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Brazil, and is currently engaged in postdoctoral research in AI-enabled precision agriculture at the

University of Florida.

Luis Crusiol

Luis Crusiol (ORCID: 0000-0002-2387-964X) is a visiting Researcher at Embrapa Soja (National

Soybean Research Center, Brazilian Agricultural Research Corporation) in Londrina, Brazil, working

at the intersection of precision agriculture, spectroscopy, and remote sensing. His research focuses

on multispectral, hyperspectral, and thermal data processing from UAV and satellite platforms,

coupled with data-driven modelling, to monitor drought and nutrient stress, quantify crop water

status, and predict soil and plant traits relevant to management decisions. He has contributed to

vii



international projects with the State University of Maringá, Embrapa Soja, and the Chinese Academy
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Preface

Reliable information is now as important to agriculture as water, seed, and soil. Climate

variability, tightening input budgets, and the push for sustainability are all increasing the value of

measurements that are timely, spatially explicit, and comparable across seasons. Remote sensing,

whether from a handheld spectrometer, a drone, or a satellite, has moved from promise to practice.

The remaining challenge is conversion: turning spectra, images, and point clouds into agronomic

variables that are accurate enough to act on, robust to changing conditions, and efficient to deliver at

scale.

This Special Issue brings together twelve papers that tackle this conversion problem from

complementary angles. Several contributions focus on data acquisition and the practicalities

that often decide whether an approach is usable outside of a research plot. The UAV LiDAR

study in cotton demonstrates how flight settings and processing choices shape point-cloud quality

and plant-height estimation, offering guidance for achieving centimetre-level performance without

excessive processing. At the plant-counting end of the workflow, the corn detection study evaluates

YOLOv9 under contrasting soil colours, growth stages, and flight heights, identifying conditions

under which higher-altitude surveys can still deliver reliable detection. For 3D phenotyping and

robotics, a new PP3D point-cloud dataset and a dual-representation network are introduced for

panoptic plant recognition, addressing issues such as scale variability, occlusion, and class imbalance.

A second cluster of papers concentrates on retrieving biophysical and biochemical traits. Wheat

canopy properties are estimated through radiative transfer model inversion supported by artificial

neural networks, illustrating how sensor configuration and explicit treatment of soil contributions can

improve the retrieval of plant area, nitrogen-related traits, and canopy water content. Above-ground

biomass is tackled across the full season for spike-bearing crops using a growth-stage-aware strategy

that combines canopy height with spectral information and adapts the model after heading, when

traditional spectral relationships often saturate. Nitrogen monitoring is extended to agronomic

outcomes in rice: UAV multispectral imagery and a squared chlorophyll-based index are used not

only to estimate nitrogen uptake but also to relate canopy status to grain quality.

Stress detection forms a third theme. Hyperspectral imaging is used to map leaf water content

in grapevine and to visualise how downy mildew changes water patterns during pathogenesis,

including differences between compatible interactions and partial resistance responses. In soybean,

hyperspectral spectroscopy combined with machine learning identifies early drought stress markers

and shows that a reduced set of informative wavelengths can capture stress levels and biochemical

changes with high accuracy, supporting the design of deployable sensing for precision irrigation.

The final theme is scale: moving from plot measurements to field and regional monitoring

while keeping uncertainty visible. A physics-driven machine learning framework couples PROSAIL

simulations with an optimised neural network to retrieve leaf area index from Sentinel-2 and to

quantify uncertainty by separating physical and learning components. Maize mapping is addressed

with TWDTW driven by optimised multi-source time-series features from Sentinel-1 and Sentinel-2,

demonstrating that carefully selected observation windows can improve mapping accuracy and

reduce computational cost. Rice field identification in mountainous terrain is strengthened through

SAR-optical fusion, cloud removal, and a tailored graph convolutional network, achieving robust

classification even with limited labelled data. Closing the volume, a review and comparative study

of almond mapping examines the practical trade-offs between classical machine learning and deep

learning segmentation and illustrates how model choice can support multi-year change analysis.

ix



Together, these contributions show a discipline maturing towards operational, confidence-aware

remote sensing for agriculture: methods that respect phenology, exploit complementary sensors, and

report not only what is predicted but how certain we can be. We hope that this collection is useful for

researchers building new algorithms and practitioners and decision-makers looking for dependable

tools to support resilient and resource-efficient crop production.

