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Advancements in agricultural technologies have increasingly emphasized
technical innovations aimed at improving the predictability and reliability of
agricultural outputs. These aspects encompass developments in agricultural
machinery, automation technologies, biotechnology, and controlled
environment farming systems. This article focuses on Remote Sensing (RS)-
based approaches applied to agricultural yield estimation for both crops and
plants. RS technologies offer enhanced precision and scalability, making them
particularly effective for large-scale agricultural monitoring and analysis. A
systematic classi cation of RS-based methodologies employed for crop yield
estimation is presented in this study. These methodologies are categorized into:
(i) Sensor-Based approaches, (ii) Platform-Based approaches, (iii) Analytical and
Modeling-based methods, and (iv) Machine Learning (ML)-driven models. Based
on ndings reported across multiple studies, it is observed that Deep Learning
(DL)-based architectures consistently achieve superior performance across key
evaluation metrics, including accuracy, precision, recall, and Fl-score. This
performance advantage stems from their capacity to learn hierarchical
representations, capture complex non-linear relationships, scale ef ciently with
large datasets, and reduce reliance on manual feature engineering. Following this
classi cation, our article presents a comprehensive discussion of the limitations
associated with these methodologies. These challenges are organized into four
major categories: (i) Environmental, (ii) Algorithmic, (iii) Hardware and
Operational, and (iv) Wireless Sensor Networks (WSNs) related limitations. The
adopted classi cation framework helps readers identify and address the key
challenges associated with effective yield estimation in crops and plants.
Moreover, the article concludes by outlining several future research directions
intended to support and guide both early-career and experienced researchers in
this domain.

KEYWORDS

crop productivity prediction and assessment, limitations in yield estimation, machine
learning based yield estimation, remote sensing, wireless sensor networks based
agriculture

01 frontiersin.org


https://www.frontiersin.org/articles/10.3389/fpls.2026.1742689/full
https://www.frontiersin.org/articles/10.3389/fpls.2026.1742689/full
https://www.frontiersin.org/articles/10.3389/fpls.2026.1742689/full
https://www.frontiersin.org/articles/10.3389/fpls.2026.1742689/full
https://www.frontiersin.org/articles/10.3389/fpls.2026.1742689/full
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org
http://crossmark.crossref.org/dialog/?doi=10.3389/fpls.2026.1742689&domain=pdf&date_stamp=2026-03-19
mailto:amanmuhammad@sxau.edu.cn
mailto:lifuzhong@sxau.edu.cn
https://doi.org/10.3389/fpls.2026.1742689
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/plant-science#editorial-board
https://www.frontiersin.org/journals/plant-science#editorial-board
https://doi.org/10.3389/fpls.2026.1742689
https://www.frontiersin.org/journals/plant-science

Muhammad et al.

1 Introduction

With the integration of technologies such as Remote Sensing
(RS), Wireless Sensor Networks (WSNs), and data-driven Machine
Learning (ML) modeling approaches, agriculture has entered a new
era of enhanced accuracy and precision. These developments make
it possible to predict the yield properly and enjoy a greater level of
control over agricultural resources (Ji et al., 2021; Sha et al., 2023).
Traditional yield estimation methods have long been employed in
conventional farming systems. However, their applicability to
modern precision agriculture remains limited. Common practices
such as crop cutting experiments, quadrat-based sampling, farmer
recall, visual assessment, and plant population counting are
predominantly manual and labor-intensive, typically conducted
on cereal and eld crops (e.g., wheat, rice, and maize) using xed
area quadrats or plot level sampling units (Cheng et al., 2022; Li
et al,, 2023). These approaches rely on localized measurements
taken at discrete spatial scales, which restrict their ability to capture
within- eld variability and reduce their scalability for large or
heterogeneous agricultural landscapes.

Such activities are prone to sampling errors when conducted
manually, as data collected from limited sections of a eld often fail
to accurately represent the overall eld conditions (Boros et al.,
2024; Valente et al., 2024). These inaccuracies are further
exacerbated when crop growth is spatially non-uniform across the

eld. Moreover, factors such as pest infestations and localized
climatic variations introduce additional distortions, leading to
increasingly unreliable yield estimates. Error during data
collection can substantially affect the accuracy of yield estimation
because traditional methods rely on subjective experience rather
than objective quanti cation (Goel et al., 2021; Kosmowski et al.,
2021). Traditional approaches may also be inadequate for
supporting timely interventions during critical crop growth
stages. Although post-harvest weighing provides high accuracy, it
is inherently retrospective and lacks proactive decision-making
capability, limiting its effectiveness for input optimization in yield
estimation (Naik et al., 2022; Pirzada et al., 2023; Shee et al., 2023).

With the advent of RS technologies, agriculture has entered a
new era of innovations. Their application has completely
transformed traditional agricultural approaches. This
transformation has led to a major shift toward data-driven and
precision-based farming. It is now widely used for yield estimation in
crops and plants. This data-driven approach is primarily based on
multispectral, hyperspectral, Light Detection and Ranging (LiDAR),
and thermal imaging sensors (Abreu Junior et al., 2022; Vaidya et al.,
2022; Wu et al., 2025). For monitoring reasons, these sensors can be
installed on ground-based platforms, satellites, and Unmanned
Aerial Vehicles (UAVS). They can capture spectral characteristics
that are associated with chlorophyll levels, canopy cover, water stress
levels, and nutrient levels. The captured characteristics allow tracking
of crop yield potential in a non-destructive and continuous manner.
Researchers are increasingly applying ML, Deep Learning (DL), and
Arti cial Intelligence (Al) to improve the accuracy of predictive
models (llyas et al., 2023; Morales and Villalobos, 2023; Jabed and
Murad, 2024). This advancement enables researchers to extract
characteristics ef ciently and process large volumes of RS data at
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once. Some scholars focus on sensor fusion and time-series analysis
to achieve deeper temporal understanding and capture dynamic
patterns over time. Yield estimation was further enhanced by
integrating RS together with Internet of Things (loT) based on
WSNs, which provides real-time decision making (Majumdar et al.,
2021; Mowla et al., 2023). This approach enhances sustainability and
climate-resilient practices while supporting more accurate prediction
of crop and plant yields. Consequently, RS technologies can be
regarded as a transformative force in optimizing agricultural
productivity and strengthening global food security.

Despite the growing body of review literature on RS-based crop
yield estimation, existing studies remain fragmented in terms of
technological scope, analytical framing, and methodological
limitations. Prior reviews have typically focused on narrow
technology subsets, restricted geographic regions, or isolated
algorithmic perspectives, which limits their utility for cross-
comparison and system-level understanding. For example, Yuan
et al. (2024) primarily examined UAV-based yield estimation using
ML techniques for selected major crops, while Vaidya et al. (2022)
emphasized region-speci ¢ datasets from India with a strong
reliance on hyperspectral imagery. Similarly, Jabed and Murad
(2024) provided a concise overview of yield estimation
technologies, but without a detailed analytical or methodological
decomposition. Although these studies broadly align with the
research direction addressed in this work, none of the existing
review articles provide a comprehensive categorization of RS
methodologies. Moreover, the aforementioned reviews do not
provide a structured, in-depth classi cation of limitations, such as
environmental, algorithmic, hardware-related, and WSNs-based
challenges, which this work seeks to organize in a structured
manner. In addition, the manuscript surveys commonly adopted
ML approaches within RS-driven yield estimation frameworks,
outlining their methodological characteristics and areas of
application without assuming performance superiority.
Furthermore, it consolidates and critically synthesizes the
principal challenges affecting RS-based yield estimation systems,
including environmental variability, data quality and availability
issues, scalability concerns in algorithmic design, hardware and
operational constraints, and communication bottlenecks within
sensing infrastructures.

