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Highlights

What are the main findings?

• An end-to-end deep learning model estimates eight soybean seed composition traits
from multimodal UAV imagery across reproductive growth stages, with sucrose, oil,
and simple carbohydrates predicted most accurately, while protein and fiber were
least responsive to imagery alone.

• Conditioning the model on genotype and growth stage substantially improves protein
and oil prediction, and multispectral imagery alone carries most of the predictive
power, with thermal and LiDAR adding little for most traits.

What are the implications of the main findings?

• Seed quality can be assessed non-destructively in the standing crop before harvest,
giving breeding programs and growers trait-level information early enough to guide
variety selection and in-season management.

• Because multispectral imagery provides most of the accuracy, scalable field-level
monitoring is achievable with simpler, lower-cost UAV sensor payloads rather than
full multimodal systems.

Abstract

Geospatial artificial intelligence (GeoAI) integrates multimodal remote sensing with deep
learning to model complex agricultural systems at scale. Within this framework, accurate
and non-destructive prediction of seed composition from in-season standing crops is
essential for breeding and precision agriculture. This study developed an end-to-end
convolutional neural network (CNN) framework to estimate eight seed traits (protein, oil,
sucrose, fiber, starch, ash, complex and simple carbohydrates) from UAV-based multisensor
imagery and associated genotype and phenological metadata. A total of 372 soybean
samples were collected over two growing seasons (2020–2021) from two fields in Missouri,
with UAV flights capturing multispectral (MSI), thermal (THR), and LiDAR (LDR) data at
four time points spanning vegetative to reproductive growth stages. CNN models were
trained in single- and multi-date configurations, incorporating genotype (GEN) and days
after sowing (DAS) as additional features. The highest accuracy was achieved for sucrose
(R2 = 0.80), followed by simple carbohydrate (R2 = 0.70) and starch (R2 = 0.55), with notable
gains from GEN and DAS. Multi-date models incorporating earlier acquisitions often
matched or outperformed later or all-date combinations. Among modalities, MSI provided
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the most robust estimates, with limited added value from LDR or THR. Unlike feature-
based pipelines prone to multicollinearity, this image-to-trait approach enables automated,
scalable prediction of soybean seed composition for in-season, field-level assessment.

Keywords: remote sensing; protein; oil; voxelization for canopy architecture; computer vision

1. Introduction
Seed composition refers to the nutritional value of seeds, determined by the chemical

makeup of seed kernels as described by the proportional concentrations of protein, oil,
carbohydrates, isoflavones, and minerals [1]. Non-destructive measurement of seed com-
position from standing crops helps to optimize crop management and breeding through
data-driven approaches that provide insights into crop growth and productivity, guiding
proactive farm management. For soybean (Glycine max), seed composition traits are key
determinants of soybean meal quality [2,3]. The key components that make up soybean
seed composition are protein, oil, fatty acids, carbohydrates, and other minor constituents
like isoflavones and minerals [4,5]. These nutritional components, especially the relative
proportions of protein and oil, define the quality, end-use value, and marketability of the
soybean seed. The nutritional composition of soybeans, particularly the high protein con-
tent, has contributed to the increasing demand for soybeans as a global commodity crop [4].
Soybean protein provides a high-quality plant-based protein source as an alternative to
animal protein [6]. With demand for energy soaring globally, new bioengineering methods
are rapidly being developed to design soybeans with higher oil content to gain competitive
advantage over other vegetable oil crops for fueling and supplementing future industrial
activity [7,8].

For decades, soybean breeding has heavily focused on increasing yield. Indeed, yields
since 1925 have increased by approximately a third of a bushel per acre per year, and
in the past 30 years by about half a bushel per acre per year [9]. However, seed protein
concentration has steadily declined [10]. The negative correlation between yield and protein
concentration directly threatens the global competitiveness of U.S. soybean meal. Investing
in technology is critical to ensure continued production of high-quality U.S. dehulled
soybean meal and oil, and to not only maintain but also enhance the competitive edge of
U.S. soybean in the international market [11]. These opposing trends underscore the need
for innovative, non-destructive approaches to monitor and optimize seed composition in
real time.

The agriculture and food industries have adopted various non-destructive and cost-
effective technologies as alternatives to conventional wet chemistry methods for analyzing
seed composition. These new instruments utilize different spectral signals or properties
retrieved from the seed itself to rapidly predict and quantify chemical components [12,13].
Specifically, near-infrared spectroscopy (NIRS) is a powerful tool for assessing both major
seed constituents like protein, oil, and fatty acids as well as micronutrients like minerals
in seeds. Laboratory NIRS is a rapid and widely used method for high-throughput seed-
composition prediction, although its accuracy depends on the calibration model, instrument,
and target sample population [14]. Moreover, because NIRS is performed on harvested seed
samples, it does not provide in-season information on the canopy conditions associated
with composition variation across genotypes and environments [15]. The limitation of these
techniques presents a major hindrance for the U.S. soybean value chain, particularly for
breeding programs that have to process a very large number of samples, as well as for soy
processors. Novel, non-destructive methods and technologies, including approaches that

https://doi.org/10.3390/rs18183121

https://doi.org/10.3390/rs18183121


Remote Sens. 2026, 18, 3121 3 of 28

allow prediction of seed composition in the standing crop, are needed to accelerate variety
development and to assist seed processors in ensuring delivery of high-quality soybean
products [16]. It is crucial to assess soybean seed traits without relying solely on traditional
lab-based procedures, as they are time-intensive and costly, making large-scale analysis
difficult. It is also important for farmers to have in-season predictions of seed composition
for better agronomic decisions and to optimize soybean quality.

Recent advances in unmanned aerial systems (UAS) and multisensory remote sensing,
including multispectral imagery (MSI), thermal imagery (THR), and LiDAR data (LDR),
provide new avenues for rapid, non-destructive assessment of crop condition and pre-
harvest prediction of seed composition across agricultural fields [17]. These modalities
characterize complementary canopy properties that may covary with subsequent seed
composition. MSI captures spectral variation associated with canopy pigments, vigor,
and senescence; THR characterizes canopy-temperature variation associated with plant
water and heat responses; and LDR represents three-dimensional canopy structure and
development. However, many of the current remote sensing approaches rely on manually
constructed indices or textural metrics, which can be time-consuming to engineer and
prone to multicollinearity [18], prompting a shift toward image-based deep learning that
automatically learns discriminative features from raw imagery [19].

Non-destructive prediction of seed composition using remote sensing data employs
two main approaches: spectral measurement of seeds in the laboratory and imaging of
the crops in the field with remote sensing technologies over the course of the growing
season. The latter is of particular interest because crop management practices (planting
date, irrigation, fertilizer applications, crop rotation), abiotic conditions (drought, heat, and
soil conditions) and biotic factors such as genotype and diseases play a vital role in seed
development and composition [20]. Therefore, the ability to predict seed composition from
in-season crops is expected to provide opportunities to improve yield and meal quality
through proactive farm management. Within the last several years, non-destructive imag-
ing techniques, mainly spectroscopy and hyperspectral imaging, have gained popularity
among researchers as robust analytical techniques for the evaluation of the protein makeup
and mineral nutrient uptake of soybean [21]. Deep learning, especially convolutional
neural networks (CNNs) that utilize imagery as the direct input for machine learning-based
modeling, offers strong techniques to extract predictive information from remotely sensed
images [22]. These CNN-based methods align with the emerging concept of geospatial arti-
ficial intelligence (GeoAI), wherein advanced machine learning integrates with geospatial
data to enable scalable field-level predictions [23]. Pre-harvest determination of seed com-
position allows for selection of soybean varieties with desirable nutritional (meal quality)
profiles, as well as indicating the quality and potential applications for the soybeans post-
harvest [24]. Recent studies demonstrated that spectral indices and features derived from
high-resolution hyperspectral imagery and LiDAR data collected with UAVs were effective
in predicting soybean seed protein and oil content prior to harvest [25]. Additionally, with
its high spatial resolution and daily temporal resolution, PlanetScope satellite data proved
effective for feature based prediction of seed composition at plot-scale [16]. Successes of
these studies are attributed to the fact that remote sensing technology can capture the key
phenological traits that determine seed composition. Taking advantage of spectral, spatial,
and temporal features that are responsive to plant phenology and seed composition, UAV
and PlanetScope data showed encouraging results for seed composition modeling with
machine learning. Yet such feature-based pipelines often require considerable manual effort
and can introduce multicollinearity, emphasizing the value of end-to-end CNNs that learn
relevant features directly from imagery [19]. However, no studies to date have investigated
end-to-end CNN approaches for seed composition prediction, which can be designed to
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automatically extract features without manual selection, advancing the scalability of remote
sensing technologies.

