the target trait
is relatively direct.

However, the reviewed studies also indicate that empirical relationships are often
conditional on specific crop, sensor and environmental conditions. Soil background
and row structure can dominate the spectral signal during early growth, whereas dense
canopy development may reduce the sensitivity of commonly used indices, particularly
NDVI [124,134]. Model performance can also vary with illumination conditions, atmo-
spheric effects, cultivar, nitrogen supply, water status, growth stage and sensor configura-
tion [132,133]. Consequently, strong relationships reported within individual experiments
should not automatically be interpreted as evidence of transferability across years, regions
or management systems.

These limitations are particularly important for sugar beet because canopy vigour
does not necessarily correspond directly to final root yield, sucrose concentration or pro-
cessing quality [13]. Spectral predictors and empirical regression models should therefore
be regarded as transparent and valuable baseline approaches for canopy-related trait re-
trieval, rather than complete solutions for complex production traits. For yield and quality
prediction, their performance is likely to improve when combined with multi-temporal
observations, structural features, weather variables and other complementary data sources,
as discussed in the following sections.

5.2. ML and DL Approaches

ML and DL approaches have increasingly been used in sugar beet RS, although they
are most suitable for partly different types of data and analytical tasks [135]. In general, ML
methods are well suited to prediction problems based on tabular and heterogeneous pre-
dictors, whereas DL methods are particularly advantageous when high-resolution imagery
and spatially explicit labels are available. ML algorithms can integrate spectral predictors,
canopy structural traits, thermal variables, weather data, soil information and management
records to model complex relationships between RS observations and agronomic vari-
ables [36]. Random Forest (RF), Support Vector Machine (SVM), and K-Nearest Neighbour
(KNN) have been applied to tasks such as SPAD estimation, disease detection, cultivar
discrimination, and yield prediction [30,94,96,97]. Compared with empirical regression
models, ML approaches can better accommodate non-linear relationships and interactions
among multiple predictors. This is particularly relevant in sugar beet because crop growth,
stress responses, root yield, and sugar-related traits are jointly influenced by genotype,
environmental conditions, and management practices [33,36].
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The main advantage of ML is therefore its ability to combine complementary infor-
mation rather than relying on a single spectral indicator. For example, spectral features
may describe canopy condition, structural variables may represent crop architecture, and
weather or soil variables may explain environmental constraints on yield and quality
formation. However, the apparent performance advantage of ML should be interpreted
cautiously. Model accuracy depends strongly on the representativeness of training data,
predictor selection, hyperparameter tuning and validation design [136,137]. Models trained
within a single field, year or cultivar may perform well internally but may not transfer
reliably to different production conditions. Therefore, independent validation across loca-
tions, seasons and cultivars is essential before ML models can be considered suitable for
operational use.

DL has further expanded the capacity of sugar beet RS for image-based classification,
segmentation and detection [138,139]. Convolutional neural networks, U-Net-based archi-
tectures and transformer-based models can learn spatial and contextual information directly
from UAV RGB, multispectral or hyperspectral imagery [104,140]. These capabilities are
particularly useful for tasks in which spatial arrangement is informative, including crop-
weed discrimination, weed segmentation, disease-incidence mapping and disease-severity
assessment [98,109,118,140]. In such cases, DL can outperform methods based solely on
manually derived spectral features because it can use plant morphology, canopy texture
and local spatial context simultaneously.

However, DL does not necessarily provide an advantage for all sugar beet applications.
For continuous trait prediction based on relatively small datasets or limited numbers of
tabular predictors, conventional ML or empirical regression may be more transparent,
computationally efficient and easier to validate. DL models also require large, consistently
labelled datasets and substantial computational resources, while their limited interpretabil-
ity can hinder agronomic explanation [141,142]. In disease and weed studies, annotation
quality is particularly important because inconsistent labels can directly affect segmentation
and classification performance.

Overall, ML is generally more suitable for prediction problems based on tabular and
heterogeneous predictors, whereas DL is particularly advantageous when high-resolution
imagery and spatially explicit labels are available. The choice between these approaches
should therefore be determined by the structure of the available data, the target variable
and the intended management application rather than by algorithmic complexity alone.
Across the reviewed studies, direct comparison of reported accuracy remains difficult
because training datasets, validation strategies, spatial scales and target definitions differ
substantially. Independent validation across years, locations and cultivars is consequently
more informative than high within-study accuracy alone.

