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Abstract

Rapid and accurate quantification of crop biomass using multisource UAV
imagery—derived features, such as plant height, vegetation indices, and texture
indices demonstrates strong potential for soybean high-throughput
phenotyping. The indeterminate growth habit of soybean, alongside extensive
nodulation and intense inter-plant competition, necessitates individual plant
level (IPL) monitoring to quantify plant-specific nitrogen fixation and
competitive vigor. However, most studies aggregate measurements at multi-
plants at the plot level, thereby masking these soybean-specific traits. This
study aims to develop and evaluate a UAV imagery-based framework for
estimating soybean biomass at the IPL, with the objective of characterizing

high-resolution spatial variability and supporting high-throughput phenotyping.
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Regions of interest (ROIs) for IPL data acquisition were defined as rectangular
plots based on planting density and were generated from early-stage imagery
before canopy overlap occurred. Using these ROls, structural information (SIs)
including plant height (PH) and vegetation fraction (VF)), vegetation indices
(VIs), and texture indices (TIs) were derived for each individual plant from
RGB and multispectral imagery and organized into sensor-specific feature
groups. Recursive feature elimination was applied to select optimal features,
which were then used as inputs for machine learning architectures including
support vector regression (SVR) with a linear kernel, Random Forest (RF), and
XGBoost (XGB). Among them, the SVR model using fused multisource
features (SIs + VIs + Tis) achieved the best performance, with R*=0.88, RMSE
=55.34 g, and rRMSE = 8.50% on an independent test dataset. The results show
that: (1) tree-based models, including XGB and RF may suffer from overfitting
due to limited sample size and feature redundancy, whereas linear SVR showed
better generalization; (2) fusing RGB and multispectral features consistently
improved biomass estimation accuracy. Inparticular, near-infrared and red-
edge-based indices such as RECI and NDRE, along with VF and PH, were
identified as important predictors, while texture indices were not selected as
significant features; and (3) the proposed framework enabled spatially explicit
IPL biomass mapping and time-series analysis, revealing variability in growth
conditions and distinct growth trajectories. The framework provides a reliable
solution for IPL soybean biomass estimation with practical potential for UAV-

based agricultural decision-making.

Keywords: Feature fusion; Plant phenotyping; Precision agriculture; Remote
sensing; Spatial variability
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Highlights

 UAV multisource imagery including RGB and multispectral enables
individual plant level soybean biomass estimation

* SVR model with fusing multisource features achieved highest accuracy (R*=
0.89)

* Multispectral imagery-based features—near-infrared and red-edge-based

indices such as Red Edge Chlorophyll Index and Normalized Difference Red
Edge—improved biomass prediction performance beyond RGB imagery-based

features such as VF and PH.

o Spatiotemporal IPL analyses demonstrate the feasibility of biomass

estimation by capturing spatial patterns and growth dynamics.
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1 Introduction

Soybean (Glycine max L.) is a major global food crop and leading plant-
based protein source, playing a critical role in food security (Hartman et al.,
2011). In recent decades, the increasing frequency of extreme climatic events
associated with global climate change has posed significant challenges to
soybean productivity and quality (Mall et al., 2004). These challenges have
driven intensive breeding efforts to develop cultivars with enhanced
adaptability and stable yields (Thomasz et al., 2024). Biomass is a key
physiological trait that reflects crop vigor and growth potential, encompassing
factors such as photosynthetic efficiency, light interception, and competitive
ability against weeds (Hsiao et al., 2009; Huang et al., 2016; Oerke, 2006).
However, traditional manual biomass measurements are destructive, labor-
intensive, and inefficient for large-scale phenotyping (Ubbens et al., 2020).
Unmanned aerial vehicle (UAV)-based remote sensing provides a non-
destructive, cost-effective, and faster alternative that enables high-throughput
acquisition of spatially explicit data (Jang et al., 2020; Zambrano et al., 2023).
Therefore, integrating UAV imagery into soybean biomass estimation
represents a promising approach to improve efficiency and precision in field
breeding programs (Kouadio et al., 2023; Liu et al., 2025; Tanaka et al., 2024)

Soybean exhibits indeterminate growth and continuously reallocates
biomass throughout its growth period. Root nodulation varies among individual
plants due to the spatial heterogeneity of rhizobial populations, leading to
differences in nitrogen fixation capacity (Lopez-Garcia et al., 2002). In
addition, substantial plant-to-plant variability in growth and yield occurs, and
can be further influenced by planting density and stand uniformity, ultimately
contributing to significant variation in biomass among individual plants
(Masino et al., 2018; Purcell et al., 2002). Thus, assessing biomass at the

individual plant level (IPL) enables a more accurate characterization of growth
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dynamics and plant-to-plant interactions, thereby supporting the precise
identification and selection of high-performing, resilient genotypes.

However, in most UAV imagery—based soybean growth prediction studies,
biomass datasets are typically constructed by defining regions of interest
(ROIs) that encompass multiple plants. UAV-derived image features within
each ROI are aggregated to generate representative values and paired with
corresponding ground-measured mean biomass to develop machine learing-
based models (Da et al., 2025; Okada et al., 2024; Randelovi¢ et al., 2023).
Therefore, this study aims to address this research gap by evaluating the
feasibility of UAV-based IPL soybean biomass estimation, a topic that remains
underexplored.