Further research is needed to optimize remote sensing-based approaches for soybean
seed composition modeling. Key knowledge gaps remain regarding how to best leverage
different remote sensing modalities across critical crop growth stages with fully automated
CNN approaches, how to characterize canopy architecture with computer vision in a
meaningful way that quantifies plant light-use efficiency, and how fully automated CNN
approaches can streamline seed composition modeling compared to conventional manual
feature extraction. In addition, genotypes, planting dates, water status, and soil fertility
may provide useful supplementary information, which requires systematic investigation.

In this study, UAV-based prediction refers to supervised, model-based inference of
post-harvest seed-composition reference values from pre-harvest canopy observations and
associated genotype and phenological metadata. The UAV sensors do not directly measure
seed biochemistry. Instead, they observe spectral, thermal, and structural canopy char-
acteristics that may covary with later seed composition through genotype, development,
and environmental response. We therefore describe the task as image-to-trait prediction or
pre-harvest prediction.

The overarching goal of this study was to evaluate how multisensor UAV data, growth
stages (represented by days after sowing), and soybean genetic information can be in-
tegrated into an end-to-end CNN framework to predict seed composition. The specific
research questions addressed were:

(1) How do different remote sensing modalities (i.e., multispectral, thermal, LiDAR)
contribute to predicting soybean seed composition at different growth stages?

(2) What is the optimal combination and timing of remote sensing data collection for
accurately predicting soybean seed composition prior to harvest?

(3) How can remote sensing-based seed composition models be improved with additional
field data like genotype and planting date?

(4) How can LiDAR-derived point clouds be used to represent canopy architecture that
reflects the formation of seed composition traits?

2. Study Area and Data
2.1. Study Area and Experimental Design

This study was conducted during the 2020 and 2021 growing seasons at two agri-
cultural fields located at the Bradford Research Center (BRC) near Columbia, Missouri,
USA (Figure 1). Missouri is characterized by a humid continental climate with distinct
seasonal variations. A weather station at BRC recorded daily meteorological conditions
throughout both seasons. In 2020, the highest monthly precipitation occurred in June
(156.5 mm), and the lowest in November (8.4 mm). Average monthly temperatures peaked
at 24.8 ◦C in July and dropped to 8.4 ◦C in November. In 2021, June recorded the highest
monthly precipitation (296.6 mm), with the lowest again in November (6.4 mm); average
monthly temperatures ranged from 24.0 ◦C in August to 6.4 ◦C in November.

The experimental design aimed at assessing the influence of genetic and environmental
variability on soybean seed composition, which is critical for improving the generalizability
of prediction models. Both experimental fields were rainfed and managed using standard
herbicide applications during the pre- and post-emergence phases for weed control. Apart
from the designated nitrogen-treatment plots in L2, no fertilizer was applied.

The H1G field (60 m × 83 m) was planted with soybeans on 6 June 2020 and
13 May 2021, using 15- and 30-inch row spacings at a seeding rate of 140,000 plants per acre.
Two soybean genotypes were planted in each season, assigned to four replications, result-
ing in 90 viable plots in 2020 and 91 in 2021 (Table 1). Each plot measured approximately
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20 ft × 20 ft, separated by 5-foot alleys to minimize edge effects (Figure 1). Notably, this
field incorporated a rooting depth restriction experiment to simulate water-limited con-
ditions. Six-meter-wide zones were excavated across the width of the field to depths of
0.30, 0.45, 0.60, 0.75, and 0.90 m. These zones were lined with impermeable plastic to
restrict root penetration and subsequently backfilled with Mexico silt loam to match the
original soil profile. Control zones with unrestricted rooting depth were maintained at the
north and south ends of the field, as well as between treatment bands. During both years,
two soybean cultivars and two row spacings were used in a fully replicated design, with
four replications per treatment combination.

Figure 1. Overview of the study area and experimental setup. (a) The Bradford Research Center
(BRC), University of Missouri, showing the two experimental fields: H1G and L2. (b) Location of
Missouri within the United States, with red star indicating the location of the BRC. (c) Zoomed-in
layout of the H1G field showing rooting depth treatment zones, where yellow lines mark different
constrained soil depths. (d) Representative UAV image of the L2 soybean field, where yellow and red
boxes indicate plots with 15′′ and 30′′ row spacings, respectively.

The L2 field (61 m × 220 m) was planted in four staggered rounds from 7 May to
16 June 2021, also in Mexico silt loam soils. The plot layout matched that of the H1G field,
with dimensions of approximately 20 ft × 20 ft, 15- and 30-inch row spacings, and 5-foot
alleys (Figure 2). The field included seven soybean cultivars, randomly distributed across
191 sample plots, with twelve replications per cultivar (Table 1). Additionally, 24 plots
were assigned to a nitrogen treatment experiment to examine the impact of nutrient enrich-
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ment on seed composition. These plots used 30-inch spacing and included the cultivars
‘P39A82S’, P31A29L’, and ‘P39A45X’. Unlike H1G, the L2 field did not include rooting
depth treatments. Weed management was performed using an early-season glufosinate
application, supplemented by manual removal as needed.

Table 1. Seed sample distribution with respect to study sites and seed varieties.

BRC Experimental Field Number of Seed Samples Seed Varieties

H1G 2020 90 P29A85L, P44A37L
H1G 2021 91 P28A97L, P44A37L

L2 2021 191 P28A97L, P31A29L, P36A43L, P39A45X,
P39A58X, P39A82S, P44A37L

Figure 2. Soybean plots from the H1G field: Soybean plants captured on 21 July 2021, during the
V4–V5 vegetative stage, showing both 15-inch and 30-inch row spacings.

The rooting-depth restrictions in H1G and the nitrogen treatments in the 24-plot subset
of L2 were components of the field experiments and were not used as input features. These
treatments added environmental and phenotypic heterogeneity to the pooled dataset.

2.2. Data Collection
2.2.1. Seed Data Collection

At physiological maturity, depending on the planting date, soybean plots from both
experimental fields were harvested using a small-plot research combine to collect seed
samples and estimate grain yield. The harvested area per plot measured approximately
15 feet in length and 5 feet in width. Based on the row spacing (30′′ or 15′′), either the
center two or center four rows within this area were harvested. Despite some sample loss
due to equipment malfunction and deer damage, a total of 372 plots were successfully
harvested over the two growing seasons (Table 1). From each harvested plot, a 60 mL seed
subsample was retained to noninvasively assess seed composition traits, including protein,
oil, carbohydrates, amino acids, and minerals.