We hope that you enjoy reading this Special Issue.

Renan Falcioni, Renato Herrig Furlanetto, and Luis Crusiol

Guest Editors

x



Article

Optimizing Unmanned Aerial Vehicle LiDAR Data Collection in
Cotton Through Flight Settings and Data Processing

Anish Bhattarai 1, Gonzalo J. Scarpin 1,2, Amrinder Jakhar 1, Wesley Porter 3, Lavesta C. Hand 3, John L. Snider 3 and

Leonardo M. Bastos 1,*

1 Department of Crop and Soil Sciences, University of Georgia, Miller Plant Sciences Building, 120 Carlton
Street, Athens, GA 30602, USA; ab68010@uga.edu (A.B.)

2 Instituto Nacional de Tecnología Agropecuaria (INTA), Estación Experimental de Reconquista, Ruta Nacional
N.◦ 11, km 773, Reconquista 3560, Santa Fe, Argentina

3 Department of Crop and Soil Sciences, University of Georgia, 2282 Rainwater Rd., Tifton, GA 31793, USA;
jlsnider@uga.edu (J.L.S.)

* Correspondence: lmbastos@uga.edu

Abstract: Light Detection and Ranging (LiDAR) technology can be used to assess canopy
height in cotton (Gossypium hirsutum L.), but standardized data acquisition and processing
guidelines are lacking. Accurate canopy height estimation is crucial in cotton for optimizing
growth regulator application and maximizing yield. The main goal of this study was to
determine the optimal unmanned aerial vehicle flight settings—altitude and speed—and
assess specific processing parameters’ impact on data accuracy, processing time, and file
size. Nine flight settings comprising three altitudes (12.2 m, 24.4 m, and 48.8 m) and three
speeds (4.8 km/h, 9.6 km/h, and 14.4 km/h) were tested. LiDAR data were processed
using DJI Terra software (v. 4.1.0), where two user-defined processing steps were examined:
point-cloud thinning via grid size sub-sampling (0, 10, 20, 30, 40, and 50 cm) and slope
classification (flat, gentle, and steep). The optimal flight altitude was 24.4 m, with no effect
of flight speed. Grid sub-sampling up to 20 cm produced balanced accuracy, processing
time, and file size. The choice of slope category had no significant effect on LiDAR-derived
canopy height. These findings contribute to the development of standardized LiDAR data
acquisition and processing guidelines for cotton to support crop management decision.

Keywords: point cloud; LAS; remote sensing; row crop; technology; agriculture

1. Introduction

Cotton (Gossypium hirsutum L.) is one of the most significant fiber crops globally.
The U.S. produced around 14.4 million bales of cotton in the year 2023/24, ranking forth
globally in cotton production after India, China, and Brazil [1]. Within the U.S., Texas (30%),
Georgia (16%), and Arkansas (9%) are the largest cotton producing states, responsible for
55% of cotton lint production in the U.S. and 12% of world production [2].

Cotton is a perennial plant that is cultivated as an annual crop. This is achieved
by using management techniques such as plant growth regulators, which help control
growth rate and plant height, preventing the crop from expending too much energy on
vegetative growth and directing it towards reproductive growth [3,4]. Balancing vegetative
and reproductive sinks is important in cotton to optimize fiber yield and quality [5].

Different metrics exist to determine cotton growth rates and serve as a decision-making
tools for deciding the timing and rate of synthetic plant growth regulator applications [6].
The most commonly used metrics are the height-to-node ratio (HNR) (ratio between plant

Remote Sens. 2025, 17, 1504 https://doi.org/10.3390/rs17091504
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height and total number of nodes) and length of the upper five internodes [7]. HNR
values below growth-stage-specific thresholds indicate sub-optimal growth rates, whereas
values above the threshold indicate excessive growth rates that need to be controlled
using exogenously applied plant growth regulators like mepiquat chloride. For example,
during the early bloom stage, if the HNR exceeds 6.4 cm/node, it is recommended to apply
mepiquat chloride at a rate ranging from 0.5 to 2 L/ha at a standard concentration of 4.2%
w/v [8]. The rate of application is determined based on multiple factors, including the
cotton variety, the plant growth stage, the current rate of vegetative growth and weather
conditions [8,9].