Among the various sensing modalities used in UAV-based phenotyping,
RGB imagery enables the extraction of structural information (SIs) related to
crop canopy volume, including vegetation fraction (VF) and plant height (PH)
(Bendig et al., 2014; Kim et al., 2018, 2023). These UAV-derived SIs show
strong potential for predicting crop biomass. For example, Kim et al. (2018)
and Kim et al. (2023) developed linear regression models using VF and PH
derived from RGB imagery, achieving strong predictive performance for radish
and Chinese cabbage, and for onion and garlic, respectively. However, beyond
crop volume, traits related to tissue composition, such as epidermal and
mesophyll structures, influence mass density and spatial morphology, both of
which closely correlate with biomass (Ye et al., 2024; Zhao et al., 2023).
Therefore, several studies incorporated vegetation indices (VIs) and texture
indices (TIs) derived from gray-level co-occurrence matrix (GLCM) analysis
(Matyukira & Mhangara, 2024; Yang et al., 2025). These VIs and TIs improve
prediction accuracy when integrated with structural features. However, RGB
imagery alone has inherent limitations, as it primarily captures canopy structure
and visible reflectance. In contrast, VIs and TIs derived from near-infrared

(NIR) and red-edge spectral bands provide additional information on crop
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physiological characteristics and plant health (Biswal et al., 2024a; Liu et al.,
2025). Therefore, fusing multisource UAV data from RGB and multispectral
sensors has the potential to provide more comprehensive information on crop
biomass. However, there are not many studies that systematically integrate
multisource UAV data for IPL crop biomass prediction. Understanding the
contributions and predictive performance of features derived from different
sensors is essential for the effective application of UAV-based remote sensing
in practical phenotyping systems.

Deep learning models have received increasing attention for estimating crop
growth from UAV imagery (Ali et al., 2025; Malashin et al., 2024). Deep
learning—based image regression models automatically extract features relevant
to crop growth and achieve high prediction accuracy when large training
datasets are available. In contrast, machine learning (ML) approaches based on
explicit feature extraction are widely used for biomass estimation because they
provide high interpretability and perform reliably when training data are limited
(Daetal.,2025a; Okada et al., 2024). Since fused multisource features typically
comprise numerous input variables, ML models are well-suited to high-
dimensional feature spaces and effectively capture complex relationships
among variables, thereby enabling robust predictive performance in soybean
biomass estimation. (Da et al., 2025a; Randelovi¢ et al., 2023; Shammi et al.,
2025; Zhu et al., 2025). Several studies have compared the performance of
different ML architectures for estimation; however, they did not strictly
separate calibration and test datasets across different cultivation environments.
Such experimental designs can lead to optimistic performance estimates and
hinder accurate evaluation of model generalization. In agricultural applications,
where datasets are inherently limited, it is essential to develop machine
learning-based models that mitigate overfitting and ensure robust

generalization (Liu et al., 2025).
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For IPL soybean biomass estimation, this study proposes a framework based
on multisource UAV imagery including RGB and multispectral data. The
specific objectives are: (1) to develop and evaluate machine learning models
for IPL soybean biomass prediction; (2) to investigate the contributions of
multisource UAV imagery to biomass estimation; and (3) to explore the
feasibility of applying the proposed framework to high-throughput
phenotyping.

To achieve these objectives, the performance of various ML architectures
was systematically evaluated, and model robustness was assessed using
soybean datasets collected under diverse environmental conditions. This study
further explored SI-based biomass estimation by incorporating RGB-derived
VIs and TIs, alongside features from multispectral imagery. In addition,
spatiotemporal analysis of IPL soybean biomass was conducted to demonstrate
the applicability of the proposed framework. Specifically, the feasibility of the
approach was validated by comparing biomass maps generated at the IPL with
those at plot-level spatial resolution, while generating growth curves relevant

to growers.

2 Materials and Methods

2.1 Test field and biomass collection

A two-year field experiment was conducted in two separate soybean
(Glycine max (L.) Merrill) fields during the 2024 and 2025 growing seasons,

from June to September. UAV-based imaging was carried out at the

University Farm of Seoul National University (37° 15’ 54.85" N, 126° 59'

22.13" E, altitude 35 m), located in Suwon, Republic of Korea (Fig. 1). At the

experimental site, the average temperatures during the 2024 and 2025
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growing seasons were 27.1 °C and 26.5 °C, respectively, while total rainfall

amounted to 183.0 mm and 490.0 mm, respectively.

Fig. 1. Test sites during the 2024 and 2025 soybean growing seasons. Data

from 2024 were used for model development, while data from 2025 were used
for validation under different environmental conditions. Soybeans were sown
using a mechanical seed drill, with row and interplant spacing of 65 x 24 cm

in 2024 and 60 x 24 cm in 2025.

Data collected in 2024 were used to develop a multisource UAV-based
machine learning framework for IPL soybean biomass estimation, whereas
data collected in 2025 were used to validate the developed models under
different environmental conditions. In both years, soybeans were sown using a
mechanical soybean seed drill (Jang Seeder, Korea). During west-to-east
sowing, a tractor-mounted system performed rotary tillage, ridge formation,

and seeding in a single pass, with each row initiated from the western region
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and completed toward the east, and operations repeatedly restarting from the
west for subsequent rows. Row spacing and interplant spacing were set,
respectively, to 65 cm and 24 cm in 2024, and to 60 cm and 24 cm in 2025.
Approximately ten days after germination, thinning was conducted to retain a
single plant per hole where multiple seedlings had emerged. In 2024, all plots
were planted with the soybean cultivar Gwanakl (Glycine max (L.) Merrill),
whereas in 2025, an additional cultivar, Seonyu2ho (Glycine max (L.)
Merrill), was planted.