2.2.2. NIR-Based Seed Composition Prediction

Seed composition traits were determined using a laboratory-based near-infrared (NIR)
spectrometer (DA 7250 NIR Analyzer, PerkinElmer 201, Waltham, MA, USA) on 60 mL
samples from each harvested plot. NIR spectroscopy enables rapid, non-destructive, and
simultaneous prediction of multiple biochemical traits from intact seeds by detecting molec-
ular vibrations in the 780–2500 nm range [14,26]. To quantify individual components,
we used calibration curves previously developed at the University of Missouri, based on
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chemometric analysis of reference samples [27,28]. A Partial Least Squares (PLS) regression
model was applied to relate the spectral transmittance and reflectance to known concentra-
tions of seed constituents [27]. To reduce sample variability effects, the analyzer rotated
each sample tray under a consistent light source and computed the spectral average per
sample. Larger seed components (e.g., protein, oil) are generally estimated more accurately
than compounds present at lower concentrations (<10% dry weight) [13].

From the forty-four compounds assessed by the model, we selected a subset including
protein, oil, carbohydrates, sucrose (energy), and ash (minerals) for further analysis. To
improve interpretability, carbohydrates were grouped into complex (e.g., fiber, starch)
and simple (e.g., glucose, fructose) carbohydrates, based on physicochemical distinctions
relevant to NIR modeling [29,30]. Specifically, simple carbohydrates consist of soluble
sugars, while complex carbohydrates include structural polysaccharides. All values are
expressed on a dry-weight basis. The DA 7250 PLS calibrations have shown strong cross-
validation accuracy for these traits [27,28].

2.2.3. UAV Data Collection

Multiple field campaigns were conducted during the 2020 and 2021 growing seasons
at the BRC to acquire multispectral, RGB, thermal infrared, and LiDAR datasets at key
growth stages of soybean development (Table 2). All sensors were flown using a fleet of DJI
Matrice 600 Pro (M600 Pro) hexacopters (DJI Technology Co. Ltd., Shenzhen, China), each
equipped with a DJI 3A Pro Flight Controller, an inertial measurement unit (IMU), and
real-time kinematic (RTK) GNSS receivers, enabling centimeter-level positioning accuracy
(2–3 cm).

Table 2. UAV flight campaigns at the BRC over the growing seasons of 2020 and 2021.

Flight Date Data Fusion Field Site Days After Sowing (DAS) Growth Stage

24-Jul-20 MSI, Thermal, LiDAR H1G 47 R5
19-Aug-20 MSI, Thermal, LiDAR H1G 73 R6
4-Sep-20 MSI, Thermal, LiDAR H1G 89 R7

21-Jul-21 MSI, Thermal, LiDAR H1G & L2 34–74 V2–V5
10-Aug-21 MSI, Thermal, LiDAR H1G & L2 56–96 R2–R5
24-Aug-21 MSI, Thermal, LiDAR H1G & L2 70–110 R4–R6
9-Sep-21 MSI, Thermal, LiDAR H1G & L2 84–124 R6–R7

Campaigns were scheduled to sample the temporal progression of canopy conditions
from vegetative or early reproductive development through seed filling and senescence.
Because sowing dates and crop development differed among fields and years, F1–F4 denote
relative acquisition order rather than identical phenological stages across all field-year
combinations; Table 2 reports the exact dates, days after sowing, and observed growth-
stage ranges.

All flight plans were pre-programmed and automated, maintaining a consistent al-
titude of 50 m, flight speed of 3–5 m/s, and 40–70% forward and side overlap between
adjacent flight lines to support orthomosaicking and 3D surface modeling. Prior to the first
campaign, high-contrast ground control points (GCPs) were permanently installed across
both the H1G and L2 fields to ensure accurate georeferencing and geometric correction. In
addition, black and white reflectance reference panels were distributed along plot alleys
before each flight to support radiometric calibration of the multispectral imagery and image
registration; these panels were not used as thermal calibration targets.

Sensor payload configurations varied depending on the sensing modality. For mul-
tispectral, thermal, and RGB imagery, a MicaSense Altum-PT (MicaSense, Inc., Seattle,
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WA, USA) multispectral sensor, an ICI 8640 P thermal camera (Infrared Cameras Inc.,
Beaumont, TX, USA), and a Sony RX10 RGB camera (Sony Corporation, Tokyo, Japan) were
co-mounted on a single M600 Pro platform, with each sensor corresponding to a specific
imaging modality. The Altum-PT sensor captures data in five spectral bands (blue, green,
red, red-edge, and near-infrared (NIR)) tailored for optimally capturing the spectral proper-
ties of vegetation. The ICI 8640 P sensor provides thermal infrared data with an accuracy
of ±1 ◦C and a thermal sensitivity (NETD) of 0.02 ◦C. These sensors were mounted using a
Gremsy gimbal (Gremsy, Ho Chi Minh City, Vietnam) and a custom 3D-printed ABS plastic
tray for stabilization and modular payload integration.

Additionally, LiDAR data were collected using the Phoenix Scout-32 UAV LiDAR
system (Phoenix LiDAR Systems, Los Angeles, CA, USA), which was mounted on a
dedicated M600 Pro platform. This system integrates a Velodyne HDL-32 dual-return
(Velodyne LiDAR, Inc., San Jose, CA, USA) LiDAR sensor capable of a 700,000 points-
per-second scan rate and an accuracy of ±0.02 m, alongside a Sony A7R II RGB camera
(Sony Corporation, Tokyo, Japan) used to generate colorized point clouds. All flight
missions were conducted under consistent illumination conditions, and sensor deploy-
ment followed standardized configurations to ensure temporal consistency and cross-
seasonal comparability.

3. Methodology
Figure 3 presents a graphical representation of the overall workflow employed in

this study.

Figure 3. Workflow of the study outlining the data collection, preprocessing, and modeling stages.
(a) Illustration of seed composition traits targeted for prediction. (b) UAV platform (DJI M600 Pro) and
onboard sensors including multispectral, thermal, LiDAR, and RGB cameras. (c) Image preprocessing
steps applied to multispectral, thermal, and LiDAR datasets. (d) Image-based modeling framework
integrating multi-modal data and the overall modeling pipeline design.
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3.1. UAV Data Processing

This section describes the preprocessing workflows for multispectral imagery, LiDAR
point clouds, and thermal imagery.

3.1.1. Multispectral Imagery

Multispectral imagery was collected using a UAV-mounted MicaSense Altum-PT
multispectral camera. Radiometric calibration was performed using Pix4Dmapper v4.7.5
(Pix4D SA, Lausanne, Switzerland), with calibration panel images captured in the field
under flight-matched conditions. Additionally, the Pix4Dmapper workflow generated
radiometrically corrected and mosaicked images for each of the five spectral bands. These
individual bands were mosaicked into composite image files for each flight using ArcGIS
Pro 3.0 (Esri, Redlands, CA, USA). Finally, orthorectification was performed using survey-
grade, high-accuracy GCPs distributed across the test sites at BRC.

3.1.2. LiDAR Point Clouds

LiDAR point clouds were processed using the cloud-based LiDARMill v2 platform
(Phoenix LiDAR Systems, Los Angeles, CA, USA). This platform performs multiple pro-
cessing steps, including flight trajectory correction, noise filtering, point classification, and
integration with a GNSS base station to produce point clouds in LAS format.