The remainder of the paper is structured as follows. Section 2
presents a comprehensive discussion of RS-based yield estimation
approaches, which are systematically classi ed into four
subcategories: (i) sensor-based, (ii) platform-based, (iii) analytical
modeling-based, and (iv) ML-based methods. This is followed by a
dedicated Section 3 that critically examines the limitations
encountered by RS-based yield estimation systems. To ensure
comprehensive coverage, these limitations are categorized into
four major groups: (i) environmental, (ii) algorithmic, (iii)
hardware and operational, and (iv) wireless sensor networks
related constraints. Section 4 synthesizes and compares the results
reported by various researchers, grouping them into meaningful
categories to enable readers to clearly assess the relative
performance of different ML algorithms. Finally, in the
conclusion section, the rst paragraph summarizes the overall

ndings of the study, and the second paragraph outlines
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prospective future research directions for the active research
communities working in this domain.

1.1 Research methodology

Figure 1 illustrates the systematic methodology adopted for
conducting this review. It covers studies published between 2015
and 2025. A structured keyword strategy, including yield
estimation, RS, crop monitoring, and WSNs were employed to
retrieve relevant literature. Multiple reputable scienti ¢ databases,
such as IEEE, MDPI, Wiley, Frontiers, Springer, and Elsevier, as
well as conference proceedings, were comprehensively searched. An
initial pool of 150 publications was identi ed through this process.
After relevant screening, 140 studies were found to be closely
aligned with the scope of the review. Editorials were excluded to
maintain scienti c rigor. Following quality assessment and Itering,
135 papers were nally selected for detailed analysis.

2 Remote sensing-based yield
estimation

RS-based yield estimation constitutes a core section of this review,
as it establishes the methodological foundation for understanding
how spatial, spectral, and temporal information can be systematically
exploited to quantify crop productivity. The primary purpose of this
section is to synthesize and contextualize existing approaches that

10.3389/fpls.2026.1742689

utilize satellite, UAVs, and proximal sensing data for yield prediction,
while highlighting their operational principles and analytical
assumptions. By outlining sensor modalities, data acquisition
strategies, and modeling paradigms, this section provides a
structured basis for critically evaluating model performance,
scalability, and robustness (Falcioni et al., 2023; Asner et al., 2024).
To improve clarity for the reader, we have categorized this section
into three groups: (i) Sensor-Based Approaches, (ii) Platform-Based
Approaches, and (iii) Analytical and Modeling-based Approaches.
Figure 2 is provided as a owchart that elaborates the categorization
and sub-categorization of the RS-based yield estimation
methodologies in crops and plants.

2.1 Sensor-based approaches

Sensor-based techniques for yield estimation in plants employ
advanced sensing tools that directly monitor vital biophysical and
biochemical parameters. Devices such as multispectral, hyperspectral,
LiDAR, and thermal sensors generate critical data on canopy
characteristics, chlorophyll concentration, and stress conditions,
enabling accurate, real-time yield forecasting and enhanced
farm management.

2.1.1 Multispectral sensors
The use of multispectral sensors is an essential technological

advancement in precision agriculture because it has the ability to
provide quantitative measurements of crop physiological characteristics
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FIGURE 1

Flowchart of this article and its research methodology.
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FIGURE 2
Categorization of remote sensing-based yield estimation.

through vegetation indices, such as the Normalized Difference
Vegetation Index (NDVI) and the Enhanced Vegetation Index (EVI).
These sensors record the surface re ectance across speci ¢ spectral
intervals, mainly within the visible spectrum (400 to 700 nm) and the
near-infrared spectrum (700 t01300 nm). The NDVI utilizes the
difference between red and near-infrared re ectance to evaluate
chlorophyll content and photosynthetic activity, whereas the EVI
incorporates correction factors that may reduce atmospheric noise and
canopy background in uences, delivering higher precision and
sensitivity under dense vegetation and high-biomass conditions (Son
et al, 2014; Abreu Junior et al, 2022). Some researchers have also
suggested that integrating this technology with UAV- or satellite-based
imaging systems enables multispectral sensors to support high-
resolution, spatiotemporal monitoring of broad agricultural landscapes
in a repeatable and non-destructive way (Sunoj et al., 2021).

2.1.2 Hyperspectral sensors

The adoption of hyperspectral sensors is increasing in precision
agriculture, primarily due to their capability to capture data with
extremely ne spectral resolution. This characteristic of hyperspectral
sensors spans hundreds of narrow wavelength bands, thereby
enabling a highly detailed evaluation of the biochemical and
physiological conditions of crops. Data acquired from these narrow
spectral bands enable hyperspectral imaging to identify subtle
variations in leaf pigments, plant water content, and even soil
properties. This information facilitates the early detection of plant
stress signatures at both the molecular and physiological scales,
thereby supporting timely intervention strategies. It further enables
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the precise quanti cation of critical agronomic indicators, including
chlorophyll concentration, carotenoid ratios, canopy biochemical
composition, and photosynthetic ef ciency parameters (Vaidya
et al., 2022). Hyperspectral data further support the generation of
rich, multidimensional spectral pro les of vegetation. When these
pro les are analyzed using radiative transfer models, chemometric
approaches, and ML techniques, they provide enhanced insight into
vegetation properties and conditions, enabling robust and reliable
predictions of biomass accumulation, crop vitality, and overall yield.
Zhang et al. (2023) applied Hyperspectral RS technology for tobacco
quality estimation, yield prediction, and stress detection. Their

ndings indicate that integrating physiological trait detection with
spatiotemporal crop growth simulations positions hyperspectral
sensing as a transformative technology in precision agriculture due
to its ability to deliver near real-time insights.

2.1.3 Thermal infrared sensors

Thermal infrared (TIR) sensors are an integrally important
technology that researchers have recently started to use in precision
agriculture. This camera-based technology provides researchers with
accurate measurements of canopy temperature. Those measurements
will act as a dependable indicator of plant water status and transpiration
processes. However, the variations in canopy temperature can also be
associated with stomatal behavior and evaporative cooling, serving as an
early signal of water stress that can impair photosynthetic ef ciency,
carbon xation, and hiomass production. A widely adopted technique
for evaluating such stress is the Crop Water Stress Index (CWSI), which
is formulated as Equation 1.
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cwsi= ¢ Twer @)
TDRY TWET
Here, Tc denotes the observed canopy temperature, Tyet
represents the temperature of a fully transpiring well-watered
canopy, and Tpgry Stands for temperature of a non-transpiring
severely stressed canopy (Katimbo et al., 2022). Shen et al.
(2022a) employed a hybrid sensing framework combining TIR
and hyperspectral imaging, with wheat as the crop of interest in
their analysis. They aimed to improve the yield estimation through
this hybrid sensor-based approach and reported that incorporating
TIR-based temperature data with vegetation indices and crop
growth models enables precise spatiotemporal assessment of
irrigation needs, stress dynamics, and yield projections in crops
and plants. Thus, it can be inferred that TIR sensing provides a non-
invasive, scalable, and scienti cally robust approach to linking plant
stress physiology with predictive yield estimation across various
agricultural systems.