Plant biomass was determined by destructive sampling, in which roots were
removed, and the fresh weight of each plant was measured individually
immediately after sampling. To develop a generalized model capable of
estimating biomass during periods of active soybean growth, samples were
collected up to the pod formation stage, when substantial increases in biomass
typically occur. Growth stages were identified according to the Biologische
Bundesanstalt, Bundessortenamt und Chemische Industrie (BBCH) scale
(LANCASHIRE et al., 1991) as summarized in Table Al. In addition, the
growing degree days (GDD) for each observation date were calculated
following the procedures in (Alsajri et al., 2019). In 2024, 410 samples of the
cultivar Gwanakl were collected. In 2025, 240 samples of Gwanakl and 230

samples of Seonyu2ho were collected.

2.2 Workflow design

Fig. 2 shows that the biomass estimation algorithm followed the workflow.
First, UAV platforms equipped with RGB and multispectral cameras were
used to acquire imagery. The raw images were processed to generate
reflectance-aligned mosaics and three-dimensional point cloud-based plant
height (PH) products. For surveyed plants, IPL ROIs were defined based on

sowing density, and crop regions were subsequently segmented.
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For each IPL crop region, features were extracted and grouped by sensor
type: RGB-only or RGB combined with multispectral imagery. Each feature
group included structural information (SIs) as the primary predictors for
biomass estimation, along with vegetation indices (VIs) and texture indices
(TIs). Based on these datasets, recursive feature elimination (RFE) was
applied across four machine learning architectures to identify optimal feature
combinations and develop the best-performing model for each feature group.
Finally, features extracted from crop regions in the test dataset were input into

the biomass estimation models developed during the training stage.

UAV imagery ‘
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Fig. 2. Workflow of soybean biomass estimation model development. SI, VI,
and TI denote structural information, vegetation indices, and texture indices,
respectively
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2.3 Data collection

2.3.1 UAY flight and image acquisition

RGB imagery was acquired using a DJI Phantom 4 Pro V2.0 (DJ]I,
Shenzhen, China), equipped with a 1-inch CMOS sensor, capturing visible
bands (blue, green, and red) at a resolution of 5472 x 3648 pixels.
Multispectral imagery was collected using a DJI P4 Multispectral camera
(DJI, Shenzhen, China), which captures five spectral bands: blue (450 + 16
nm), green (560 £ 16 nm), red (650 = 16 nm), red edge (730 = 16 nm), and
near-infrared (840 + 26 nm) at 1600 x 1300 pixels

The UAYV flights were conducted at an altitude of 20 m using the GS Pro
application (DJI, China), with 85% forward and side overlap to ensure
complete coverage of the study area. All flights were conducted between
10:00 and 13:00 local time under stable illumination conditions. A summary
of UAV flights and biomass sampling dates during the 2024 and 2025

growing seasons is provided in Table Al.

2.3.2 Image preprocessing

The acquired UAV imagery was processed using photogrammetry software
(Pix4Dmapper 3.1.7, Pix4D SA, Switzerland) based on the Structure from
Motion (SfM) algorithm to generate orthomosaic images and a three-
dimensional digital surface model (DSM). Through this process, RGB
orthomosaics, band-specific multispectral mosaics, and DSMs were obtained.

To improve the spatial accuracy of the UAV-derived imagery, six ground
control points (GCPs) were installed in the test field using aluminum panels
painted black and white (Fig, 1). Their coordinates were measured using a
real-time kinematic global positioning system (RTK-GPS, Model No. C099-
F9P) with vertical and horizontal accuracy within 10 cm, and these data were

used for geometric correction.
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To minimize the influence of varying light and atmospheric conditions on
UAYV images captured at different times, radiometric calibration was
performed for each flight. During each mission, 0.6 x 0.6 m Group 8
Technology Type 822 calibration panels with four grayscale reflectance levels
(3%, 11%, 33%, and 55%) were placed within the UAV flight path. For RGB
imagery, empirical line calibration was applied (Yun et al., 2016), while for
multispectral imagery, a linear calibration relationship was applied using

standard calibration panels (Wang et al., 2024).

233 IPL multisource imagery extraction

In this study, UAV-based multisource imagery data were obtained for [PL
crops (Fig. 3). RGB orthomosaic images acquired at the early growth stage
were first employed to determine individual plant centroids (June 21, 2024, 13
days after sowing; and June 13, 2025, 13 days after sowing; Table Al). At
this stage, soybean plants did not overlap, allowing individual plant centroids
to be reliably identified. Because these initial centroids remained spatially
stable unless plants were physically removed, ROIs were generated based on
these reference points. The centroids were manually annotated (red dots in
Fig. 3a).

To reflect planting density, each ROI in 2024 was defined as a rectangle
measuring 65 cm along the planting rows (vertical direction) and 24 cm
between plants within a row (horizontal direction), as shown in orange
rectangles in Fig. 3a. In 2025, the corresponding dimensions were 60 cm and
24 cm for vertical and horizontal directions, respectively. To determine the
orientation of each ROI, crop row centerlines were manually delineated, and
the rectangles were aligned with these row directions, as shown in black lines
in Fig. 3a. The generated ROIs served as spatial units for extracting UAV-

based multisource imagery at ground-sampled locations. The ROI generation
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in Fig. 3a was conducted using QGIS Desktop 3.26.2 (QGIS Development
Team).