The workflow begins with trajectory smoothing, where onboard IMU data were
fused with GNSS ground reference data to generate a smoothed trajectory file (SBET). The
software further automatically detected and omitted turns and calibration maneuvers to
reduce processing time and limit data to flight lines. Additionally, geometric observations
across overlapping flight lines were used in the LiDAR Snap step to enhance alignment
parameters and minimize offsets. Once point locations were refined, the software classified
returns as either ground or non-ground points. Finally, a statistical outlier removal (SOR)
algorithm was applied to eliminate outliers from the dataset, ensuring clean point clouds
for further analysis.

3.1.3. Thermal Imagery

Thermal imagery was collected using an ICI 8640 P camera mounted on the UAV. The
at-sensor radiometric temperature data were converted into surface temperature values
(◦C) using proprietary IR Flash software (ICI—Infrared Cameras Inc., Beaumont, TX, USA;
https://buy.infraredcameras.com/products/ir-flash-pro-annual-subscription; accessed on
3 September 2026). This conversion step accounted for surface emissivity and atmospheric
attenuation effects on the thermal imagery. Finally, orthorectification and mosaicking of the
32-bit TIFF-format thermal images were conducted using Pix4Dmapper software.

3.2. Modeling
3.2.1. Imagery Data Post-Processing

The data post-processing steps were consistent across imagery types (i.e., MSI and
THR) and are summarized below.

A pipeline developed in Python v3.9.7 was used to handle mosaicked images for each
field, in conjunction with corresponding plot boundary shapefiles created using ArcGIS Pro
3.0 (Esri, Redlands, CA, USA). These boundaries covered only the central harvested rows,
avoiding the alleys to minimize edge effects and mixed pixels. The pipeline clipped each
image based on the plot boundary shapes and automatically saved the extracted plot-level
images. Since the ground sampling distance (GSD) varied for different image types, the
resulting clipped images had varying pixel dimensions in width and height. To standardize
the dataset, all images were uniformly resampled to 64 × 64 pixels. The nearest neighbor

https://doi.org/10.3390/rs18183121

https://buy.infraredcameras.com/products/ir-flash-pro-annual-subscription
https://doi.org/10.3390/rs18183121


Remote Sens. 2026, 18, 3121 10 of 28

method was used for resampling multispectral imagery to preserve discrete spectral values.
In contrast, bilinear interpolation was applied to thermal images, as it is well-suited for
resampling continuous data. Various pixel sizes were tested during resampling, and
64 × 64 pixels was found to offer a suitable trade-off between preserving plot-level detail
and minimizing processing time.

3.2.2. Voxel-Based Approach to Quantify Canopy Architecture

The LiDAR point cloud is usually represented by points consisting of 3-dimensional
coordinates along with associated attribute information (e.g., RGB values, intensity) [31].
However, deep learning models require input data in structured n-dimensional matrix
formats. Therefore, we converted the point cloud of a given plot into a voxel-based
representation. In this representation, the LiDAR point cloud volume is divided into a
collection of 3D regular cubes (voxels), each assigned an attribute value (e.g., RGB or
intensity) [32]. Voxelization enables the creation of a 2D matrix along the z-axis (height
dimension) and the generation of a structured 3D voxel grid [33].

The schematic process of voxelization is represented in Figure 4. First, the plot-level
point cloud was clipped using the corresponding plot boundary shapefile via the Whitebox
Geospatial Analysis Python API (whitebox v2.0.3). The laspy package (v2.0.3) was used to
read the clipped point cloud and convert it into a 3D array. A statistical outlier removal
(SOR) algorithm was applied using Open3D v0.13.0 to eliminate residual noise and outliers.
Voxelization was also performed using Open3D, with LiDAR intensity values stored as
the attribute of each voxel. The unit size of each voxel was set to 0.01 m3, which we
found to be a good balance between capturing the structural variability and maintaining
manageable data volume. Finally, the voxels were converted into a 4D array where the
first 3 dimensions represented x, y, and z, and the fourth dimension stored the LiDAR
intensity values. The resulting arrays were resampled to 64 by 64 units in the horizontal
plane, ensuring consistent dimensions across all samples. We did not change the limit of
the z-axis as we wanted to capture the height variation in all the samples. However, the
first and last horizontal layers were omitted as the first layer might contain point cloud
from emergent weeds, while the last layer might still capture residual outliers despite the
earlier filtering [34].

3.2.3. CNN for Multimodal Data Fusion

CNNs have been widely recognized for their ability to learn complex patterns from
images, making them highly effective for both classification and regression tasks. Numer-
ous studies have demonstrated the superiority of CNNs in computer vision applications,
particularly in remote sensing and feature extraction tasks [35,36]. CNNs consist of stacked
convolutional and pooling layers that automatically learn hierarchical spatial, spectral, and
textural features at multiple scales. By leveraging these hierarchical feature representa-
tions, CNNs eliminate the need for hand-crafted feature engineering, enhancing model
generalization and reproducibility across diverse datasets.

Let x(i) and y(j) denote the input and output feature maps of ith input and jth output
in a convolution layer. The convolution operation is defined as:

y(i) = f

(
b(j) + ∑

i
k(i)(j) ∗ x(i)

)
(1)

where k(i)(j) represents the convolutional kernel, b(j) is the bias, and ∗ denotes the con-
volutional operator. The activation function f , introduces non-linearity into the network,
enhancing its ability to capture complex patterns in the data. Among available activation
functions (e.g., Sigmoid, Tanh), we utilized ReLU due to its proven effectiveness in remote
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sensing applications [37]. ReLU applies a linear transformation for all positive values while
setting negative values to zero. Therefore, Equation (1) can be expressed as:

y(i) = max

(
0, b(j) + ∑

i
k(i)(j) ∗ x(i)

)
(2)

Figure 4. Schematic of the voxelization approach used in this study. (a) The 3D space is divided into
cubic volume units, each assigned the average LiDAR intensity from corresponding points. (b) The
voxels along the height (z-axis) are structured into 17 layers for CNN input, with the first and last
layers removed to exclude soil-bed weeds and upper canopy noise.
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Our dataset included three sensor modalities: spectral (MSI), structural (LDR), and
thermal (THR), which were fused at the feature level in the CNN architecture (Figure 5).
Feature-level fusion combines extracted features into a single vector for prediction [38],
allowing the model to learn from each modality without post-processing. However, since
input shapes varied by modality, we applied global average pooling (GAP) to standardize
feature map sizes before concatenation. This operation averaged each feature map, making
it independent of input dimensions. A final fully connected layer was used to predict seed
composition traits.

Figure 5. Overview of the image-to-trait modeling framework. Two model configurations were
implemented: single-date models, which used UAV imagery from a single acquisition date, and multi-
date models, which incorporated temporally stacked imagery across multiple dates. Multispectral,
thermal, and LiDAR data were fused at the feature level, and both genotype (GEN) and days after
sowing (DAS) were integrated into the model using a multi-layer perceptron. The convolutional
blocks indicate the number of filters and kernel sizes in parentheses.
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We implemented two types of fusion networks: single-date models and multi-date
models. In the single-date configuration, input images had dimensions W × H × C, where
W and H dictate image width and height, respectively, and C represents the number of
spectral channels or bands. These models used 2D convolution and pooling layers to extract
spatial and spectral features, enabling the models to learn from multiple sensor modalities
while maintaining consistent data representation.

In contrast, multi-date models incorporated images from multiple dates, expanding
the input to a four-dimensional tensor of size W × H × T × C, where T represents the
number of image acquisition dates. This configuration employed 3D convolution and
pooling layers to simultaneously learn spatial (W × H), spectral (C), and temporal (T)
relationships within the data. This approach was applied to both the MSI and THR branches,
where the temporal dimension captured multi-date imagery collected across different
growth stages.