2.1.4 LiDAR sensors

LiDAR represents a cutting-edge RS technique for crop and plant
yield estimation. This technology helps in generating high resolution
Three-Dimensional (3D) point clouds that capture canopy structural
characteristics. The structural features captured can be used in
determining canopy height, complexity, and volume of biomass
(Debnath et al., 2023). LIDAR datasets offer valuable insights into
above-ground biomass dynamics, where the resulting model outputs
can be utilized to establish a strong relationship with the yield
potential of vegetation. Compared to passive optical sensors,
LiDAR technology can penetrate complex canopy layers and
provide in-depth detail. The obtained information can be
combined with radiative transfer modeling, allometric correlations,
and ML. Such approaches provide improved yield estimation
compared to methods based solely on biophysical metrics (Rivera
et al., 2023).

2.1.5 Radar SAR sensors

One of the emerging active microwave RS systems gaining
popularity for quantitative yield estimation in agriculture is
Synthetic Aperture Radar (SAR). SAR technology can penetrate
cloud cover, assisting in creating high-resolution backscatter data.
The collected information is highly sensitive to dielectric vegetation
and heterogeneity. Radar-based acquired data are variable in nature
and can be analyzed to measure soil moisture status and crop
phenology (Cunha et al., 2024). Being sensitive to surface roughness
and volumetric scattering, SAR enables detection of important
biophysical parameters, including aboveground biomass and Leaf
Area Index (LAI), Both of which are regarded as critical for
estimating yield potential in crops and plants. Moreover,
incorporating polarimetric decomposition in SAR further
enhances the discriminative capability of the extracted features.
These enriched feature representations enable more effective
integration with advanced ML approaches, thereby supporting the
development of more accurate predictive yield estimation models.
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These innovations are advantageous for both researchers and
farmers, facilitating real-time and non-real-time yield estimation
strategies (Ghosh et al., 2022a).

2.1.6 RGB camera sensors

The Red, Green, and Blue (RGB) technology uses visible
spectrum re ectance of high resolution in capturing the phenotypic
features related to the productivity of plants. These measurements
include canopy color differences, derived from indices of red and
green intensity ratios. These ratios provide precise data on
chlorophyll levels and stress-induced discolorations due to leaf age
(Zeng et al., 2021). Researchers have observed that the collected data
closely correlate with the performance of photosynthesis, which
directly in uences biomass accumulation dynamics and contributes
to structural variability within the crop canopy. These observations
make RGB a reliable indicator of crop and plant production potential.
When these RGB-based analyses are coupled with computer vision,
feature extraction, and ML algorithms, they enable the development
of cost-ef cient, scalable, and scienti cally robust yield prediction
frameworks (Fu et al., 2021).

Table 1 summarizes the sensor types most frequently and
commonly used for yield estimation, while also providing a
concise overview of their key applications.

2.2 Platform-based approaches

Platform-based approaches for yield estimation in crops and
plants utilize diverse carriers including, (i) satellites, (ii) UAVSs, (iii)
manned aerial systems and (iv) ground-based platforms. These
platforms enable scalable, spatiotemporal monitoring of crop traits
and can be equipped with technologies that integrate multisource
data for precise, non-destructive assessment of growth dynamics
and yield potential.

2.2.1 Satellite-based sensing

Satellite-based RS measurements are essential for determining
yield in agricultural applications. This method offers strong
multitemporal capabilities because satellite-based orbital data
naturally provide consistent and repeatable temporal observations.
Many research groups worldwide use these observations-based
datasets to analyze crop phenological development and canopy
biophysical properties (Lungu et al., 2020). However, researchers
have also identi ed several constraints associated with this
technology, most notably its pronounced sensitivity to variable
weather conditions. These effects become particularly evident in
applications such as soil moisture characterization and the
assessment of canopy structural complexity, where uctuations in
atmospheric conditions can substantially in uence data reliability and
consistency. To mitigate these limitations, several organizations have
begun exploring hybrid system architectures that integrate SAR and
thermal imagery-based platforms with conventional satellite
measurements. Findings indicate that such hybrid approaches
enable more reliable capture of canopy temperature signatures,
which serve as effective proxies for plant water status and
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TABLE 1 Sensor types used in agriculture for crops and plants yield estimation.

10.3389/fpls.2026.1742689

Sensor type Examples Key applications in yield estimation
e Canopy cover and structure analysis.
. . *  Vegetation indices (NDVI, EVI, etc.).
1 | RGB Mul I, H | .
Optical Sensors GB Cameras, Multispectral, Hyperspectra « Chlorophyll and nutrient status.
e Crop classi cation and stress detection.
e Canopy temperature monitoring.
2 Thermal Sensors Infrared Thermal Cameras o Water stress.det.ectlon.. .
»  Evapotranspiration estimation.
e Indirect yield prediction under drought.
* 3D canopy structure.
. . . *  Plant height and volume estimation.
3 LiDAR Sensors Airborne or UAV mounted LiDAR . g
e Biomass assessment.
e Field variability mapping.
*  Photosynthetic activity measurement.
Chlorophyll Fluorescence Sensors, Pulse Y . Y
4 Fluorescence Sensors ) ) e Early stress detection.
Amplitude Modulation (PAM) Fluorometer L
«  Crop growth monitoring.
*  Soil moisture estimation.
. . . . ¢ Biomass and crop density measurement.
5 Radar/Microwave Sensors SAR, Passive Microwave Radiometers : - P "y U .
e Monitoring under cloud cover or at night.
e Large scale yield estimation.
. . . e Leaf level re ectance and pigment analysis.
Spectroradiometers, Soil Plant Analysis . ChloroV hyll concentraltionp:geasuremeriltI
6 Proximal/Ground Based Sensors Development (SPAD) Meters, Soil Moisture . p 4 '
Sensors *  Soil moisture status.
e Ground truthing for satellite/UAV data.

transpiration dynamics. Furthermore, it was reported that the
resulting multimodal datasets can be leveraged to train and enhance
statistical yield-prediction models with improved robustness and
accuracy. As a result, real-time scalability and decision-support
systems in precision agriculture become feasible (Vallentin
et al., 2022).

2.2.2 UAV-based sensing

RS-based drone yield estimation for crops and plants is a
relatively emerging technology. While it has gained substantial
attention and momentum within the research community over
recent years, its adoption at the end-user level, particularly among
farmers, remains limited. This hesitation can be attributed to several
factors, including insuf cient technical expertise to operate and
interpret drone-derived data, as well as the additional nancial
burden associated with acquiring and maintaining the required
equipment. Drones (UAVSs) are mainly chosen to monitor plot-level
yield estimation. They can be equipped with sensors like
multispectral, hyperspectral, LiDAR, TIR, and high resolution
RGB. The use of these sensors enables researchers to collect high-
resolution localized, spatiotemporal data, which can provide
centimeter-level precision (Yuan et al,, 2024; Gade et al., 2025).
Such data typically encompass detailed information on crop and
plant canopy attributes, as well as the physiological and structural
properties of the underlying soil. The acquired datasets are
subsequently employed by researchers to assess plant water
balance and physiological responses to stress. In recent studies,
there has been a growing tendency to rely predominantly on UAV-
acquired data for training yield prediction models, based on the
premise that manually collected datasets are more susceptible to
human error, whereas UAV-derived measurements offer greater
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consistency and reliability. It can be concluded that, if fully adopted
by farming communities, UAV-based methods can provide non-
destructive and scalable forecasting of yield estimations for both
crops and plants (Prey et al., 2022).