5.3. Multi-Temporal and Phenology-Based Modelling

Multi-temporal and phenology-based modelling is an analytical framework rather
than a single modelling algorithm. It uses repeated satellite or UAV observations to
characterise crop-development trajectories and can be implemented through empirical
regression, ML or DL approaches. This framework is particularly relevant to sugar beet
because canopy development, stress progression, root growth and sucrose accumulation are
dynamic processes that cannot be fully represented by a single image acquisition [111,143].
Although single-date imagery can provide useful information on crop condition at a specific
growth stage, it may not capture seasonal growth patterns, stress recovery or late-season
changes associated with quality formation [144].

Satellite time-series data are particularly valuable for describing broad seasonal pat-
terns of emergence, rapid canopy expansion, maximum canopy development and senes-
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cence. Temporal features derived from NDVI, EVI or other spectral predictors can support
crop classification, growth monitoring and regional yield prediction when observations
cover key phenological stages [145]. In sugar beet, the timing and duration of canopy
expansion are closely related to radiation interception and biomass accumulation, whereas
premature canopy decline may reflect disease pressure, water limitation or other growth
constraints [13,146]. Therefore, the value of satellite time series lies not only in increasing
observation frequency, but also in providing a seasonal context for interpreting individual
canopy measurements.

UAV-based multi-temporal observations provide complementary information at the
field scale. Repeated UAV surveys can capture within-field changes in canopy cover, canopy
height, disease progression, weed development and growth recovery with substantially
finer spatial detail than satellite imagery [44,57]. Such observations are particularly useful
in field experiments, breeding trials and precision management because they capture both
spatial heterogeneity and temporal changes in crop condition at the level of individual
plots or management zones. For example, UAV-derived growth dynamics have been used
to improve sugar beet yield prediction in breeding fields by capturing variation in crop
development across multiple stages [59]. High-spatio-temporal UAV observations have also
been used to detect the progression of CLS, illustrating the value of repeated measurements
for distinguishing persistent stress patterns from temporary canopy variation [147].

Phenology-based modelling further improves the interpretation of RS-derived pre-
dictors by considering the biological meaning of different growth stages [148]. Early
season features are more likely to reflect emergence, establishment and canopy closure,
whereas mid-season features are generally more informative for biomass accumulation
and photosynthetic capacity [59,70,148]. Late-season observations may provide addi-
tional information on senescence, disease effects and quality formation, although canopy
signals remain indirect indicators of sugar accumulation in the storage root [148]. Conse-
quently, the most useful acquisition periods may differ according to the target variable:
early-stage observations may be more relevant for weed mapping and establishment assess-
ment, whereas multi-stage observations are more appropriate for root yield and quality-
related prediction.

The main methodological challenge is therefore not simply to increase the number of
observations, but to identify phenologically meaningful acquisition windows and ensure
temporal comparability across seasons and sites. Cloud cover, missing satellite observations,
irregular UAV flights and inconsistent preprocessing can interrupt time-series analysis and
reduce model robustness. Future studies should evaluate whether the temporal features
used for prediction remain stable across cultivars, years and management conditions.
In particular, multi-temporal approaches are likely to be more valuable than single-date
models for yield and quality prediction, but their operational value will depend on adequate
temporal coverage, robust validation and integration with complementary environmental
or management data [30,33].

5.4. Multi-Source Data Fusion and Crop Model Assimilation

Multi-source data fusion and crop model assimilation are complementary but dis-
tinct approaches for improving the agronomic relevance of sugar beet RS. Multi-source
data fusion combines information from different sensors, platforms or ancillary datasets,
whereas crop model assimilation incorporates RS-derived observations into process-based
crop growth models. Both approaches are particularly relevant to sugar beet because root
yield, sucrose accumulation and processing quality are influenced by interacting environ-
mental and management factors and cannot be fully characterised by canopy reflectance
alone [149].
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At the sensor level, different observations provide complementary information on
crop condition. Multispectral and hyperspectral data are useful for describing canopy
greenness, pigment status and biochemical variation, whereas thermal imagery can provide
information related to transpiration and water stress [29,89]. Structural variables derived
from RGB photogrammetry or Light Detection and Ranging (LiDAR) can characterise
canopy height, cover and architecture, while synthetic aperture radar (SAR) can provide
additional observations when optical imagery is limited by cloud cover [27,59]. Combining
such data may improve the representation of crop growth and stress responses, particularly
where a single sensor cannot adequately capture the relevant physiological processes.