Background elements, including weeds and soil, were removed from the
UAV-based multisource images extracted for each ROI to enable feature
extraction exclusively from crop regions. Crop areas were manually
delineated using polygon annotations (Fig. 3b). The open-source tool Labelme
was used to label crop regions based on RGB imagery for all samples,
generating annotation files in JSON format. These annotations were
subsequently converted into binary PNG masks, in which crop pixels were
assigned a value of 1 and background pixels a value of 0. The resulting masks

were used as crop-only regions for feature extraction within each IPL ROI.
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Fig. 3. IPL feature extraction procedure: (a) generated IPL ROIs (orange
rectangles), where white dots indicate crop centroids at the early growth stage
and black lines represent crop rows; (b) generating crop region annotations for
each sampled ROI using Labelme; (¢) extracted features from the sample shown
in (b), including radiometrically calibrated RGB imagery, plant height, texture
indices (e.g., Entropy from RGB), and vegetation indices (e.g., EVI).

234 UAYV multisource feature dataset configuration

The extracted features included structural information (SIs), vegetation
indices (VIs), and texture indices (TIs). The SIs consisted of PH, vegetation
fraction (VF), and PH % VF, which represents crop volume. PH was
determined as the maximum value obtained by subtracting the digital terrain

model (DTM) generated before crop emergence from the digital surface
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model (DSM) generated after crop emergence (Fig. 4). The crop height
predicted using the proposed method showed the estimation performance
presented in Fig. Al. In this study, RGB images acquired using the DJI
Phantom 4 Pro V2.0 were compared with ow-resolution RGB images (1600 x
1300) from the DJI P4 Multispectral. The high-resolution RGB images
provided noticeably improved prediction performance, showing higher R?
values and lower RMSE values than the low-resolution RGB images.
Therefore, to ensure reliable crop height estimation, two separate UAV flights
were conducted in this study, as described in Section 2.3.1. VF was calculated
by dividing the number of pixels within the generated crop region by the total
number of pixels within the ROI.

Fig. 4. Estimation of plant height (PH) from structure-from-motion (SfM)—
derived point clouds, using the difference between the digital surface model
(DSM) and digital terrain model (DTM). The DSM represents the crop canopy
surface (red dashed line), while the DTM corresponds to the ground surface in
the absence of vegetation (red solid line)



340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368

17

For the RGB imagery, VIs were derived from the R, G, and B bands, and
TIs were calculated from grayscale-converted images and plant height (PH)
images. For multispectral imagery, VIs were computed using bands including
near-infrared (NIR) and red-edge, and TIs were obtained from all five spectral
bands.

A total of 12 VIs were calculated for RGB imagery, while 15 VIs were
derived from multispectral imagery. All indices were computed based on
surface reflectance values. The formulas and descriptions of these Vls are
presented in Tables A2and A3, which include difference-based, ratio-based,
normalized, and composite index approaches. Representative example of EVI
is illustrated in Fig. 3.

Texture indices were extracted using the grey-level co-occurrence matrix
(GLCM) from grayscale-converted RGB images, PH maps, and five
multispectral bands (R, G, B, red-edge, and NIR). Six texture metrics
(homogeneity, contrast, dissimilarity, entropy, energy, and correlation) were
computed, which resulted in 10 TIs from RGB imagery and 25 from
multispectral data. All texture features were derived using a 3 x 3 sliding
window to characterize fine-scale spatial heterogeneity. The GLCM was
generated using the greycomatrix function in the Python scikit-image
(skimage) library, and corresponding texture indices were obtained using the
greycoprops function, as shown in Table A4 and Fig. 3c-Entropy RGB.

Finally, feature groups were constructed using the datasets described above.
Crop biomass prediction has evolved from approaches based solely on RGB-
derived structural information to those incorporating multisensor data and
diverse feature types (Bendig et al., 2014; Da et al., 2025b; Kim et al., 2018,
2023; Okada et al., 2024; Shen et al., 2025a). In this study, feature groups
were constructed by combining RGB-based SIs with additional sensors and
feature types to evaluate whether such multimodal approaches improve

prediction performance for IPL soybean biomass estimation. In this naming
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[

scheme, the prefix (before “—") denotes the sensor combination, while the
suffix indicates the feature type. These groups included features using only
structural information (RGB-SI); structural information combined with RGB-
based vegetation indices (RGB-VI), texture indices (RGB-TI), and both
(RGB-All); and structural information combined with RGB- and multispectral
camera-based vegetation indices (RGB+MS-VI), texture indices (RGB+MS-
TI), and both (RGB+MS-All). Feature engineering and model development

were then performed separately for each feature group.IPL soybean biomass

estimation model construction

2.3.5 Feature selection using recursive feature elimination

Recursive feature elimination (RFE) was applied for feature selection using
four machine learning algorithms: support vector regression (SVR), random
forest (RF), and eXtreme Gradient Boosting (XGB).