2.2.3 Manned aerial systems

Manned Aerial Systems (MAS) consist of both the xed-wing
and the rotary-wing drones. These aerial systems are signi cant for
agricultural surveillance because they can cover large areas. MAS
operate at high altitudes, making it possible to effectively achieve
moderate-resolution multispectral, hyperspectral, and thermal data.
This moderate resolution helps in the accurate assessment of crop
phenological dynamics at regional levels (Salomi et al., 2025). MAS
also support extensive spatial coverage in data collection, which is
vital for commercial agriculture. Their long-range endurance and
scalability make them essential for predictive yield forecasting. This
capability is realized through the systematic integration of acquired
datasets into agro-informatics-driven decision-support systems for
data-informed agronomic planning and management (Chen
et al., 2023).

2.2.4 Ground-based platforms

RS ground-based platforms have emerged as one of the pillars
supporting agricultural yield estimating methods. They exist in
various shapes and forms; for example, they can be mounted
directly on harvesting equipment or designed and deployed as a
crop-speci ¢ ground-based rovers equipped with advanced sensors.
However, in some cases, researchers and users prefer xed, static
proximal sensors installed at strategically important locations
within the eld. The range of sensors supported by ground-based
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platforms is largely comparable to those integrated into UAV- and
MAS-based systems. Their primary advantage, however, is that
these sensors can have direct power supply and direct wired
communication links instead of relying on WSNs (Gatkal et al.,
2024). This con guration enhances reliability, data integrity, and
transmission stability, making them a preferred option for data
acquisition among both researchers and end users, including
farmers. They can be relied upon in situations where WSN-based
RS systems are limited. However, researchers and users have
reported that ground-based platforms have low scalability
compared to WSN-based RS systems. Despite these limitations,
they enable high-resolution and, in many cases, near real-time
assessment of phenotypic characteristics. The range of tasks they
support includes, but is not limited to, analysis of soil moisture
dynamics, monitoring of canopy temperature variations, and
evaluation of localized microclimatic conditions. Some researchers
are also validating the outputs of mobile dataset-based prediction
models using these static datasets. This cross-validation approach
enhances the calibration and robustness of radiative transfer models
as well as ML-based predictive frameworks, ultimately improving
their generalization and reliability. The integration of ground-based
platforms can signi cantly boost the accuracy of yield prediction
models for both crops and plants (Fei et al., 2023).

2.3 Analytical and modeling approaches

The analytical and modeling approaches opted by researchers
for yield estimation use advanced statistical frameworks. Those
frameworks rely on crop growth simulation models. ML algorithms
can further support the prediction of productivity outcomes by
using the collected multidimensional datasets. Such datasets include
physiological traits, environmental drivers, and management
variables. Together, these approaches enable robust and scalable
yield forecasting in both the crops and plants.

2.3.1 Vegetation indices

Most RS sensors deployed in agricultural settings are primarily
designed to derive vegetation indices, commonly including the
NDVI, the Soil-Adjusted Vegetation Index (SAVI), and the Green
Normalized Difference Vegetation Index (GNDVI). These indices
act as sophisticated spectral variables that can be used for yield
estimation in both crops and plants (Garc@ Cardenas et al., 2018;
Basso et al,, 2019). They accurately capture the variations in
re ectance for both the visible and near-infrared range. These
measurements can subsequently be utilized to derive key
biochemical and biophysical attributes of the agricultural target
under investigation. These characteristics include chlorophyll
content, photosynthetic activity, and LAI In this context, SAVI
offers superior capability for soil background correction, while
GNDVI provides enhanced sensitivity to chlorophyll absorption.
Their reading-based datasets are considered essential components
of modeling algorithms that support accurate yield estimation of
both crops and plants (Awate and Nagne, 2023; Kaya and
Polat, 2023).
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2.3.2 Crop growth simulation models

Crop growth simulation models are developed by researchers as
advanced integrative frameworks that incorporate variables such as
soil properties, genetic characteristics, and management practices to
support accurate yield forecasting. Some of the widely used platforms
include the Decision Support System for Agrotechnology Transfer
(DSSAT), the Agricultural Production Systems Simulator (APSIM),
and the World Food Studies (WOFOST) model. Researchers have
pointed out that these simulation frameworks assimilate diverse
datasets for yield estimations based on agricultural environments.
Those diverse datasets may include soil-plant-atmosphere
interactions, management strategies, and stochastic weather
dynamics. It has been observed that the inclusion of stochastic
weather dynamics-based assumptions and calculations increases the
model s reliability (Abayechaw, 2021; Gavasso Rita et al., 2024,
George et al.,, 2024; Li et al,, 2024). When these advanced
simulation tools are supplied with RS-based vegetation index
datasets derived from multispectral, hyperspectral, and thermal
spectra, model performance is further enhanced. This integration
ensures reliable calibration of canopy re ectance, LAI, and stress-
related indicators. It also enables dynamic parameter assimilation and
improved spatiotemporal scalability in both the localized and general
level study on crops and plants. Ultimately, it has been observed that
such integration establishes an adaptive, data-intensive, and
analytically robust tool for yield forecasting in agricultural
environments (Singh et al., 2025).

2.3.3 Data fusion techniques

Data fusion techniques are another advancement for yield
estimation in the agricultural sector. For example, integrating SAR
and optical imagery facilitates data-fusion frameworks that capture
structural and dielectric characteristics through SAR while
simultaneously leveraging optical data to provide rich spectral
information (Mustak et al., 2019). Researchers have emphasized
hybrid and data-fusion strategies because such systems can
effectively overcome the limitations inherent in individual sensors.
This capability, in turn, ensures more consistent and uninterrupted
data availability for end users, particularly farmers, even under
adverse atmospheric conditions. Various approaches have been
adopted by researchers for the fusion of data, including Bayesian
approaches, radiative transfer models, and DL frameworks. The
adoption of these approaches facilitates the precise extraction of
crop biophysical and biochemical parameters, thereby enhancing
prediction reliability and improving the scalability of yield
forecasting systems (Sisheber et al., 2023).

2.3.4 Phenology-based estimation

Phenology-based yield estimation operates as a process-driven
analytical framework that employs multi-temporal RS observations
to characterize crop developmental dynamics. These observations
are linked to stage-speci ¢ phenological transitions that in uence
yield potential. Such relationships are examined through systematic
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analysis of growth stages, vegetative expansion, reproductive
development, and senescence using spectral-temporal indices,
canopy re ectance characteristics, and thermal signals (Pei et al.,
2025). This approach supports accurate assessment of biomass
distribution and stress-induced variability. Furthermore,
incorporating time-series data into radiative transfer and ML
models improves robustness by mitigating uncertainties associated
with single-date observations, while the inclusion of phenological
metrics enhances the predictive accuracy of crop and plant yield
estimation. This temporally resolved methodology has the capacity to
support high-resolution, scalable, and computationally robust yield
forecasting systems, thereby reinforcing precision agro-informatics
and sustainable agricultural intensi cation (Sakamoto et al., 2013).