Traditionally, plant height is determined by visiting the field and collecting manual
height measurements on plants across multiple areas in the field. This approach is time-
and labor-intensive, and as cotton plants grow and form dense canopies, walking a field
can potentially damage the crop. For large-scale commercial farming, such manual meth-
ods are impractical for achieving the required precision and speed in decision making.
Additionally, capturing height variation accurately across large fields remains one of the
biggest constraints, as it directly impacts yield estimation, canopy structure analysis, and
variable rate input applications.

To overcome this issue, different technologies have been developed to create estimated
continuous maps of plant height, including the unmanned aerial vehicle (UAV) imagery-
based canopy height model (difference of the height at the top of the plant canopy and
the elevation of the bare ground) [10,11]; tractor-mounted LiDAR (Light Detection and
Ranging) [12]; and UAV-based LiDAR systems. The latter has emerged as a solution
to bridge the gap between ground-based platforms, known for their high accuracy but
low efficiency, and UAV imagery-based platforms, which offer extensive coverage but
limited detail [13]. LiDAR directly measures crop height by emitting laser pulses, making it
more accurate than UAV-mounted passive spectral imaging, which relies on ambient light
and requires additional processing [14]. Height estimation from spectral data depends
on photogrammetry techniques like structure-from-motion (SfM), which reconstructs 3D
models based on overlapping images [15]. This approach requires ideal lighting, minimal
occlusion, and accurate tie points, with additional steps to separate crop height from
ground elevation. Errors in shadowed areas, vegetation movement, or point matching can
reduce accuracy, making LiDAR the more reliable option for precise height measurements,
especially in dense or complex canopies [16].

LiDAR application in row crops such as maize started around the mid-2010s, when it
was used for evaluating crop structure [17] and predicting yield potential [18]. Studies on
the use of UAV-mounted LiDAR to estimate plant height in cotton are scant [19]. This is
a limitation especially because different flight settings like altitude and speed, and data
processing steps like point cloud classification, grid size for height extraction and canopy
modeling, can contribute to the accuracy of LiDAR-based height estimates, yet no studies
exist that provide best-practice recommendations for the cotton crop.

For example, adjusting the point cloud density—the number of laser returns per
square meter—is key [20] to generate accurate LiDAR-based height estimates. Achieving a
high point cloud density enhances measurement accuracy but requires a UAV to fly at lower
altitudes, slower speeds, or with greater overlap between flight paths, all of which extend
flight time and increase the cost and complexity of data collection and data processing.
A high point cloud density poses a challenge as it generates larger data files [21], which
demand significant storage capacity and increase computing power requirements and/or
processing times. Therefore, identifying flight characteristics and data processing steps that
optimize crop height estimation accuracy while minimizing flight time and data storage
and processing requirements is of utmost importance.
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Another key processing step with LiDAR data is grid-based sub-sampling, where
the raw LiDAR point cloud data are selectively thinned based on the highest-height point
within each predefined grid cell [22]. By identifying a grid cell size that balances data
retention and reduction, one can minimize file size, reduce computational requirements,
and improve processing speed, all of which contribute to more efficient and cost-effective
UAV-based LiDAR applications [20,23]. The decision on the size of the grid cell to be
utilized at this step is left to the user, and no best-practice recommendations exist when
using LiDAR in row crops in general, or cotton in specific.

Another important step when processing LiDAR data in DJI Terra (DJI, China), a
LiDAR mapping and analysis software developed by DJI, is selecting the appropriate field
slope type for the initial classification of point clouds. This choice helps the software distin-
guish between ground and non-ground points based on terrain variation. The classification
process is influenced by the field slope characteristics, as variations in topography affect the
differentiation between ground and non-ground points [24]. Like grid cell size selection, the
decision on the slope choice is left to the user, and no best-practice recommendations exist.

The overall aim of this study was to establish best-practice guidelines for UAV LiDAR
flight settings and data processing to ensure high-quality data acquisition for accurate
cotton canopy height estimation. The first objective of this study was to determine and
select the optimal UAV flight settings—altitude and speed—that provide the most accurate
LiDAR-derived crop height estimates. Based on the best flight settings identified in the
first objective, the second and third objectives focused on evaluating the impact of two
user-dependent data processing steps on crop height estimation. Specifically, the second
objective assessed how defining different grid cell sizes for sub-sampling point clouds
affects crop height accuracy, processing time, and file size. The third objective examined
the effect of selecting the field slope type on the accuracy of crop height estimation.