The LiDAR branch followed a slightly different design. For single-date models,
voxelized LiDAR data were processed as a 4D array of shape W × H × D × C, where D
is the height from the ground and C is the number of channels (which is 1 and contains
the LiDAR intensity values). A 3D convolutional network was used to extract structural
features directly from the voxel grid. For the multi-date configuration, temporal stacking
was introduced by converting the channel dimension C into a temporal dimension T,
resulting in a 4D input of shape W × H × D × T. Ideally, the input shape would be
W × H × D × T × C, which can only be processed by a 4D convolution. Theoretically, a 4D
convolution is possible [38], but we considered the overwhelming model complexity and
chose not to use a 4D convolution.

The mathematical formulation of 2D convolution can be further extended from Equa-
tion (1) by considering p and q as the indices of the image matrix, and a and b as the
corresponding indices of kernel k:

y[p, q] =
∞

∑
a=−∞

∞

∑
b=−∞

k[a, b] ∗ x[p − a, q − b] (3)

The 3D convolution is similar to the 2D convolution, but instead of having a 2-
dimensional kernel, there is a 3-dimensional kernel involved in the operation. Therefore,
Equation (3) can be rewritten as:

y[p, q, r] =
∞

∑
a=−∞

∞

∑
b=−∞

∞

∑
c=−∞

k[a, b, c] ∗ x[p − a, q − b, r − c] (4)

where the image matrix and kernel both have 3 indices, i.e., p, q, r, and a, b, c, respectively.
Figure 5 summarizes the modality-specific network branches. For the single-date mod-

els, MSI and THR inputs were processed using 2D convolutional layers, whereas voxelized
LDR inputs were processed using 3D convolutional layers. For the multi-date models,
temporally stacked MSI, THR, and LDR inputs were processed using 3D convolutional
layers. Each branch used ReLU activations and pooling operations, followed by global
average pooling to generate a fixed-length feature vector for each sensor modality. The
filter counts and kernel dimensions used in each branch are provided in Figure 5.

Lastly, we integrated two ancillary non-image inputs: genotype (GEN) and days after
sowing (DAS). GEN was one-hot encoded for eight soybean genotypes, producing a binary
vector representation for each genotype class [39]. Because the encoded values were binary
(0 or 1), no scaling was applied. DAS was represented as a single numeric feature indicating
the number of days between sowing and image acquisition. The metadata features were
processed through a four-layer multilayer perceptron (MLP), concatenated with the pooled
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sensor feature vectors, and passed to a fully connected regression layer to produce the
trait estimate (Figure 5). GEN was included in both the single- and multi-date models,
whereas DAS was included only in the multi-date models. GEN and DAS were the only
ancillary non-image inputs; rooting-depth-restriction and nitrogen-treatment labels were
not supplied to the network.

The evaluated input configurations provide incremental comparisons relative to an
MSI baseline. Additional sensor and metadata inputs were progressively incorporated
through the MSI, MSI + THR, MSI + LDR + THR, and metadata-enhanced configurations.
This design allowed the complementary contribution of THR, LDR, GEN, and DAS to be
assessed within the multimodal fusion framework.

3.2.4. Model Training

Deep neural networks rely on an optimizer to learn the mapping between extracted
feature maps and the target variable. The principal idea behind this operation is gradi-
ent descent, which is a way to minimize an objective function J(θ) parameterized by a
model’s parameters θ ∈ Rd and by updating the parameters in the opposite direction of
the gradient ∇θ J(θ) with respect to the parameters. However, numerous advancements
have emerged beyond standard gradient descent, and we selected the Adam optimizer due
to its widespread success and empirical performance superiority [40]. Adam requires the
calculation of mt and vt, where mt is the exponentially decaying average of past gradients,
vt is the exponentially decaying average of past squared gradients, and the gradient at any
timestamp t can be denoted as gt.

mt = β1mt−1 + (1 − β1)gt (5)

vt = β2vt−1 + (1 − β2)g2
t (6)

where β1 and β2 are very small decay rates, recommended as 0.9 and 0.999, respectively, by
the authors of Adam [41]. The mt and vt were found to be biased towards zero, due to the
small decay rates, which are counteracted by computing the bias-corrected first and second
moment estimates:

m̂t =
mt

1 − βt
1

(7)

v̂t =
vt

1 − βt
2

(8)

The m̂t and v̂t are then used to update the model parameters by the Adam update rule:

θt+1 = θt −
η√

v̂t + ϵ
m̂t (9)

where η is the learning rate and ϵ is a smoothing term that avoids division by zero.
The networks were trained as regression models using the Adam optimizer and mean

squared error (MSE) loss. The initial learning rate was 0.001, and the batch size was 32.
Training was allowed to continue for a maximum of 500 epochs. Early stopping was
applied independently to each trait and input configuration when the validation loss failed
to improve for 20 consecutive epochs. A randomized validation subset was created from
the training data, while the test set was used for final model evaluation. All models were
trained on a workstation equipped with an Intel Xeon Platinum 8168 processor (2.7 GHz,
24 cores), 512 GB of RAM, and two NVIDIA Quadro P8000 GPUs.
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3.2.5. Model Evaluation

The performance of the models was evaluated using two standard metrics: the coeffi-
cient of determination (R2) and the root mean squared error (RMSE). These metrics quantify
the accuracy of the model’s predictions relative to actual observations. The equations are
as follows:

R2= 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (10)

RMSE =

√
1
n ∑n

i=1(yi − ŷi)
2 (11)

where n is the number of test samples, yi represents the measured seed composition, ŷi is
the predicted value, and y is the mean of the observed values.

4. Results
4.1. Descriptive Statistics

A total of 372 soybean samples, collected over two growing seasons, were analyzed
using the DA 7250 NIR Analyzer (PerkinElmer 201, Waltham, MA, USA) to determine seed
composition (Table 3). Due to the varying concentration ranges among seed components,
we used the coefficient of variation (CV), a unitless measure representing the standard
deviation relative to the mean, to assess variability across traits. Sucrose (CV: 15.8%) and
starch (CV: 12.93%) exhibited the greatest variability, whereas fiber (CV: 3.81%) and ash
(CV: 2.75%) showed the least variability.

Table 3. Descriptive statistics of soybean seed-composition measurements on a dry-weight basis (%).

Component Sample Size Maximum Minimum Mean SD CV (%)

Protein 372 43.37 36.1 39.21 1.59 4.06
Oil 372 25.39 19.02 22.63 1.37 6.07

Comp. Carbs 372 11.97 8.46 10.28 0.64 6.24
Fiber 372 7.28 5.87 6.52 0.25 3.81

Sucrose 372 8.15 4.07 5.74 0.91 15.8
Ash 372 5.87 5.02 5.34 0.15 2.75

Starch 372 4.89 2.21 3.76 0.49 12.93
Simp. Carbs 372 1.66 0.9 1.09 0.1 8.89

Figure 6 presents both the actual and normalized distributions for all eight composition
components. Consistent with typical soybean seed composition [42], protein and oil are
the dominant constituents, followed by complex carbohydrates (fiber and starch), while
ash and simple sugars are present in lower amounts. These results indicate that our
NIR-derived estimates closely align with the expected quantitative trait distributions in
soybean seeds. Additionally, Figure 7 compares seed composition across the eight soybean
genotypes, highlighting genotype-specific differences in average concentrations.

4.2. Performance of Image-Based Models

Imagery-based models were developed using either single observations from UAV
data (single date) or multi-date observations. Single-date models employed lighter archi-
tectures using 2D CNNs, whereas multi-date models used deeper 3D CNN architectures to
effectively capture spatiotemporal information. Additionally, due to varying flight dates
across experimental years and fields, we defined four distinct flight dates for modeling
purposes (Table 4).
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Figure 6. (a) Bar chart showing the distribution of soybean seed compositions as measured by the
DA 7250 NIR Analyzer, indicating that protein and oil are the dominant components, followed by
complex carbohydrates (fiber and starch). (b) Box plot showing the normalized distribution for the
eight components, where each box represents the middle 50% of data points and the whiskers extend
to the remaining data, excluding outliers.