Initially, biomass prediction models were constructed using all available
features with five-fold cross-validation for each algorithm. At each iteration,
one feature was removed, the model was retrained, and the average R? score
was recalculated using the reduced feature set. The feature associated with the
lowest performance was permanently excluded, and the dataset was updated
for the next iteration. This recursive process continued until only a single
feature remained. Features were progressively eliminated, and the smallest
feature subset achieving at least 99% of the maximum R? obtained during the
RFE process was selected to reduce input dimensionality while maintaining
comparable predictive performance. Here, the maximum R? refers to the
highest predictive performance obtained among all evaluated feature subsets.
(Shen et al., 2025a). Results for the RGB+MS-All feature group are illustrated
in Fig. A2.
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2.3.6 Machine learning model development through tree-structured
parzen estimator

Models for predicting soybean biomass were developed using the
calibration dataset and four machine learning architectures: SVR, RF, XGB,
and a stacked ensemble model (SE) that integrated the four base learners. The
SE employed multiple linear regression as a meta-model to combine
predictions from the base models. Seventy percent of the dataset was allocated
for training, and the remaining 30% was used for validation.

For each of the seven feature groups (RGB-SI, RGB-VI, RGB-TI, RGB-
All, RGB+MS-VI, RGB+MS-TI, and RGB+MS-All), hyperparameter tuning
for four machine learning architectures was performed using the feature
subsets selected through RFE. Hyperparameter optimization used five-fold
cross-validation combined with the Tree-structured Parzen Estimator (TPE). It
enables efficient exploration of the search space by adaptively focusing on
promising regions of the parameter domain. Specifically, the TPE algorithm
iteratively partitioned the training dataset into five subsets, with one subset
used for validation and the remaining four for training in each round. The
hyperparameter configuration that achieved the highest average performance

was selected to reduce overfitting.

2.3.7 Biomass estimation framework performance evaluation

The performance of biomass estimation was evaluated using the 2025 test
dataset. Evaluation metrics for biomass estimation included the coefficient of
determination (R?), root mean square error (RMSE), and relative RMSE
(rRMSE), calculated between predicted and measured biomass values.

To interpret the characteristics of the feature combinations and model
architectures that achieved the highest performance in each feature group on
the test dataset, SHapley Additive exPlanations (SHAP) analysis was
conducted for the best-performing model in each group. SHAP analysis
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quantified the contribution of each feature to model predictions while

accounting for feature interactions (Lundberg et al., n.d.).

3 Results

3.1 Biomass data distribution across season and cultivar

The distribution of IPL soybean biomass across growing seasons is shown
in Fig. 5 using kernel density estimation (KDE). In 2025, the proportion of
samples with biomass values greater than 300 g for the cultivar Gwanakl was
higher than that observed in 2024. This difference is likely attributable to
more favorable growing conditions in 2025, as both temperature and rainfall
were higher during the sampling period. In addition, the cultivar Seonyu2ho
exhibited lower biomass values than Gwanakl under the same cultivation
conditions, which appears to be associated with its earlier flowering stage.

As a result, the calibration and test datasets differed in both environmental
conditions and cultivar composition, which led to distinct biomass
distributions. These datasets are therefore suitable for evaluating model
reproducibility under varying environmental conditions and assessing

generalization to cultivars with different growth characteristics.
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Fig. 5. Distribution of biomass samples across seasons and cultivars. The
biomass distributions of the calibration and test datasets differ across seasons
and cultivars, indicating that the datasets represent distinct environmental and
varietal conditions and are therefore suitable for evaluating model
generalization.

3.2 Performance of feature-driven machine learning framework across
feature groups and model architectures

Biomass prediction performance was strongly influenced by feature
composition and model architecture (Table 1). Among all feature groups, the
highest prediction accuracy was achieved using the RGB+MS-All
combination, particularly with the SVR model (R? = 0.89, RMSE = 53.15 g,
and rRMSE = 8.50%). This finding suggests that integrating structural,
spectral, and textural information derived from multisource UAV imagery
provides the most comprehensive representation of [PL soybean biomass.

Within RGB-only feature groups, SIs (RGB-SI) provided relatively strong
predictive performance (R? < 0.73), confirming that canopy-scale SIs play a
fundamental role in biomass estimation. The addition of VIs (RGB-VI) or

texture features (RGB-TI) resulted in marginal improvements or reduced
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performance in some cases. However, the scatterplots of the best-performing
model for each feature group as shown in Fig. 6 highlight the limitations of
RGB-based features. Predictions tended to saturate at higher biomass levels,
showing pronounced underestimation and deviation from the 1:1 line. This
saturation effect indicates that RGB-derived features, particularly structural
and visible-range indices, have limited sensitivity to biomass variability under
dense canopy conditions. Conversely, feature groups incorporating
multispectral data (RGB+MS-VI and RGB+MS-All) substantially reduced
this saturation effect. The corresponding scatterplots displayed tighter
clustering around the 1:1 line and improved prediction accuracy across the
overall biomass range, particularly at higher values.

Regarding model architecture, SVR consistently demonstrated the most
stable and highest predictive performance across feature groups, particularly
in test datasets. In contrast, RF, XGB, and SE showed strong calibration
performance but reduced generalization ability. For example, XGB achieved
high calibration R? values (< 0.99), while its test performance dropped
substantially across several feature groups (e.g., RGB-VI: R>=0.52; RGB-
All: R> = 0.57), indicating overfitting. RF showed more stable but lower
performance across feature groups (R? = 0.69-0.85).

These findings indicate that optimal IPL biomass estimation can be
achieved by combining multisource UAV-derived features with relatively
simple and stable ML architectures. The integration of RGB and multispectral
data improves sensitivity to physiological variability and mitigates saturation
effects, while SVR ensures robust generalization across diverse cultivation

environments.