2. Materials and Methods

2.1. Experimental Site Description

This experiment was conducted in two different irrigated fields in Georgia, USA near
Midville (32.875761, −82.222197) and Watkinsville (33.870858, −83.452716) for the year 2024.
The field in Midville had a flat terrain predominately characterized by Tifton soil series and
the Dothan soil series (fine-loamy, kaolinitic, thermic plinthic kandiudults), which are both
deep, well-drained, and have a fine-loamy texture [25]. The field in Watkinsville has a some-
what flat terrain characterized by Cecil sandy loam soil with 2% to 6% slope [25]. Cotton
was planted at a row spacing of 91 cm and seeding rate of 90,000 seeds/ha. The varieties
planted were NexGen 3195 Bollgard® 3 XtendFlex® in Watkinsville and Dyna-Gro 3799
Bollgard® 3 XtendFlex® in Midville, and were selected according to local recommendations.
Planting occurred on 26th of June in Midville and 2nd of July in Watkinsville.

Each trial was implemented as a nitrogen (N) fertilizer side-dress rate study, with N
rate treatments of 0 + 0, 112 + 0, 40 + 26, 40 + 60, 40 + 94, and 40 + 128 kg/ha, denoted as
preplant + side-dress application rates. The experiment followed a randomized complete
block design with four blocks. In brief, all plots, except for the control (0 + 0) and the
112 + 0 treatment, received a baseline application of 40 kg N/ha at planting, applied
using a tractor-mounted boom sprayer. The fertilizer source for the application was urea
ammonium nitrate (UAN) 28% N, which is a liquid fertilizer. At the blooming crop stage
(approximately 49–52 days after planting), side-dress N fertilizer treatments were applied
with a variable rate applicator. For this manuscript, the treatment design of N rates was
utilized only to generate variability in crop height, and therefore further statistical analysis
did not incorporate N rate as an explanatory variable.

3
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2.2. Aerial LiDAR Data Collection and Pre-Processing

The workflow for data acquisition, pre-processing, and analysis consisted of four main
steps: (i) field characterization, (ii) data acquisition with different flight settings, (iii) data
processing, and (iv) validation (Figure 1). Field characterization in relation to slope is an
important initial step used to define processing settings in the DJI Terra (DJI, Shenzen,
China) v. 4.1.0 software. DJI Terra provides the user with the option of identifying the
field as flat (1–4 degrees slope), gentle (4–7 degrees slope), or steep (8–12 degrees slope)
as one of the first steps in the processing pipeline. To conduct field characterization in
our study, elevation data were retrieved for each field from the Google Earth Engine data
catalogue of USGS 3 DEP 1 m National Map using the geemap library [26] in Python 3.9.
Then, the elevation raster was imported into R software v. 2024.12.0 (R development team,
2024), where the terra package [27] v. 1.8-42 was used to calculate the slope of the field.
The field was then classified into one of flat (1–4 degrees), gentle (4–7 degrees), or steep
(8–12 degrees) slope to match the options provided by DJI Terra.

Data acquisition was conducted on August 10th in Midville (76 days after planting)
and August 27th in Watkinsville (86 days after planting) in 2024. Cotton typically reaches
its first flower at 50–60 days after planting, with peak bloom occurring 20–30 days later [28].
This period is critical for assessing management practices like plant growth regulator (PGR)
application, making accurate crop height data essential for informed decision making. First,
10 plants from each of 28 plots had their height measured manually using a measuring tape,
for a total of 280 plants measured in each field. On the same day, a DJI Matrice 350 (DJI,
Shenzhen, China) UAV mounted with a Zenmuse L2 (DJI, Shenzhen, China) LiDAR sensor
was used to collect the sensor data from the field from each combination of three different
flight altitudes (12.2, 24.4, 48.8 m) and three different flight speeds (4.8, 9.6, 14.4 km/h),
resulting in a total of nine unique flight settings per location. Each combination of flight
altitude and speed was flown once per location, totaling 18 flights across the two locations.
Flight altitudes of 12.2, 24.4, and 48.8 m and speeds of 4.8, 9.6, and 14.4 kmph were selected
to balance data quality and operational efficiency in UAV LiDAR surveys. Lower altitudes
(12.2 m) increase point density and detail, ideal for precise canopy measurements, while
higher altitudes (48.8 m) enable faster, broader coverage with an acceptable resolution for
field-scale assessment [29–31]. Similarly, slower speeds (4.8 kmph) improve point cloud
density and accuracy by allowing for more LiDAR pulses per unit area, whereas faster
speeds (14.4 kmph) prioritize survey efficiency at the cost of reduced detail [32]. For speed
selection, 4.8 km/h was the default setting in the DJI flight planner application. To assess
its impact on data acquisition and quality, additional speeds were chosen at double (9.6
km/h) and triple (14.4 km/h) the default value. Higher speeds were chosen to allow for a
comparative analysis of speed’s influence on data accuracy and efficiency.