To reinforce the preceding discussion, a schematic illustration
and a basic layout have been included to aid the readers
comprehension. Figure 3 presents a simpli ed ow diagram that
outlines the fundamental stages involved in information processing
for yield forecasting.

2.4 Machine learning models

This section is intended to critically synthesize how data-driven
algorithms are employed to enhance the accuracy, robustness, and
scalability of predictive tasks in RS-based agricultural applications.
Rather than cataloging individual techniques, this section focuses
on clarifying the functional role of ML in transforming high-
dimensional, multi-source RS data into actionable agronomic
insights. Emphasis is placed on explaining how different model
families address non-linearity, uncertainty, and spatiotemporal
variability, while also highlighting their assumptions, data
dependencies, and practical limitations. Although ML approaches
are part of the Analytical and Modeling Approaches discussed in
Section 2.3, ML methodologies merit a dedicated section.

10.3389/fpls.2026.1742689

Presenting them under a single short subheading would not
adequately capture their complexity. To enhance clarity and
reader comprehension, Figure 4 provides a structured ow
diagram that systematically illustrates the ML algorithms
employed for crop and plant yield estimation. The major
categories of ML techniques commonly employed include: (i)
Regression-based models, (ii) Ensemble learning models, (iii)
Probabilistic models, (iv) Neural networks, (v) Deep learning
architectures, (vi) Supervised Learning Models, and (vii)
Optimization Algorithms.

2.4.1 Regression-based models

Regression-based techniques enable the formulation of explicit
mathematical relationships between predictor variables. Among
these, Linear Regression (LR) serves as the most straightforward
and interpretable model. It can represent yield as a linear function
of variables such as NDVI, canopy temperature, and soil moisture.
Although LR is ef cient in modeling simple linear dependencies,
researchers have also reported that its performance deteriorates
when yield responses exhibit non-linear behavior across the
collected dataset (Iniyan et al., 2023). To address these challenges,
Multiple Linear Regression (MLR) extends the LR framework by
incorporating multiple independent variables. This extension
enables the simultaneous evaluation of diverse spectral signatures
and agronomic variables that collectively in uence yield estimation
(Piekutowska et al., 2021). MLR continues to be one of the most
commonly used approaches in RS-based yield estimation,
particularly under conditions where relationships are
approximately linear but time predictor intercorrelations are
minimal. However, agricultural datasets often demonstrate strong
multicollinearity that in turns leads to the adoption of Polynomial
Regression (PR), which integrates higher-order polynomial terms to
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model complex non-linear growth trajectories and phenological
variations in crops (Jha et al., 2022). PR is particularly effective in
capturing quadratic or exponential relationships, such as yield
saturation at elevated vegetation index values. Nevertheless, its
increased exibility also leads to over tting, especially when the
dataset size is limited.

To overcome this issue of over tting and multicollinearity,
Lasso Regression (L1 regularization) is used to incorporate a
penalty term into the loss function. This penalization suppresses
less informative coef cients, which enhances the model s stability,
robustness, and overall reliability, especially under challenging
conditions where strongly correlated predictors are prevalent,
such as in multispectral or hyperspectral datasets (Ahmed et al.,
2022; Gulshan et al., 2024). However, in contrast, the Ridge
Regression (L2 regularization) promotes sparsity by reducing
insigni cant coef cients to zero, facilitating automatic feature
selection, and improving model interpretability (Sha ee et al.,
2021; Iniyan et al., 2023). On the other hand, the Elastic Net
Regression, which merges both the L1 and L2 penalties, has the
capability to provide a balanced mechanism between coef cient
shrinkage and variable selection. This quality makes it highly
suitable for yield estimation scenarios with numerous interrelated
variables, such as vegetation indices that are derived from multiple
spectral bands (Setiya et al., 2024; Rajendiran and Rethnaraj, 2025).
Collectively, these regularized regression approaches are crucial for
managing high-dimensional agricultural datasets, where redundant
or noisy inputs may otherwise compromise the accuracy of
traditional regression models.

Support Vector Regression (SVR) applies powerful kernel
functions such as the radial basis function (RBF), polynomial, and
sigmoid kernels. These methods project input data into higher-
dimensional feature spaces, enabling the model to capture complex
non-linear interactions between environmental variables and crop
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yield, which can then be represented and analyzed as linear
relationships. This method offers strong resistance to outliers and
superior generalization ability, ensuring accurate yield predictions
across different spatial and temporal contexts (Kok et al., 2021).

Conversely, Gaussian Process Regression (GPR) adopts a
probabilistic modeling perspective, treating yield as a probability
distribution rather than a xed outcome, thereby inherently
capturing predictions uncertainties in yield estimation (Ghosh
et al., 2022b; Lagrazon and Tan, 2023). Together, regression-based
techniques, ranging from basic linear formulations to probabilistic
models, have the capacity to form a comprehensive analytical toolkit
for modern yield estimation. Such integration facilitates a balanced
trade-off between model interpretability, adaptability to varying
agronomic conditions, and predictive precision across diverse crop
types. In Table 2 we have provided a comparative performance
analysis of the aforementioned regression-based methods.

2.4.2 Ensemble learning models

Ensemble learning models have emerged as a crucial component
of modern agricultural data analysis, especially for crop and plant
yield prediction. This is due to their strong capability to combine
multiple weak or base learners into a uni ed and highly effective
predictive framework. This methodology effectively minimizes
over tting, strengthens generalization, and improves prediction
reliability when processing diverse, complex, and noisy datasets
originating from RS.

Random Forest (RF) integrates multiple decision trees through
the bagging (bootstrap aggregation) approach. In that approach,
each tree is trained independently on randomly chosen subsets of
data and features. The ensemble s overall prediction is then derived
by averaging results for regression problems or by majority voting
in classi cation tasks. In the context of yield estimation, RF exhibits
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TABLE 2 Comparative analysis of regression-based models used for yield estimation in crops and plants.

S.No Metric (LR) (MLR) (PR) (L2) (L1) (L1+L2) (SVR) (GPR)
1 Accuracy (%) 75 82 78 85 80 88 83 90 84 91 85 92 88 94 89 95
2 Precision (%) 74 81 77 84 79 87 82 89 83 90 84 91 87 93 88 94
3 Recall (%) 72 80 75 83 78 86 82 88 83 90 84 91 86 93 88 95
4 F1-Score (%) 73 81 76 84 79 87 82 89 83 91 84 92 87 94 88 95
5 Training Time Very Fast Fast Medium Fast Fast Medium Medium Slow

6 Inference Time Very Fast Fast Medium Fast Fast Medium Medium Slow

7 Model Complexity Very Low | Low Medium Medium Medium Medium High High

8 Robustness to Noise | Low Low Medium | Medium High High High High Very High
9 Scalability Very High | High Medium High High High Medium Low

10 Interpretability High High Medium High High High Low Low

outstanding robustness against noise and multicollinearity in the  yield prediction in both crops and plants (Yadav et al., 2024; Yan
datasets. This robustness ef ciently helps in modeling complex  etal., 2025). Table 3 provides a comparative performance analysis of
non-linear interactions among vegetation indices, soil moisture,  the Ensemble Learning- and Supervised learning Models-
temperature, and crop biomass (Prasad et al., 2021; Dhillon et al.,  based methods.