Table 1. Model performance results across feature combinations and machine
learning architectures, including R?, RMSE, and rRMSE.

Feature Group Models R? RMSE (g) rRMSE (%)
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calibratio test calibratio test calibratio test
n n n

SVR 0.86 0.69 25.8 90.5 7.6 13.9
RF 0.87 0.60 24.8 101.7 7.3 15.6
RGB-SI XGB 0.88 0.72 23.7 85.7 7.0 13.2
SE 0.86 0.73 26.1 83.4 7.6 12.8
SVR 0.85 0.68 27.0 90.7 7.9 13.9
RF 0.97 0.69 12.9 89.2 3.8 13.7
RGB-VI XGB 0098 0.52 8.5 112.2 2.5 17.2
SE 0.99 0.48 7.3 116.6 2.1 17.9
SVR 0.85 0.76 26.5 79.3 7.8 12.2
RF 0.89 0.77 233 76.6 6.8 11.8
RGB-TI XGB 0.95 0.73 15.6 83.2 4.6 12.8
SE 0.95 0.73 15.4 83.4 4.5 12.8
SVR 0.85 0.71 26.5 87.6 7.8 13.4
RF 0.97 0.74 12.2 82.3 3.6 12.6
RGB-All XGB 0.98 0.57 9.2 105.3 2.7 16.2
SE 0.99 0.51 7.9 112.4 23 17.3

SVR 0.88 0.88 25.6 55.0 7.5 8.4
RF 0.94 0.84 17.3 65.3 5.1 10.0
RGB+MS-VI XGB 0.98 0.83 10.5 66.8 3.1 10.3
SE 0.98 0.82 9.9 68.1 29 10.5
SVR 0.86 0.73 25.4 83.9 7.4 12.9
RF 0.93 0.77 18.8 771 5.5 11.8
RGB+MS-TI XGB 0.96 0.67 13.4 92.2 3.9 14.2
SE 0.96 0.66 13.1 93.5 3.9 14.4

SVR 0.89 0.89 258 53.2 7.6 8.5

RGB+MS- RF 0.94 0.85 17.4 61.3 5.5 9.7
All XGB 0.99 0.81 6.4 70.8 4.0 10.9
SE 0.99 0.79 5.1 74.0 4.0 114
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Fig. 6. Scatterplots of predicted versus ground truth biomass for the best-
performing model in each feature group. The best models for each feature group
were as follows: RGB-SI (SE), RGB-VI (RF), RGB-TI (RF), RGB-All (RF),
RGB+MS-VI (SVR), RGB+MS-TI (RF), and RGB+MS-All (SVR). The solid
black line represents the 1:1 relationship, and the orange line indicates the fitted
regression line. RGB-based feature groups exhibit saturation effects at higher
biomass levels, whereas multisource feature combinations (RGB+MS) reduce
saturation and improve prediction accuracy across the overall biomass range.

3.3 Feature selection and interpretation for individual plant-level
soybean biomass using SHAP analysis

Fig. 7 presents the RGB+MS-All configuration as a representative example,
while the selected features and corresponding SHAP results for the RGB-SI,
RGB-VI, RGB-TI, RGB-All, RGB+MS-VI, and RGB+MS-TI combinations
are provided in the Appendix (Fig. A3—AS8).

Red-edge and NIR-based Vls, particularly RECI and NDRE, contributed
dominantly to the model predictions. These indices are highly sensitive to leaf
chlorophyll concentration and canopy nitrogen status, which directly regulate
photosynthetic capacity and biomass accumulation (Barboza et al., 2023;
Hamada et al., 2023). Compared with visible-range indices, red-edge and NIR
features provide greater sensitivity under high leaf-area conditions, enabling
more reliable characterization of dense-canopy variability for biomass
prediction. As expected, the morphological feature PH x VF consistently
showed strong contributions. SHAP analysis revealed that this interaction
term exerted one of the strongest influences on biomass prediction,
confirming its importance as a structural variable that integrates canopy height
and vegetation fraction (Kim et al., 2018, 2023). Most texture features were
excluded during the RFE process, indicating their relatively limited

contribution to biomass prediction.
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These findings indicate that biomass estimation is influenced not only by
physiological traits but also by the physical structure of the canopy. Sls
primarily capture canopy scale, whereas Vs, particularly those incorporating
NIR and red-edge bands, represent photosynthetic capacity and internal leaf
properties. Therefore, multispectral features provide enhanced sensitivity to
plant physiological conditions beyond what is achievable with RGB data
alone. The integration of these complementary feature types enables a more
comprehensive representation of biomass variability at the IPL.

Meanwhile, SHAP values derived from the Stacked Ensemble model
showed that the XGB base learner contributed most substantially to the final
ensemble predictions. This pattern was consistent across feature sets,
suggesting that the ensemble output was largely driven by the XGB
component and therefore exhibited prediction behavior similar to that of XGB

as shown in Table 1.
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Fig. 7. Bee swarm plots of SHAP values presenting RGB+MS-All feature
contributions across various machine learning models: (a) SVR, (b) RF, (c)
XGB, and (d) SE. Each point represents an individual sample used in the model
evaluation. The color gradient ranging from blue to red reflects increasing
values of the target variable, soybean biomass. Features with higher absolute
SHAP values indicate a stronger influence on the model’s prediction.