Figure 7. Average seed concentration per genotype for all samples and compositions, illustrating the
variability across the eight soybean varieties.

Figures 8–10 present these input configurations as incremental, configuration-level
comparisons. MSI served as the imagery baseline, allowing the effects of adding THR, LDR,
GEN, and DAS to be examined within the evaluated model sequence. These comparisons
should not be interpreted as complete attribution of predictive power to individual inputs.
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Table 4. Flight dates considered in this study for single- and multi-date model configurations.

2020 2021

Flight Date H1G H1G L2

F1 24 July 21 July 21 July
F2 24 July 10 August 10 August
F3 19 August 24 August 24 August
F4 4 September 9 September 9 September

Figure 8. Modeling performance (R2) of single-date image-based models for eight soybean seed
composition traits across four UAV flight dates (F1–F4) and different sensor combinations. Each radial
plot represents model performance (R2) for a specific trait, evaluated using data from multispectral
(MSI), thermal (THR), and LiDAR (LDR) imagery, with and without genotype (GEN) information. Bars
extend radially from the center for each flight date, with sensor combinations color-coded as follows:
MSI only (red), MSI + THR (blue), MSI + LDR + THR (green), and MSI + LDR + THR + GEN (orange).
Faded (transparent) bars represent training performance, while darker bars represent test performance.

As the F1 stage represents a non-critical early growth phase with smaller canopy
development, and due to limited data availability for the 2020 H1G field, the 24 July 2020
flight was used to represent both F1 and F2 stages to ensure consistency across
model configurations and to maintain uniform temporal input dimensions for the 3D
CNN architectures.

4.2.1. Single Date Models

Our results revealed distinct performance levels across traits. Sucrose exhibited the
highest predictive ability (R2: 0.59 to 0.77), followed by simple carbohydrates (0.40 to
0.68), ash (0.01 to 0.54), starch (0.17 to 0.53), oil (0.07 to 0.51), and complex carbohydrates
(0.15 to 0.47). In contrast, predictions for protein (0.01 to 0.30) and fiber (0.03 to 0.26)
were consistently lower. Notably, incorporating GEN information consistently enhanced
model performance.
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Figure 9. Multi-date model performance using multimodal UAV imagery to estimate soybean
seed composition traits across four UAV flight dates. For each soybean seed composition trait,
three multi-date configurations were evaluated by combining different subsets of the four temporal
data points (F1, F2, F3, and F4). In each subplot, the bars represent results from various sensor combi-
nations (MSI, THR, LDR, GEN), while lines indicate the best single-date model performance for the
corresponding date.

We also examined the impact of UAV flight dates on model performance. Each single-
date model was trained using data from one of four flight dates (F1–F4). Our findings
indicate that some traits are best predicted at earlier growth stages, while others benefit from
later-season imagery. Specifically, protein (R2 = 0.30) and oil (R2 = 0.51) performed best with
F2 data, while sucrose peaked as early as F1 (R2 = 0.77). In the absence of GEN information,
oil (R2 = 0.31) and sucrose (R2 = 0.72) reached their highest accuracies at F3, yet most other
traits performed better with the latest F4 data. Overall, incorporating GEN information
improved model performance across all flight dates, underscoring the importance of both
temporal selection (F1–F4) and GEN information in improving predictions.

In terms of sensor modalities, our results demonstrate that including GEN information
significantly enhances model performance. With the sole exception of the ash model at
F4, where MSI data alone was sufficient, every configuration showed improved accuracy
when GEN information was incorporated into the fusion process. As shown in Figure 8,
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performance trends remained consistent over time, regardless of the sensor used. For
example, protein predictions steadily improved with later-stage UAV data, while oil models
increased in accuracy until F3 before declining at F4. Notably, in the absence of GEN
information, the differences among sensor fusion configurations were minimal for a given
date and trait, suggesting that MSI alone can provide robust input for the neural network,
often yielding greater information gain than more complex inputs like LDR or THR data.

Figure 10. Relative test R2 performance of multi-date models for eight soybean seed composition
traits across sensor and temporal configurations. Heatmaps show model accuracy (R2) by trait (rows)
and flight configuration (columns) for all sensor combinations of MSI, THR, LDR, GEN, and DAS.
Red borders highlight the best-performing configuration per trait, while triangles indicate multi-date
models that outperformed all single-date models.

4.2.2. Multi-Date Models

We extended our analysis to multi-date image-based models that integrate UAV
imagery from multiple flight dates to capture spatiotemporal dynamics. Three configu-
rations were evaluated: (1) F1 + F2 + F3, which integrates data from the first three flight
dates; (2) F2 + F3 + F4, which excludes the earliest flight and includes the final date; and
(3) F1 + F2 + F3 + F4, which incorporates imagery from all four flight dates (Table 4). These
configurations, along with varying sensor inputs and seed composition traits, provided a
comprehensive evaluation of multi-date model performance.

Overall, the multi-date models exhibited performance patterns largely consistent with
the single-date approach. Sucrose remained the highest predictive trait, achieving R2 values
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ranging from 0.61 to 0.80, a modest improvement over the single-date performance (R2: 0.59
to 0.77). The overall order for the remaining traits was similar, with simple carbohydrates
(R2: 0.35 to 0.70), ash (R2: 0.06 to 0.44), starch (R2: 0.16 to 0.55), oil (R2: 0.20 to 0.52), and
complex carbohydrates (R2: 0.09 to 0.49). Notably, the prediction accuracy for protein
improved considerably in the multi-date framework, with R2 values ranging from 0.01 to
0.47 compared to 0.01 to 0.30 observed in single-date models.

Evidently, a detailed comparison of temporal configurations revealed that, while
combining data from all four flight dates (F1 + F2 + F3 + F4) provides improved spa-
tiotemporal information to the 3D models, this configuration did not necessarily yield
superior performance compared to the three-date models (F1 + F2 + F3 or F2 + F3 + F4). In
many sensor fusion categories, the four-date models yielded only slight, and sometimes
negligible, improvements. For example, with the MSI + LDR + THR + GEN configuration,
the fiber prediction achieved an R2 of 0.27 using the 4-date combination, compared to R2

values of 0.23 and 0.25 with other temporal configurations. Moreover, for several traits, the
three-date models even outperformed the 4-date configuration. Notably, the F1 + F2 + F3
setup frequently outperformed the F2 + F3 + F4 combination, emphasizing the effectiveness
of including earlier season imagery in the prediction of seed composition. For instance, oil
prediction models built from F1 + F2 + F3 data achieved an R2 of 0.52 with an RMSE of
4.31%, outperforming other temporal combinations, though for most traits, performance
differences across configurations remained marginal (Figure 9).

Furthermore, the inclusion of GEN information consistently enhanced model perfor-
mance across all temporal configurations. In addition, incorporating DAS information
as a separate input stream further improved predictions for several traits. For example,
protein prediction benefited notably from the simultaneous addition of GEN and DAS
data across all multi-date configurations (Figure 9a), and oil and fiber models also showed
noticeable improvements with the inclusion of DAS (Figure 9b,d). However, for traits
like sucrose, starch, and complex carbohydrates, our models constructed solely on MSI
performed comparably to those using additional sensor fusion inputs. These findings
emphasize that while temporal depth from multi-date imagery is crucial, strategic sensor
fusion and the integration of ancillary inputs such as GEN and DAS are key to optimizing
predictive performance.