2023). The Extra Trees Regressor (ETR) advances this concept by

introducing greater randomness in feature selection and threshold  2.4.3 Probabilistic models

determination. This helps in enhancing computational ef ciency

and reducing bias toward dominant variables by making it Probabilistic modeling approaches are also a powerful analytical
particularly suitable for analyzing high-dimensional hyperspectral  tool used in agricultural yield estimation due to their capacity to
data (Sudhamathi and Perumal, 2024). incorporate uncertainty, variability, and non-linearity inheritance

Boosting-based ensemble techniques, such as Gradient Boosting  in agroecosystems. Unlike most of the deterministic models, which
Machine (GBM), XGBoost, LightGBM, and CatBoost, construct —assume xed relationships between inputs and outputs,
additive models in a sequential manner, where each new learner  probabilistic models treat crop yield prediction as a stochastic
attempts to correct the residual errors of the previous ensemble.  process in uenced by numerous interacting factors. These factors
GBM iteratively minimizes loss functions by using gradient descent,  may include soil moisture, spectral indices, temperature
which helps provide exceptional exibility and high predictive uctuations, and phenological variations.
precision in crop yield estimation (Huber et al., 2022; Kulpanich Naive Bayes (NB), based on Bayes theorem, models the
et al.,, 2023; Uribeetxebarria et al., 2023; Wang et al., 2025). XGBoost ~ conditional probability of yield outcomes given speci ¢ input
extends the qualities of GBM through optimized regularization,  features under an independence assumption. Despite its
parallelized computation, and advanced handling of sparse data.  simplicity, NB performs remarkably well in early-stage yield
These enhancements collectively improve accuracy and scalability in  classi cation, disease detection, and stress condition assessments
away that is particularly useful in large-scale UAV- or satellite-based ~ where probabilistic relationships can be approximated ef ciently
yield monitoring (Kulpanich et al., 2023). LightGBM, designed for ~ (Chandana and Parthasarathy, 2022).
speed and ef ciency, employs leaf-wise tree growth and histogram- Hidden Markov Models (HMMs) extend probabilistic
based splitting, achieving superior performance with lower memory  reasoning into the temporal domain by capturing sequential
usage, which is an advantage in edge computing applications for  dependencies among growth stages and environmental states.
smart farming (Wang et al., 2025). On the other hand, CatBoost is ~ They model crop yield evolution as a sequence of states, such as
developed to ef ciently handle categorical variables. It mitigates  germination, vegetative growth, owering, and maturation, where
target leakage through ordered boosting and permutation-based  each is associated with observable variables such as LAI, NDVI, or
encoding, making it valuable for mixed agronomic datasets that  canopy temperature. This temporal modeling capability makes
contain both continuous and categorical inputs in cro and plantyield ~ HMMs particularly useful for monitoring yield dynamics across
estimation (Uribeetxebarria et al., 2023). Additionally, Adaptive  the growing season, using speci cally time-series satellite data
Boosting (AdaBoost) adjusts the weight of each training instance  (Taylor and Browning, 2022). Similarly, Fuzzy Logic Models also
based on previous errors, giving greater importance to unpredicted  have the capability to emulate human reasoning to handle
samples in subsequent iterations. This dynamic weighting  ambiguity and imprecision in agricultural data. By de ning fuzzy
mechanism allows AdaBoost to excel in scenarios with imbalanced ~ membership functions for variables such as high NDVI or moderate
agricultural data or rare crop stress occurrences (Faizan and Khilar,  soil moisture, Fuzzy inference systems enable interpretable
2025). However the Bagging Regressor can enhance robustness by  decision-making frameworks that capture gradual transitions in
training several base regressors on random subsets and averaging  plant health. This approach allows reliable yield estimation under
their outputs, effectively reducing variance and improving stability in -~ uncertain or incomplete sensor information (Kuzman et al., 2021).
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TABLE 3 Comparative analysis of ensemble and supervised learning models used for yield estimation in crops and plants.

XGBoost LightGBM CatBoost AdaBoost Bagging
regressor
1 Accuracy (%) 75 82 88 94 87 93 89 95 90 96 91 96 90 95 86 92 85 91
2 Precision (%) 74 81 87 93 86 92 88 94 89 95 90 95 89 94 85 91 84 90
3 Recall (%) 73 80 86 92 85 91 87 93 88 95 89 95 88 94 84 90 83 89
4 F1-Score (%) 73 81 87 93 86 92 88 94 89 95 90 95 89 94 85 91 84 90
5 Training Time very Medium | Fast M.edlum— High Very Low Medium Medium Low Medium
Fast High
6 Inference Time Fast Fast Fast Medium Medium Very Fast Fast Fast Fast
Model . . . . . . . .
7 . Low Medium | Medium | High High High Medium Medium Medium
Complexity
Robustness to . . . . . . . Medium .
8 Noise Medium | High High High Very High Very High Very High High High
9 Scalability Medium | High High High Very High Very High High Medium High
10 Interpretability High Medium | Medium II;/(I):(;_ium Medium Medium High Medium Medium

Hybrid probabilistic ensemble methods, such as the Random
Subspace Method (RSM), combine probabilistic sampling with
ensemble learning to improve model robustness and
generalization. The RSM constructs multiple base classi ers by
training them on randomly selected subsets of features, thereby
reducing variance and mitigating over tting in high-dimensional
datasets (Hazra et al., 2023; Ghochanian Haghverdi et al., 2024). By
integrating these methods with multisource data from sources such
as UAV imagery, soil sensors, and meteorological records,
researchers can develop more reliable, interpretable, and adaptive
yield estimation models that advance precision agriculture and
sustainable farming practices. Table 4 provides a comparative
performance analysis of the Probabilistic, Supervised Learning
Models, and Optimization Algorithms-based methods.

2.4.4 Neural network
Neural network (NNs)-based models have emerged as powerful

computational tools for yield estimation due to their ability to
approximate complex, non-linear, and high-dimensional

relationships among environmental, spectral, and agronomic
variables. Unlike conventional statistical models that rely on
explicit functional assumptions, NNs have the capability to learn
from data through iterative optimization, capturing intricate
dependencies among soil moisture, vegetation indices, temperature,
rainfall, and canopy re ectance. Among the most widely used
architectures, the Feed-Forward Neural Networks (FNNs) serve as
foundational models. They consist of an input layer, one or more
hidden layers, and an output layer. Each neuron in FNNs applies an
activation function to the weighted sum of the inputs, enabling non-
linear transformations that map raw sensor or spectral data to yield
predictions. Their simplicity and adaptability make them ideal for
continuous regression tasks, such as biomass and grain yield
estimation across varying phenological stages (Chang et al., 2024).
Building upon the FNNSs, the Multilayer Perceptron (MLP)
introduces multiple hidden layers and non-linear activation
functions. This structural enhancement signi cantly augments its
representational capacity, enabling the modeling of complex agro-
ecological interactions and non-linear system dynamics. MLPs are
frequently employed in RS-based yield estimation modeling where-

TABLE 4 Comparative analysis of probabilistic, supervised learning models and optimization algorithms used for yield estimation in crops and plants.