3.4 Individual plant-level-based soybean biomass mapping and spatial
variability analysis

Biomass is a key growth indicator associated with photosynthetic activity
supporting reproductive development after flowering. Fig. 8a presents the IPL
biomass map generated from UAV RGB and multispectral images acquired at
the flowering stage (July 25, 2025). The generated IPL biomass maps were
converted to the plot level using rectangular ROIs with a width of 2 m and
spanning four crop rows, following Da et al., (2025), where five samples were
randomly selected within each ROI to compute mean biomass values (Fig.
8b). In addition, kriging interpolation was applied to generate continuous
spatial surfaces using Surfer 13 (Golden Software, USA).

Within the same field, the number of data points decreased from 2,704 at
the IPL to 122 at the plot level, resulting in a substantial reduction in data
density. Spatial resolution, defined as the average distance between adjacent
data points, decreased from 0.25 m to 1.9 m. Aggregation at the plot level
produced a biomass map with reduced spatial variability, characterized by a
narrower variance range, attenuation of local extrema, and a diminished
ability to resolve fine-scale crop variability (Fig. 8). The semivariogram for
IPL data showed a larger nugget and higher semivariance, reflecting strong
plant-to-plant variability, whereas the plot-level semivariogram exhibited a
smaller nugget and steeper increase, indicating reduced local variability and
clearer spatial gradients. (Fig. A9). These results highlight a key limitation of

plot-level analysis in capturing intra-field heterogeneity, whereas UAV-based
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IPL mapping enables the acquisition of high-resolution, large-volume

phenotypic data within field breeding.
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Fig. 8. UAV-based soybean biomass maps (a) at the individual plant level and
(b) plot level, along with their corresponding kriging interpolation maps at the
flowering stage (July 25, 2025). A distinct spatial pattern is observed, with
lower biomass in the southwestern region.

The kriging and semivariogram analyses revealed clear biomass
heterogeneity within the field, with lower biomass and reduced crop
establishment in the southwestern region, as indicated by spatial gradients in
the kriging maps and by increasing semivariance with lag distance. Two main
factors likely explain this pattern: drainage and sowing quality. The water
drainage inlet is located in the southwestern area, where insufficient drainage
capacity likely prevented discharge during rainfall, leading to water
accumulation and resulting in excess moisture stress. (Fig. 9). In addition,
during west-to-east sowing, the seeding unit was operated independently from

the tillage and ridge-forming components, making consistent depth control
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difficult. As seeding conditions were gradually adjusted based on real-time
feedback during operation, the western sections, where sowing was initiated,
tended to exhibit less stable conditions, while conditions improved toward the
east. Consequently, plant establishment was reduced in the southwestern
region.

These findings confirm that the proposed UAV-based IPL biomass
mapping effectively captures stable spatial variability and localized
disturbances associated with agricultural management practices. By enabling
the identification of such environmental and human-induced effects, this
approach supports more reliable phenotyping and highlights its potential as an
high-throughput phenotyping tool for breeding and precision agriculture

applications.
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Fig. 9. Digital terrain model (DTM) of the study field. The highlighted area (red box)
shows water accumulation after rainfall due to inadequate drainage at the inlet, as
confirmed by the corresponding RGB image.

3.5 Individual plant-level soybean biomass time series dynamic for
high-throughput phenotyping

To further investigate temporal biomass dynamics, the soybean cultivar
Gwanakl was evaluated via the selection of approximately 30 high-yielding
and 30 low-yielding individual plants at harvest. These plants were grouped
accordingly, and their biomass trajectories over time were analyzed (Fig. 10).

The results revealed distinct differences in biomass accumulation between
the two groups across growth stages. During the early vegetative stage,
biomass increased gradually, but differences between high- and low-yielding
groups remained relatively small and inconsistent, indicating that early-stage
biomass does not fully reflect final yield potential. Conversely, post-
flowering, biomass increased markedly, and the divergence between the
groups became pronounced.

This transition is consistent with the spatial analysis results (Section 3.5),
where distinct spatial patterns emerged post-flowering. Similarly, at the IPL,
biomass differences between high- and low-yielding plants became more
pronounced and stable post-flowering, suggesting that post-flowering biomass
better represents intrinsic growth performance and yield potential. Rapid
biomass accumulation during the reproductive stage is likely associated with
active pod development and seed filling under favorable environmental
conditions, including sufficient temperature and rainfall.

In particular, the high-yielding group consistently accumulated more
biomass than the low-yielding group, with differences becoming increasingly
evident during the reproductive stage. This pattern indicates that post-
flowering biomass development plays a critical role in determining final yield

potential.
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From a breeding perspective, temporal biomass dynamics are important
because they reflect differences in growth efficiency, resource allocation, and
reproductive development among individual plants (Masino et al., 2018).
Monitoring these dynamics at the IPL provides valuable insights into
genotype performance and yield formation processes. UAV-based IPL
biomass mapping enabled the identification and temporal tracking of these
differences, demonstrating its potential as an effective phenotyping tool in

breeding programs.

Temporal changes in IPL Soybean Biomass
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—e— High Growth
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Fig. 10. Temporal biomass time series dynamics of high- and low-yielding
soybean plants (Gwanakl) across growth stages. The blue and red lines
represent the biomass of high- and low-yielding groups, respectively, and the
shaded areas indicate the variability (+ 1 standard deviation) within each group.
The vertical dashed line denotes the flowering stage.