The Zenmuse L2 integrates the Livox LiDAR module, a high-precision inertial moment
unit (IMU), a mapping camera, and three-axis gimbals. The IMU includes a three-axis
accelerometer, a three-axis angular velocity and a barometric altimeter, which is used to
measure attitude. All the flights were conducted at a frontal overlap of 80% and side
overlap of 10%. The scanner pulse repetition rate was set at 240 kHz, and the scanner angle
to 90 degrees. The UAV was connected with a D-RTK 2 high precision GNSS mobile station
(DJI, Shenzhen, China) that supports four global satellite navigation systems, BeiDou, GPS,
Galileo, GLONASS, and 11-frequency satellite reception, providing real-time differential
corrections to facilitate the aircraft in centimeter-level precision positioning and help to get
the precise geolocation of each of the cloud points from the LiDAR.

Data were processed on a desktop computer with AMD Ryzen Threadripper PRO
5975WX 32, core 3.6 GHz processor, 128 GB RAM. The movements of the UAV were cor-
rected using the DJI Terra software (DJI, Shenzhen, China) which combines the GNSS

4



Remote Sens. 2025, 17, 1504

correction, and the movement data recorded by the IMU, with a manufacture-reported
precision of ~4 cm for all flights. Data processing involved the steps of point cloud classifi-
cation, DTM generation, normalization, DSM generation, canopy modeling, rasterization,
and metric extraction using different software.

To produce a geo-referenced point cloud, the flight path and raw point cloud data
were combined in DJI Terra software (DJI, Shenzhen, China). After uploading the data into
the software, the user can initiate the subsampling method using a grid-based approach
to systematically reduce point cloud density. This method involved partitioning the area
into predefined grid sizes (00 cm or no sub-sampling, 10 cm, 20 cm, 30 cm, 40 cm, and
50 cm) and retaining only the highest point within each grid cell. The point clouds were
also classified in the software as ground and non-ground points using a field slope-based
approach. Previous studies have employed algorithms such as the cloth simulation fil-
ter [33] and progressive morphological filter [34], as well as software platforms including
CloudCompare 2.10 [32] and ArcGIS 10.4.1 (ESRI, Redlands, CA, USA) [35] to perform
this task. In this study, point cloud ground classification was conducted using DJI Terra
software as it has been specifically developed by DJI to ensure seamless integration with
their hardware systems, such as the Zenmuse L2 LiDAR sensor. In DJI Terra, at this stage,
the user is required to select the field slope classification. For the fields in this study, the
correct classification was “flat” based on open-source elevation data obtained pre-flight at
the field characterization step. Because an improper selection of field slope can potentially
impact the quality of the processed data, the impact of the slope type parameter selected
during ground point classification in DJI Terra was evaluated by processing the LiDAR data
using all the available slope settings: ‘Flat’, ‘Gentle’, and ‘Steep’. These settings represent
varying terrain slope conditions and influence how the software identifies and classifies
ground points within the LiDAR dataset. The final co-registered and geo-referenced point
cloud datasets were stored in LAS format (Figure 1).

The LAS file exported from DJI Terra was then further processed in R using the lidR
package [36] v. 2.0.0 in five sub-steps: (i) digital terrain model generation; (ii) height
normalization, (iii) noise filtering, (iv) digital surface model generation, and (v) canopy
height model generation. The first sub-step in processing the LiDAR data in R involved
creating a DTM from the LAS file obtained from DJI Terra. This was achieved using the
triangular irregular network (TIN) [37] method, which leverages ground point data to
model the DTM. TIN was selected as the triangulation method due to being straightforward
and computationally efficient, as it does not require complex adjustments or additional
parameters compared to other methods [24].