SH\[o] Metric (k-NNs) (NB) (HMM) (FLM) (GA) (PSO) (RSM)

1 Accuracy (%) 85 90 80 86 86 92 84 90 88 93 89 94 90 95

2 Precision (%) 83 88 78 85 84 90 82 88 86 92 87 93 88 94

3 Recall (%) 84 89 79 86 85 91 83 89 85 91 86 93 89 95

4 F1-Score (%) 84 89 79 85 85 91 83 89 86 92 87 93 89 94

5 Training Time Medium Very Fast Medium Medium Slow Medium Fast

6 Inference Time Slow Very Fast Medium Fast Medium Fast Fast

7 Model Complexity Moderate Low High Moderate High Moderate High High

8 Robustness to Noise | High Moderate High High Very High Very High Very High

9 Scalability Low High Medium Medium High Very High Very High

10 Interpretability Medium High Medium Very High Medium Medium Low
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multi source inputs, such as NDVI, canopy temperature, and soil
nitrogen content, require hierarchical feature extraction. Training is
generally carried out using the backpropagation algorithm, which
iteratively reduces the mean squared error between the predicted
yields and the observed ground-truth values (Tripathi et al., 2022).

In contrast, to the MLP, the Radial Basis Function Network
(RBFN) adopts a different activation strategy by employing
Gaussian or radial functions that measure the distance between
input vectors and prototype centers. This structure allows RBFNs to
achieve faster training convergence and superior performance on
localized or non-linear yield patterns, making them suitable for site-
speci ¢ precision agriculture applications (Wu et al., 2022).

Probabilistic Neural Networks (PNNs) extend traditional neural
models into a probabilistic domain by using kernel-based
estimations of probability density functions. PNNs are
particularly effective for classi cation that is oriented towards
accurate yield estimation tasks. Those estimation tasks include
distinguishing between high- and low-yield zones. This is
accomplished by estimating the likelihood of each class and
selecting the most probable outcome (Akanksha et al., 2021).

Similarly, the Extreme Learning Machine (ELM) offers an
ef cient alternative to gradient-based training by randomly
assigning hidden-layer parameters and analytically determining
output weights. This adaptation drastically reduces training time
while maintaining high generalization accuracy, enabling rapid
yield prediction from large-scale RS-based datasets (Vashisht
et al., 2023).

However, the Self Organizing Map (SOM) approach has the
capability to provide powerful visualization and clustering capabilities
by mapping multidimensional input features onto a low-dimensional
grid. In yield estimation, SOMs can identify spatial and temporal
yield patterns, classify crop health zones, and detect anomalies in
spectral signatures caused by stress factors such as drought or
nutrient de ciency (Bustos-Korts et al., 2022).

Finally, the Adaptive Neuro-Fuzzy Inference System (ANFIS)
integrates the learning capabilities of NNs with the interpretability
of fuzzy logic. By representing knowledge in the form of fuzzy rules
and membership functions, ANFIS can handle uncertainty and
imprecision in agricultural data, producing explainable and robust
yield predictions (Borse et al., 2025).

10.3389/fpls.2026.1742689

Table 5 provides a comparative performance analysis of the
NN-based methods discussed above.

2.4.5 Deep learning architectures

Deep learning (DL) architectures have the capacity to
automatically extract hierarchical and discriminative features from
high-dimensional and heterogeneous agricultural data. Among
these, Convolutional Neural Networks (CNNs) are widely adopted
due to their exceptional performance in processing spatial and
spectral data. Such data is commonly acquired from UAV
platforms, satellite imagery, and ground-based sensing systems.
CNNs effectively capture spatial patterns in canopy structure,
vegetation indices, and texture features, enabling accurate mapping
between visual cues and crop yield (Yang et al., 2021). Two-
Dimensional CNNs (2D-CNNs) primarily handle spatial imagery
such as RGB, multispectral, and hyperspectral data. However, when
spectral and temporal information is integrated, Three-Dimensional
CNNs (3D-CNNs) outperform their 2D counterparts by applying
3D kernels across spatial-spectral-temporal domains. The
application of speci ¢ kernels allows for better representation of
plant growth dynamics, phenological transitions, and stress
responses over time (Nejad et al., 2022; Morales et al., 2023).

However, for pixel-level yield prediction and segmentation tasks,
Fully Convolutional Networks (FCNs) and U-Net architectures are
particularly valuable. FCNs replace traditional dense layers with
convolutional layers to preserve spatial resolution, enabling the
generation of dense yield maps that provide continuous spatial
yield estimations. U-Net, with its encoder and decoder structure,
has the capability to enhance localization accuracy by merging low-
level spatial details with high-level semantic information. This fusion
mechanism makes it particularly well-suited for plant canopy
segmentation and ne-grained yield mapping, especially in spatially
heterogeneous agricultural environments (Alkhudaydi and De la
Lglesia, 2022; Buttar, 2024; Lei et al., 2024).

Residual Networks (ResNets) further advance the process of
yield estimation by mitigating the vanishing gradient problem
through shortcut (residual) connections. This design enables the
effective training of very deep network architectures, thereby
enhancing generalization capability and feature abstraction in

TABLE 5 Comparative analysis of neural network-based models used for yield estimation in crops and plants.

S.No Metric (FFNN) (MLP) (RBFN) (PNN) (3] (SOM) (ANFIS)

1 Accuracy (%) 85 90 88 94 86 91 83 89 87 92 80 86 89 95

2 Precision (%) 83 89 87 93 84 90 82 88 86 91 79 85 88 94

3 Recall (%) 82 88 86 92 83 89 81 87 85 90 78 84 87 94

4 F1-Score (%) 84 89 87 93 84 90 82 88 86 91 79 85 88 94

5 Training Time Medium Slow Fast Medium Very Fast Medium Slow

6 Inference Time Fast Medium Fast Fast Very Fast Medium Medium

7 Model Complexity Medium High Medium Medium Low Medium High

8 Robustness to Noise | Moderate High High High Moderate High Very High

9 Scalability High High Medium Medium Very High Medium Medium

10 Interpretability Medium Low Medium High Medium High Very High
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complex agricultural settings. Such environments are characterized
by high data variability resulting from soil background effects and
crop heterogeneity (Fathi et al., 2023).

However, beyond spatial modeling, Recurrent Neural Networks
(RNNs) are employed to model temporal dependencies within
time-series datasets, including phenological growth patterns,
weather sequences, and multi-temporal RS observations (Ingole
et al.,, 2024). Traditional RNNs often suffer from long-term
dependency issues, which are effectively addressed by Long Short-
Term Memory (LSTM) networks. LSTMs incorporate gating
mechanisms, input, and output gates, to regulate information

ow, thereby retaining long-range temporal correlations that may
be critical for predicting yield trends over entire growth seasons
(Mateo-Sanchis et al., 2023).

Similarly, Gated Recurrent Units (GRUSs) provide a simpli ed
yet ef cient variant of LSTM, achieving comparable accuracy with
fewer parameters. This quality makes GRUs computationally
suitable for large-scale agricultural datasets or edge-deployed
smart farming systems (Alibabaei et al., 2021; Hussein et al., 2025).

However, in order to capture sequential input-output
relationships more effectively, Sequence-to-Sequence (Seq2Seq)
networks are leveraged for yield forecasting tasks, such as when
there is use of multi-step yield prediction from sequential satellite
images or weather data. In this framework, the encoder processes
input sequences, such as spectral temporal features, while the decoder
predicts future yield or growth states. This encoder-decoder
paradigm effectively captures and models complex temporal
dependencies and dynamic transformations within agricultural
time-series data. This aforementioned architecture can be
integrated with attention mechanisms, enabling the model to focus
on critical phenological periods that in uence yield outcomes
(Orduna-Cabrera et al., 2025). Table 6 provides a comparative
performance analysis of the DL architectures discussed above.