However, the value of data fusion should not be assumed solely from the number
of input datasets. Improvements are most likely when the combined variables represent
genuinely complementary physiological or environmental information and are harmonised
at compatible spatial and temporal scales. For example, thermal observations may pro-
vide information on water-related stress that complements spectral indicators of canopy
greenness, whereas structural metrics may improve the interpretation of biomass-related
variation. In contrast, combining highly correlated predictors without careful feature selec-
tion may increase model complexity without improving robustness. Data fusion therefore
requires appropriate calibration, scale matching and independent validation rather than
simple accumulation of data sources [150,151].

At the data-source level, RS-derived predictors can also be integrated with weather
data, soil properties, topography, irrigation records, fertilisation information, disease obser-
vations and management practices [150]. Such integration is especially important for root
yield and quality prediction because sugar beet performance is affected by nitrogen supply,
water availability, disease pressure, temperature, radiation, and harvest timing [152]. En-
vironmental and management data can help explain why similar canopy conditions may
lead to different root yield or sugar-quality outcomes across fields or seasons. Nevertheless,
the availability and quality of these ancillary datasets remain important practical con-
straints, particularly when observations are collected at inconsistent spatial resolutions or
temporal intervals.

Crop model assimilation provides a more process-based approach to data integration.
Rather than relying only on empirical relationships between predictors and target variables,
it uses RS-derived variables, such as LAI, canopy cover, Vls or evapotranspiration-related
estimates, to update or constrain crop growth models [153,154]. This approach can link
observed canopy dynamics with physiological processes, including biomass accumulation,
water use, root growth and carbon allocation. It is therefore particularly promising for
sugar beet because canopy observations alone provide only indirect information about
storage-root development and sucrose accumulation [155].

Despite this potential, crop model assimilation remains less developed in sugar beet
than empirical regression and ML approaches. Its application requires well-calibrated
crop models, reliable RS inputs and detailed field measurements for parameterisation and
validation [156,157]. In addition, the physiological representation of sucrose accumulation
and processing-quality formation must be sufficiently robust before assimilation approaches
can provide reliable quality-oriented predictions. Future research should therefore evaluate
whether combining multi-temporal RS observations with crop growth models improves
the transferability of predictions across years, cultivars, and management conditions, rather
than focusing solely on within-study accuracy.

5.5. Operational Processing Workflows and Scalable Implementation

Although operational processing workflows are not modelling approaches in them-
selves, they determine whether the modelling and data-integration methods described
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above can be translated into repeatable and scalable applications in sugar beet production.
Advanced models may achieve high accuracy in experimental settings, but their practical
value remains limited if data acquisition, preprocessing, prediction and output delivery
cannot be implemented consistently across fields, seasons and production regions [158].

For satellite-based applications, cloud-computing platforms can support the efficient
processing of large image archives and repeated regional monitoring. Platforms such as
Google Earth Engine (GEE) enable automated image access, cloud masking, spectral-feature
calculation and time-series analysis, thereby facilitating standardised workflows for crop
mapping, phenology tracking, drought assessment and regional yield prediction [159,160].
Such workflows can improve reproducibility and reduce the processing burden associated
with multi-year satellite observations. However, automated satellite processing does not
remove the need for quality control, particularly where cloud contamination, missing
observations or differences in atmospheric correction affect temporal consistency [161,162].

For UAV and proximal sensing applications, operational implementation depends
on standardised protocols from field acquisition to model deployment. UAV workflows
commonly include flight planning, radiometric calibration, geometric correction, ortho-
mosaic generation, canopy segmentation, feature extraction and prediction mapping [163].
These procedures are particularly important in sugar beet because crop rows, canopy gaps,
weed patches and disease symptoms may occur at fine spatial scales. Inconsistent flight
altitude, illumination conditions, sensor settings or calibration procedures can reduce the
comparability of imagery acquired on different dates and may limit the transferability of
trained models.

Automated workflows can improve the practical use of empirical, ML and DL mod-
els by enabling the repeated generation of canopy, stress, disease, weed, yield or quality
maps. However, map generation alone does not constitute precision management. Op-
erational deployment also requires uncertainty reporting, agronomic interpretation, field
verification and management thresholds that connect mapped patterns with actionable
recommendations. For example, a disease map should indicate where scouting or treatment
is required, whereas a weed map should be compatible with prescription generation and
spraying equipment. Similarly, yield and quality predictions should be linked to harvest
prioritisation or factory-logistics decisions rather than being interpreted only as statistical
outputs [117].