4 Discussion

This study demonstrated that a feature-driven machine learning framework
based on UAV imagery can accurately predict soybean above-ground biomass

(AGB) at the individual plant level (IPL). The results confirmed that, similar
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to the most previous studies conducted at the plot level (Da et al., 2025a;
Okada et al., 2024; Randelovi¢ et al., 2023), biomass estimation using feature
selection and machine learning models was also feasible at the IPL. However,
the comparative analysis in this study (Fig. 8) revealed that plot-based
approaches are inherently less effective in capturing plant-level variability,
limiting their applicability to precision agriculture and high-throughput
phenotyping requiring high-resolution spatial data.

IPL-based analysis offers several important benefits for crop monitoring
and phenotyping applications. First, it enables the acquisition of a large
number of samples within a limited field area, which is particularly beneficial
for high-throughput phenotyping in breeding programs (Gill et al., 2022; Roth
et al., 2025; Tanaka et al., 2024; Xu & Li, 2022). Second, it allows the
analysis of fine-scale spatial variability, making it possible to detect subtle
environmental heterogeneity that may occur even within short distances
(Masino et al., 2018; Toriyama, 2020). Third, it provides direct measurements
at the IPL, avoiding the smoothing effects caused by spatial aggregation,
thereby improving data precision (section 3.4). These advantages highlight the
potential of IPL-based approaches as a powerful tool for both precision
agriculture and plant phenotyping applications.

A notable finding of this study is that texture indices (TIs) did not exhibit
significant importance in biomass prediction at the IPL. In previous studies
conducted at the plot level (Da et al., 2025a; Shen et al., 2025b), TIs have
been shown to capture spatial patterns such as gaps among canopy stand,
which indirectly reflect crop growth conditions. However, in the IPL context,
where each sample corresponds to a single plant, such spatial variability is
inherently limited. As a result, TI-derived features primarily represent the
arrangement of leaves within an individual canopy, providing minimal
additional information for biomass estimation. In contrast, structural features

such as plant height (PH) and vegetation fraction (VF), along with vegetation
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indices (VIs) related to chlorophyll content, showed high importance. In
particular, red-edge and near-infrared (NIR)-based indices, such as RECI and
NDRE, were identified as dominant predictors, likely due to their reduced
saturation and strong sensitivity to physiological traits associated with
biomass accumulation (Qiao et al., 2022; Xie et al., 2018).

Another key strength of this study lies in its experimental design. Model
development and evaluation were conducted using datasets collected from
different years and different fields, enabling a rigorous assessment of model
generalizability. In contrast, many previous studies, although separating
training and test datasets, relied on data collected under similar environmental
conditions, which may overestimate model performance (Biswal et al., 2024b;
Liu et al., 2022, 2025). Under the more challenging conditions adopted in this
study, Stacked Ensemble model did not achieve superior performance. While
these models exhibited strong fitting ability during calibration, their
performance decreased on independent test datasets, indicating overfitting.

Interestingly, the support vector regressor (SVR) with a linear kernel
showed relatively lower performance during calibration but outperformed
more complex models in the test phase. This result suggests that, under
conditions where the distribution of training and test data differs, simpler and
more stable models may provide better generalization than highly flexible,
nonlinear architectures. Given the limited availability of agricultural data and
the increasing variability of environmental conditions, prioritizing model
robustness over fitting complexity appears to be a more effective strategy for
practical applications.

Despite the promising results, several limitations should be acknowledged.
In this study, two separate UAV flights were required to acquire high-
resolution RGB imagery and multispectral imagery, respectively, which
increases operational complexity and reduces acquisition efficiency. In

addition, the independent acquisition of the two datasets may introduce slight
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spatial inconsistencies caused by canopy movement or environmental
variation between flights (Nguyen et al., 2025). Future studies should explore
UAYV platforms capable of simultaneously acquiring high-resolution RGB and
multispectral data within a single flight (Maimaitijiang et al., 2020). Although
biomass prediction at the IPL was successfully achieved, the current
workflow still relies on manual processes for IPL region definition and crop
delineation. This dependency limits scalability and practical applicability.
Developing automated IPL mapping frameworks that can robustly handle
complex canopy structures, including overlapping plants, will be essential for
translating model outputs into practical breeding and field management

applications.

5 Conclusion

In this study, a UAV-based multisource feature-driven ML framework for
estimating soybean biomass at IPL was developed and validated. Multisource
UAYV imagery, including RGB and multispectral data, was collected across
two growing seasons under independent field conditions, and structural,
spectral, and textural features were extracted from IPL-defined crop regions to
construct biomass prediction models.

The results showed that biomass prediction performance was strongly
dependent on feature composition and model architecture. Among all
combinations, the SVR model using integrated RGB and multispectral
features (RGB+MS-All) achieved the highest accuracy (R? =0.89, RMSE =
53.15 g, and rRMSE = 8.50%) on the independent test dataset. These findings
indicate that combining multisource UAV features with relatively simple and
stable models is more effective for robust biomass estimation with limited

agricultural datasets.
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Overall, this study confirms the feasibility of UAV-based IPL soybean
biomass estimation as an HTP tool. The proposed framework enables
accurate, non-destructive, and spatially explicit biomass quantification at the
IPL. Beyond prediction accuracy, it provides spatial mapping and temporal
analysis of biomass dynamics, revealing spatial variability associated with
environmental conditions and human management, as well as distinct post-
flowering growth differences between high- and low-yielding plants. These
capabilities highlight its potential for crop monitoring, breeding selection, and

precision agriculture applications.
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