2.4.6 Supervised learning models

Within this context, the Decision Tree (DT) acts as a core
foundational learning model, dividing the input space recursively

10.3389/fpls.2026.1742689

according to feature-based thresholds. DTs provide clear
interpretability and highlight hierarchical feature importance.
However reliance on a single tree structure often results in high
variance and a tendency toward over tting, particularly in intricate
agricultural datasets (Kalichkin et al., 2021; Lillo-Saavedra et al., 2022).

On the other hand, k-Nearest Neighbors (k-NNs) offers a non-
parametric approach in which vyield is inferred by averaging the
outputs of the most similar data points within the feature space. Its
simplicity and adaptability to non-linear relationships make k-NNs
effective for localized yield mapping using multispectral and
hyperspectral features (Dsouza and Babu, 2024).

2.4.7 Optimization algorithms

Beyond statistical reasoning, optimization that may be based on
probabilistic models, such as the Genetic Algorithm (GA) and
Particle Swarm Optimization (PSO), have gained prominence in
crop yield prediction modeling processes. GAs mimic the process of
natural selection by evolving a population of candidate solutions
toward optimal regression or classi cation models that minimize
prediction errors. They are particularly advantageous for feature
selection, hyper parameter tuning, and optimizing non-linear
model parameters in high dimensional agricultural datasets (Bi and
Hu, 2021). On the other hand, PSO, inspired by the social behavior of
bird ocking, represents algorithms where particles iteratively update
their positions based on personal and collective best experiences. In
yield estimation, PSO has been employed to optimize NN weights,
regression coef cients, and vegetation index thresholds. This practice
results in enhanced convergence accuracy across diverse crops in
agro-climatic zones (Gong et al., 2023; Reddy and Madapuri, 2024).

3 Limitations in remote sensing-based
yield estimation

This section critically examines the limitations in RS-based
yield estimation in order to provide a balanced and realistic

TABLE 6 Comparative analysis of deep learning architectures based models used for yield estimation in crops and plants.

3D-CNN Seq2Seq
1 Accuracy (%) 88 93 89 94 91 96 90 95 92 97 93 98 86 91 90 95 89 94 91 96
2 Precision (%) 87 92 88 93 90 95 89 94 91 96 92 97 85 90 89 94 88 93 90 95
3 Recall (%) 86 91 87 92 89 95 88 94 90 96 91 97 84 89 88 94 87 92 89 95
4 F1-Score (%) 87 92 88 93 90 95 89 94 91 96 92 97 85 90 89 94 88 93 90 95
5 Training Time Medium | Medium High High High High Medium | High Medium Very High
6 Inference Time Fast Fast Medium Medium Medium Medium Medium | Medium Fast Medium
. . . . Very Very Very . . . .

7 Model Complexity | High High Very High High High High Medium | High Medium Very High

Robustness to : . . . Very Very . Very ) .
8 Noise High High Very High High High High Medium High High Very High

o . . . . . . . . Very .
9 Scalability High High Medium Medium Medium High High High High High
10 Interpretability Low Low Low Low Low Low Medium | Medium Medium Low
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understanding of current methodological constraints. Its primary
purpose is to identify key challenges that hinder the accuracy,
robustness, and scalability of yield prediction models. These
limitations include sensor noise, atmospheric disturbances, spatial
and temporal resolution trade-offs, data sparsity, and model
generalization issues across crops and regions. By systematically
outlining these constraints, this section establishes a clear context
for interpreting reported results, highlights unresolved research
gaps, and motivates the need for advanced sensing strategies,
data-fusion frameworks, and more resilient modeling approaches.
This section is divided into four categories: (i) Environmental
Limitations, (ii) Algorithmic Limitations, (iii) Hardware and
Operational Limitations, and (iv) Wireless Sensor Network-Based
Limitations. Figure 5 presents a ow diagram summarizing the key
limitations in RS-based yield estimation.

3.1 Environmental limitations

Environmental challenges in RS-based yield estimation arise
from factors such as atmospheric disturbances, seasonal variability,
soil moisture uctuations, and heterogeneous microclimates that
degrade data quality and complicate spectral measurements.

3.1.1 Atmospheric and weather effects

Regional weather uctuation and rapidly changing atmospheric
conditions have a major impact on RS-based yield estimations. These
tend to introduce radiometric, geometric, and temporal distortions
into the datasets. When such degraded datasets are subsequently
used as inputs to prediction models, their estimation accuracy is
signi cantly reduced. Among the atmospheric conditions, cloud
cover has the most detrimental impact on the performance of
optical sensors. Cloud presence signi cantly attenuates or
completely blocks incident and re ected optical electromagnetic
radiation, thereby limiting optical sensor effectiveness. In contrast,
SAR systems operate in the microwave spectrum, allowing them to
penetrate cloud cover and support all-weather data acquisition

10.3389/fpls.2026.1742689

(Kordi and Youse , 2022; Cunha et al., 2024). Similarly, the
occurrence of a localized dust storm can lead to the accumulation
of dust particles on sensor surfaces, which directly degrades the
accuracy of the acquired measurements. Such unavoidable weather-
induced conditions introduce temporal data gaps and cause spectral
distortions, ultimately compromising the continuity and reliability of
the sensed data (Sillmann et al., 2021). Haze and atmospheric
aerosols also cause scattering and absorption, which reduces the
Signal-to-Noise Ratio (SNR). Changes in solar illumination
geometry and topography-driven shadows generate anisotropic
re ectance, undermining the radiometric comparability of multi-
temporal datasets. All these factors substantially undermine the
reliability of the sensor-acquired data, particularly when the
measurements are in uenced by the previously mentioned regional
climatic or atmospheric variations. However, the research
community has emphasized the use of advanced physics-based
correction frameworks and the adoption of multi-angular sensing
strategies. For dust and other organic particles, such as bird
dropping, self-cleaning setups are recommended. Such measures
facilitate the acquisition of high- delity sensor data, and the
improved data integrity subsequently enhances the robustness and
predictive reliability of yield estimation models for crops and other
plant systems (Proctor, 2021).

3.1.2 Crop and soil variability

Crop and soil variability have a powerful impact on estimation
of yields in both crops and plants. This variability introduces
substantial spatial and structural heterogeneity, which complicates
the accurate retrieval of key biophysical parameters. As a result, the
increased heterogeneity can degrade model calibration, limit
generalizability, and, ultimately, reduce the reliability of predictive
yield estimation models. To understand this effect, consider the
example of the same crop cultivated simultaneously at two different
locations. If a single prediction model is deployed to estimate yield
at both sites without accounting for location-speci ¢ variations in
soil properties and crop-soil interactions, the resulting predictions

FIGURE 5

Categorization of the limitation in remote sensing-based yield estimation of crops and plants.

Frontiers in Plant Science

14

frontiersin.org


https://doi.org/10.3389/fpls.2026.1742689
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org


























































	A review of remote sensing-based crop yield estimation: machine learning techniques and environmental, algorithmic, and hardware limitations
	1 Introduction
	1.1 Research methodology

	2 Remote sensing-based yield estimation