4.2.3. Cross-Configuration Comparison

Figure 10 summarizes relative test R2 across the evaluated temporal and input con-
figurations for the eight seed-composition traits. Multi-date configurations matched or
exceeded the best single-date configurations for several traits, although the most informa-
tive temporal combination varied among traits. The F1 + F2 + F3 combination frequently
produced the best or near-best performance, whereas including all four dates did not con-
sistently improve accuracy. MSI-based configurations remained competitive across traits,
while adding THR and LDR did not consistently improve performance. The inclusion
of GEN and DAS improved several configurations, with the clearest gains observed for
protein and oil.

5. Discussion
5.1. Contribution of UAV-Based Image Modalities for Seed Composition

Accurate prediction of soybean seed composition traits during crop growth is essential
for enabling timely and precise decision-making in breeding and agricultural production
systems. UAV-based remote sensing offers a powerful and scalable solution, uniquely
capturing subtle structural, textural, and spectral variations in the canopy throughout
critical soybean growth stages [43].
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Compared with traditional feature-based approaches, imagery-based modeling en-
ables rapid, repeatable, and non-destructive data collection at high spatial resolutions
while allowing end-to-end models to learn representations without manually engineered
features [44]. These characteristics may improve scalability, although model robustness
and generalization still depend on the diversity and representativeness of the training and
validation data.

Table 5 summarizes the potential canopy and metadata signals that may underlie
the observed canopy-to-seed associations, together with the most informative acquisition
timing and best reported test performance.

Table 5. Potential canopy and metadata signals, informative acquisition timings, and best reported
test performance for each seed-composition trait.

Trait Potential Canopy or Metadata
Signals

Most Informative
Timing Observed Best Reported Test (R2)

Protein

MSI spectral response
potentially associated with
canopy vigor and senescence;
GEN and DAS provide genetic
and developmental context

F2 among single-date models;
multi-date integration
improved peak performance

Single-date: 0.30;
Multi-date: 0.47

Oil

MSI spectral response and
reproductive phenology; GEN
provides additional genetic
context

F2 among single-date models;
F1 + F2 + F3 produced the best
reported multi-date
performance

Single-date: 0.51;
Multi-date: 0.52

Sucrose MSI spectral response and
early reproductive phenology

F1 among single-date models;
multi-date integration
provided a modest
improvement

Single-date: 0.77;
Multi-date: 0.80

Fiber

Potential canopy structural
and later-season phenological
information; DAS provides
developmental context

Later reproductive
acquisitions; F1 + F2 + F3 + F4
produced the highest reported
multi-date performance

Single-date: 0.26;
Multi-date: 0.27

Starch
MSI spectral response and
later-season reproductive
phenology

Later reproductive
acquisitions

Single-date: 0.53;
Multi-date: 0.55

Ash
MSI spectral response and
potential canopy structural
information from LDR

F4 in the single-date
comparison

Single-date: 0.54;
Multi-date: 0.44

Complex
carbohydrates

MSI spectral response and
reproductive phenology

Later reproductive
acquisitions

Single-date: 0.47;
Multi-date: 0.49

Simple
carbohydrates

MSI spectral response and
temporal canopy development

Later reproductive and
multi-date acquisitions

Single-date: 0.68;
Multi-date: 0.70

The trait-specific results indicate that the prediction pathway was not uniform across
seed components. Sucrose and simple carbohydrates showed the strongest empirical
associations with the evaluated inputs, whereas protein and fiber were estimated less
consistently. Improvements following the inclusion of GEN and DAS also indicate that
some of the predictive information originated from genotype and phenological metadata
rather than from UAV imagery alone.

Our UAV data acquisition strategy was specifically designed to encompass critical
development stages of soybean from R4 through R7. Prior research has clearly indicated
the R5-R7 stages as essential phases for soybean seed development, marked by biosynthesis

https://doi.org/10.3390/rs18183121

https://doi.org/10.3390/rs18183121


Remote Sens. 2026, 18, 3121 22 of 28

and accumulation of major seed components such as protein, oil, and carbohydrates [45].
During these stages, UAV-based remote sensing can effectively capture canopy struc-
tural dynamics, including leaf area expansion during R5 and R6, and leaf senescence
occurring in late R7 through variations in spectral, textural, and structural canopy char-
acteristics [46]. This temporal design allowed us to evaluate whether integrating canopy
observations across multiple reproductive stages improved prediction relative to individual
flight dates.

Among single-date models, sucrose was the most accurately predicted trait (R2:
0.59–0.77), with peak performance achieved using early-season (F1) imagery. Protein
and oil predictions were optimized with mid-season (F2) data (protein: R2 = 0.30; oil:
R2 = 0.51). Including GEN information notably enhanced predictive accuracy across all
single-date models, highlighting its role in capturing genotype-driven variations in seed
composition. Later-season imagery (F3, F4) yielded improved accuracy for other traits (e.g.,
carbohydrates, starch, ash), reflecting pronounced canopy structural and physiological
changes during crop senescence. These trait-specific findings are consistent with prior
studies highlighting that seed composition components are differentially influenced by
physiological processes across developmental stages. Specifically, oil and protein accumu-
lation are most active during the R4-R5 reproductive phases, when biosynthesis peaks [43].
For other traits, later-date imagery consistently improved model performance, though
the underlying cause remains unclear, as optimal growth stages may vary with genotype,
environment, and management practices [47].

Additionally, the multi-date imagery models integrated UAV imagery from multi-
ple flight dates to better capture temporal variations in soybean canopy characteristics.
Three temporal combinations—early-to-mid-season (F1 + F2 + F3), mid-to-late-season
(F2 + F3 + F4), and the comprehensive all-date combination (F1 + F2 + F3 + F4)—were
evaluated. Overall, multi-date models consistently outperformed or performed comparably
to single-date models. For instance, sucrose predictions improved modestly (R2 increased
from 0.77 to 0.80), while protein predictions improved substantially (R2 increased from 0.30
to 0.47). Notably, the early-to-mid-season combination (F1 + F2 + F3) often yielded the best
or near-best accuracy among the multi-date configurations. This pattern is consistent with
the value of integrating canopy information across key reproductive stages [48]. Adding
GEN and DAS generally improved model performance, indicating that these variables
provided complementary genetic and phenological context beyond the UAV imagery alone.

Building on these findings, Figure 10 illustrates a perspective on how temporal and
sensor-based variation influences predictive performance across eight soybean seed com-
position traits. Each heatmap illustrates the relative test R2 across temporal configurations
and sensor combinations, with red-bordered cells indicating the best performance per trait
and triangles highlighting multi-date setups that outperformed all single-date models.
Multi-date configurations generally matched or exceeded the best single-date configu-
rations for several traits, although the most informative temporal combination varied
among traits.

Predictions for protein, oil, and sucrose notably improved when multi-date imagery
was augmented with GEN and DAS information, emphasizing the added value of in-
tegrating phenological and genetic context. Interestingly, while MSI and MSI + THR
configurations performed well, adding LDR to the MSI + THR configuration did not
consistently improve performance. This may indicate that LDR provided limited addi-
tional predictive information for these traits or introduced redundancy with information
already represented by the other sensors. These results suggest that multi-date models
may improve trait prediction by integrating canopy information observed across multiple
developmental stages, particularly during the R5-R7 phases. Notably, the F1 + F2 + F3
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configuration often outperformed the full four-date combination, potentially due to infor-
mation saturation or noise introduced by later imagery. Overall, Figure 10 underscores the
importance of strategically selecting sensor modalities and temporal configurations, espe-
cially when guided by biological timing, to optimize the performance of UAV-based seed
composition models.