The development of scalable workflows should therefore focus on the entire decision
chain: data acquisition, preprocessing, feature extraction, model prediction, uncertainty
communication, agronomic interpretation, prescription generation and post-management
evaluation. Standardised metadata, independent validation and compatibility with farm
machinery, geographic information systems and advisory platforms are necessary to ensure
that RS-derived products are reliable and usable in commercial sugar beet production [164].
Ultimately, the operational value of sugar beet RS will depend not only on model accu-
racy but also on whether workflows can deliver timely, interpretable, and economically
meaningful information for growers, agronomists, and sugar factories.

6. Limitations and Future Directions
6.1. Data Continuity, Scale Mismatch and Physiological Relevance

Data continuity, scale mismatch and physiological relevance remain key limitations
in sugar beet RS [15,25]. Satellite, UAV and proximal sensing platforms provide comple-
mentary observations, but their practical value depends on whether data can be acquired
at the right time, at an appropriate spatial scale and with sufficient relevance to the target
trait [33,59]. This is particularly important for sugar beet because canopy development,
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disease progression, irrigation demand and harvest planning are time-sensitive, whereas
root yield and sugar-related quality are partly determined below ground [165].

For satellite-based monitoring, cloud cover, atmospheric effects and revisit frequency
may interrupt time-series observations during critical growth stages, reducing the reli-
ability of phenology tracking, stress detection and yield prediction [63]. Moderate res-
olution imagery is useful for regional monitoring, but it may not capture early disease
patches, weed emergence or fine within-field variability. UAV imagery can provide much
finer spatial detail, but its scalability is constrained by field coverage, weather conditions,
flight regulations and data-processing requirements [163]. These trade-offs make it dif-
ficult to apply methods developed in experimental plots directly to commercial sugar
beet production.

A further challenge is that most RS systems measure canopy reflectance, structure or
temperature, whereas the most important economic traits of sugar beet are related to root
growth, sucrose accumulation and processing quality [166]. Canopy vigour can indicate
crop condition, but it cannot fully represent below-ground storage or sugar formation, espe-
cially under variable nitrogen supply, water stress, disease pressure or cultivar differences.
Future observation strategies should therefore focus on integrating satellite, UAV and
proximal sensing data with soil, weather and field measurements, so that RS observations
become not only timely and scalable, but also physiologically meaningful for sugar beet
production [25].

6.2. Model Robustness, Transferability and Validation

Model robustness and transferability remain major barriers to the operational use of
RS in sugar beet production. Many existing models are developed from specific fields,
cultivars, years or management conditions, and their performance may decline when
applied to new environments. This limitation is particularly important for sugar beet
because spectral responses and crop traits are affected by complex interactions among
genotype, soil background, canopy structure, nitrogen supply, water availability, disease
pressure and growth stage [29,33,74,151].

This issue is especially evident in ML and DL applications [50,167]. Although these
methods can achieve high accuracy within individual datasets, they often depend strongly
on training-data quality, feature selection, annotation consistency and validation strat-
egy [34,38]. Disease detection and weed segmentation models, for example, require reliable
ground labels, but disease severity scoring and weed annotation are labour-intensive and
may vary among observers. Without external validation across different years, regions,
cultivars and stress conditions, high within-study accuracy may overestimate practical
performance [168,169].

Future research should therefore place greater emphasis on generalisable and well-
validated models rather than only improving accuracy within single experiments. Multi-
year and multi-location datasets, shared benchmark datasets, standardised field measure-
ments and independent validation are needed to evaluate model stability under diverse
production conditions. Transfer learning, domain adaptation and explainable ML may
also help improve robustness, especially when labelled data are limited. Ultimately, model
performance should be assessed not only by statistical accuracy, but also by transferability,
interpretability and usefulness for management decisions.

6.3. Quality-Oriented Prediction Remains Underdeveloped

Quality-oriented prediction remains one of the least developed but most important
directions in sugar beet RS. Compared with canopy growth monitoring and root yield esti-
mation, fewer studies have focused on sucrose concentration, recoverable sugar yield and
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processing-related quality traits [33,166]. This is a major limitation because the economic
value of sugar beet depends not only on root biomass, but also on sugar accumulation and
industrial processing quality [36,151,170].

The main difficulty is the indirect relationship between canopy observations and
below-ground quality formation. Most RS systems measure canopy reflectance, structure
or temperature, whereas sucrose accumulates in the storage root. Canopy vigour, biomass
or greenness may indicate favourable growth conditions, but they do not necessarily
correspond to higher sugar concentration or better processing quality. This relationship can
be further modified by cultivar, nitrogen supply, water status, disease pressure, temperature
and harvest timing.

Future research should therefore treat sugar content and processing quality as inde-
pendent prediction targets rather than secondary extensions of yield estimation. Multi-
temporal satellite and UAV observations should be combined with soil, weather, and
management records, as well as laboratory measurements of sucrose concentration and
processing-quality parameters. Process-based models that describe biomass partitioning
and sugar accumulation may also help link canopy dynamics with below-ground qual-
ity formation. Strengthening this direction is essential for moving sugar beet RS from
yield-oriented monitoring towards quality-oriented precision management.

6.4. From RS Outputs to Operational Decision Support

A major limitation of current sugar beet RS is the gap between image-derived prod-
ucts and operational decision support. Many studies can generate canopy vigour maps,
disease maps, weed distribution maps or yield-prediction maps, but these outputs do not
automatically lead to clear management actions [171,172]. For practical production, RS
products need to be translated into decisions such as where to apply fertiliser, when to
irrigate, where to scout for disease, how to prioritise harvesting and how to organise factory
logistics [35,76].

This gap is partly caused by the lack of agronomic thresholds, uncertainty assessment
and compatibility with field operations [164]. For example, a VI map may indicate spatial
variation in crop growth, but fertiliser decisions also require information on soil fertility,
growth stage, expected yield potential and sugar-quality objectives [115]. Similarly, disease
or weed maps are useful only when they can be linked to scouting priorities, treatment
thresholds, prescription maps or spraying equipment. Without these links, RS outputs may
remain diagnostic information rather than actionable management tools [171].

Future research should therefore move beyond map generation towards complete
decision-support workflows. These workflows should connect data acquisition, preprocess-
ing, model prediction, uncertainty communication, agronomic interpretation, prescription
generation and post-management evaluation. Integration with crop models, Internet of
Things (IoT) sensors, farm machinery, geographic information systems and sugar factory
management platforms will be important for scalable implementation. Ultimately, the
operational value of RS in sugar beet production will depend on whether image-derived
information can be converted into timely, reliable and economically meaningful decisions.

7. Conclusions

This review shows that remote sensing applications in sugar beet production have
progressed from early crop mapping and canopy monitoring towards more diversified
and management-oriented applications, including biophysical trait retrieval, disease as-
sessment, weed mapping, root yield prediction, sugar-content estimation and precision
management support. Satellite observations provide regional coverage and temporal conti-
nuity, UAV imagery enables high-resolution field-scale monitoring, and proximal sensing
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remains important for calibration, validation and physiological interpretation. At the
methodological level, vegetation indices and empirical regression models still provide use-
ful baseline approaches, while machine learning, deep learning, multi-temporal modelling,
multi-source data fusion, and crop model assimilation are increasingly used to capture
complex crop responses. Nevertheless, several key limitations remain. Many models are
still based on local experiments and require stronger multi-year and multi-location valida-
tion. More importantly, quality-oriented prediction, especially for sucrose concentration,
recoverable sugar yield and processing-related traits, remains underdeveloped despite its
direct relevance to the economic value of sugar beet. The indirect relationship between
canopy observations and below-ground sugar accumulation remains a central challenge.
Future progress will depend on integrating satellite, UAV, proximal, soil, weather and
management data with robust modelling frameworks and practical decision-support sys-
tems. By linking remote sensing products with agronomic interpretation, uncertainty
assessment and operational management, sugar beet remote sensing can move beyond de-
scriptive crop monitoring towards scalable, quality-oriented and economically meaningful
precision management.
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The following abbreviations are used in this manuscript:

RS Remote sensing

UAV Unmanned aerial vehicle

ML Machine learning

DL Deep learning

VI Vegetation index

WoSCC Web of Science Core Collection
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PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
R2 Coefficient of determination

RMSE Root mean square error

NRMSE Normalised root mean square error

rRMSE Relative root mean square error

MAE Mean absolute error

AUC Area under the receiver operating characteristic curve
ToU Intersection over union

mAP Mean average precision

RGB Red-Green—Blue

MODIS Moderate Resolution Imaging Spectroradiometer
NOAA- National Oceanic and Atmospheric Administration Advanced Very
AVHRR High-Resolution Radiometer

LAI Leaf area index

AGB Above-ground biomass

NDVI Normalised difference vegetation index

WDRVI Wide dynamic range vegetation index

CC Chlorophyll content

SPAD Soil-Plant Analysis Development

CLS Cercospora leaf spot

EVI Enhanced vegetation index

ExG Excess green index

SAVI Soil-Adjusted Vegetation Index

RFE Random Forest

SVM Support Vector Machine

KNN K-Nearest Neighbour

LiDAR Light Detection and Ranging

SAR Synthetic aperture radar

GEE Google Earth Engine

TIoT Internet of Things
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