In comparison, single-date models offer practical simplicity and cost-efficiency, mak-
ing them ideal for large-scale, routine applications, particularly in resource-limited settings.
In contrast, multi-date models, though more computationally intensive, benefit in scenarios
where precise trait prediction is crucial. The insights gained from integrating multimodal
imagery, genotype, and temporal data may improve the precision of soybean seed compo-
sition prediction and field-level decision-making strategies.

5.2. Contribution of UAV-Based Sensor Fusion for Predicting Seed Composition

In the scope of GeoAI, multimodal remote sensing fusion offers a promising approach
for understanding variations in crop health and yield [24]. Multimodal image fusion
involves integrating data from multiple sensor types, including spectral, structural, and
thermal modalities [49]. Our models were developed to predict soybean seed composition
traits based on these UAV-based image modalities. Seed composition traits are closely
linked to crop health, vigor, and environmental conditions [50]; therefore, we hypothesized
that integrating multiple sensor types could enhance model performance. Specifically,
we considered MSI to capture spectral responses at key wavelengths, LDR for detailed
structural information, and THR to assess canopy temperature variation, a known indicator
of physiological stress [51].

Our findings showed that in many cases, MSI alone outperformed other sensor com-
binations, especially when GEN information was included. This superior performance
was likely because MSI data contained sufficient spatial and spectral variation per plot,
which was effectively leveraged by the 2D CNN architecture. Such CNN advantages in
managing spatial and spectral complexity are well-documented in remote sensing and
computer vision literature [52]. Although LDR provided valuable canopy structural in-
formation, the inclusion of complex 3D voxel data increased model complexity without
necessarily enhancing overall predictive accuracy. However, LDR notably improved ash
content prediction, suggesting that morphological traits may be particularly relevant for
certain seed components. Similarly, THR data provided physiological insights linked to
plant stress and metabolic activity [53], though its individual contribution did not surpass
MSI in predictive performance.

The limited and inconsistent gains from adding THR and LDR may reflect over-
lapping canopy information across modalities, sensor-specific noise, or increased model
complexity relative to the available sample size. Because the current feature-level fusion
approach concatenates the learned representations from all sensor branches, it does not
explicitly reduce the influence of a modality that provides limited additional informa-
tion for a particular trait, sample, or developmental stage. Future studies could evaluate
attention or gating mechanisms that adaptively weight sensor contributions, as well as
decision-level fusion that combines predictions from separately trained modality-specific
models. These approaches may reduce the propagation of redundant or noisy information,
although their benefits would need to be demonstrated through direct comparison and
grouped validation.

The incorporation of GEN information emerged as a major strength of our imagery
models. GEN information notably improved predictions, particularly for protein and oil
content. This improvement reflected the experimental design, which included eight distinct
soybean genotypes that introduced substantial variation in protein and oil content [54].
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By encoding genotypes as one-hot vectors, the models effectively captured genetic con-
tributions to trait variability, highlighting the potential benefits of combining UAV-based
imagery with GEN information in seed composition modeling.

Importantly, the observed improvements following the addition of GEN and DAS
do not establish how accurately these metadata variables would predict seed composi-
tion independently of UAV imagery. Similarly, the contributions of THR and LDR are
conditional on their inclusion in MSI-based configurations. The present results therefore
support configuration-level attribution rather than standalone estimates of each input’s
predictive capacity.

These findings underscore the importance of selecting appropriate sensor modalities
and integrating supplementary management information. Future research across addi-
tional sites, diverse genotypes, and varied environments is needed to further elucidate
the interactions among image modalities and genotype data, solidifying their practical
application in digital agriculture.

The field treatments were not balanced across fields, years, and genotypes: rooting-
depth restriction was confined to H1G, whereas nitrogen treatment was applied to a 24-plot
subset of L2. Because these treatment labels were not included as model inputs and model
performance was not evaluated separately by treatment, the present results do not establish
prediction robustness under specific water- or nitrogen-related stresses. Future studies
should use balanced treatment designs and treatment-stratified evaluation to quantify
stress-specific prediction error.

5.3. Limitation and Future Work

The experimental scope should be considered when interpreting the findings. The
dataset comprised 372 plots from two fields at one research center over the 2020 and 2021
growing seasons, and the genotypes were not uniformly represented across all field-year
combinations. In addition, the F1–F4 design represented relative flight positions rather
than identical phenological stages across fields and years. The present design supports
comparison of the evaluated configurations within this heterogeneous field experiment.
Future multi-environment studies that replicate genotypes across locations and years and
align acquisitions by developmental stage would provide a stronger basis for separating
genetic, environmental, and phenological contributions.

The rooting-depth restrictions and nitrogen treatments added useful environmental
and phenotypic heterogeneity but were applied within specific field subsets. Because the
current analysis pooled these experimental conditions, balanced treatment designs and
treatment-stratified evaluation would help characterize prediction behavior under specific
water- and nitrogen-related conditions. As the models are trained on values derived from
NIR instead of wet chemistry data, the error from the NIR calibration acts as a ‘noise
floor.’ This baseline uncertainty ultimately limits the maximum accuracy the UAV models
can achieve.

Finally, the evaluated configuration sequence provides evidence about the incremental
contribution of inputs within the multimodal framework but does not fully explain which
bands, image regions, dates, or LiDAR structures drove individual predictions. Future
work could combine repeated grouped validation with systematic input ablations and
band-, spatial-, temporal-, and LiDAR-layer attribution. Together with attention-based or
decision-level fusion, these analyses could support more interpretable and efficient trait-
specific models. Furthermore, as this study focused on single model runs and evaluated
performance primarily via R2, future work should incorporate uncertainty estimates.
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6. Conclusions
In this study, we evaluated whether multimodal UAV canopy observations, integrated

with genotype and phenological metadata, could support pre-harvest prediction of soybean
seed composition using an end-to-end convolutional neural network (CNN) architecture.
Our results demonstrate that multispectral (MSI), thermal (THR), and LiDAR (LDR) canopy
observations can be associated with post-harvest seed-composition reference values, al-
though the sensors do not measure seed biochemical properties directly. Sucrose and oil
emerged as the most accurately predicted traits, while fiber and ash remained less respon-
sive to image-based modeling. The multi-date models generally outperformed single-date
models, particularly when incorporating earlier season imagery (F1 + F2 + F3), suggesting
the importance of phenological transitions during the R5-R7 stages. Adding GEN and DAS
generally improved performance within the evaluated configurations, with the clearest
gains observed in protein and oil.

• Sucrose exhibited the highest prediction accuracy (R2 up to 0.80), with peak per-
formance achieved using early-season imagery and minimal gain from complex
sensor fusion.

• Oil and protein predictions improved notably with GEN inclusion, reaching R2 values
of 0.52 and 0.47 respectively in multi-date models.

• Adding GEN and DAS generally improved performance within the evaluated MSI-
based configurations, particularly for protein and oil; however, metadata-only perfor-
mance was not evaluated.

• The F1 + F2 + F3 temporal configuration frequently outperformed the full F1–F4 set,
indicating potential performance degradation due to later imagery.

• MSI consistently contributed the most predictive power across traits, while LDR
improved ash prediction but was redundant for others.

Collectively, these findings demonstrate the potential of temporally informed CNN
models that integrate multimodal UAV observations with agronomic metadata for pre-
harvest prediction of soybean seed composition. The framework provides a foundation for
broader evaluation across environments, growing seasons, and soybean germplasm, as well
as for its continued development toward breeding and precision-agriculture applications.
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