The second sub-step in processing was the height normalization which was performed
based on the DTM generated on the previous sub-step. In this process, the terrain height
values in the DTM were set as a baseline (considered zero). Also, any points that were
within 6 cm height from the ground were considered as ground so to smooth out small
bumps on the field, and the remaining points above this threshold were regarded as
representing heights above the terrain, effectively isolating the plant heights. A similar
approach was adopted by other studies [38,39], where a ground offset of 5 to 10 cm was
applied to account for ground surface roughness. The third sub-step in processing was
noise filtering which was implemented to improve data quality by flagging and filtering
out noisy points in the point cloud. A noisy point was considered as any point that fell
below the DTM (indicating negative heights). This filtering step ensured that only relevant
data points were retained for accurate canopy height measurements.
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Figure 1. LiDAR-based crop height estimation workflow including step 1: field characterization
(elevation and slope); step 2: data acquisition (varying flight settings and manual plant height mea-
surements); step 3: data processing (canopy modeling and metric extraction); and step 4: validation
(regression between LiDAR plant height estimate and ground truth plant height).
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The fourth sub-step in processing was to generate a digital surface model (DSM) using
a TIN and incorporating all points from the LiDAR point cloud, including those at higher
elevations such as crop canopies, trees, or structures. Unlike a DTM, which uses only
the lowest points to represent the bare ground, a DSM captures the highest elevation at
each location. The TIN for a DSM is formed by connecting these points into an irregular
mesh, creating a 3D representation of the entire surface, including all objects above the
ground. Finally, the fifth sub-step in processing was to generate the canopy height model
(CHM) which was calculated by subtracting the DSM and the DTM which is a commonly
used method for canopy height estimation [34,40]. The CHM represents the canopy height,
providing a measure of plant height above ground level. The resulting CHM was then
rasterized to facilitate further spatial analysis.

To match the CHM with the manual measurements of plant height, the rasterized
CHM was intersected with the bounding boxes around 10 marked plants per plot. The
mean height for these 10 plants was calculated for both LiDAR and manual measurements.
These averages were then compared using regression analysis.

2.3. Data Analysis and Validation

To assess the impact of flight altitude and speed, data from both locations were an-
alyzed together to account for the potential site-specific variations as our objective was
to determine the optimal flight setting for quality data retrieval. A regression model was
used to examine the relationship between LiDAR-derived height and manual height mea-
surements, with location incorporated as a random effect. However, for evaluating the
optimal grid sub-sampling method, the data from each location were analyzed separately.
This separate analysis was necessary because the two locations differed in field size, which
directly influenced the amount of LiDAR data collected and the overall processing time. To
assess grid sub-sampling performance, three metrics were evaluated: (i) file size (smaller
file sizes improve storage efficiency), (ii) processing time (faster processing reduces compu-
tational burden), and (iii) height prediction quality (to ensure the subsampled data retained
sufficient accuracy). To evaluate height prediction quality, a regression analysis comparing
the LiDAR-derived heights obtained through different grid sub-sampling methods against
manually measured height was conducted. The coefficient of determination (R2, higher
is better), root mean square error (RMSE, lower is better), and mean absolute error (MAE,
lower is better) were used as the evaluation metrics. Furthermore, the intercept and slope
of the equation were tested using the linearHypothesis function from the car package [41]
v. 3.1.3 for significant differences from 0 and 1, respectively, with a significance level of 0.05.

Moreover, to evaluate the effect of the slope choice (flat, gentle and steep) for point
cloud classification in DJI Terra software to derive the LiDAR height, the difference between
manual and LiDAR-derived height was explained as a function of slope type, location,
and their interaction as fixed effects, while the block nested within location was treated as
random effect. Similarly, to further extend our understanding of the slope choice for point
cloud classification the data from both locations were analyzed together. A regression model
was used to examine the relationship between LiDAR-derived height and manual height
measurements, with location incorporated as a random effect to account for variability
between sites.

3. Results

The relationship between manual height measurements and LiDAR-derived height
measurements for each combination of flight altitude and speed was analyzed combining
the data from both locations (Figure 2). Among the tested settings, the UAV flight at a
speed of 14.5 km/h and an altitude of 24.4 m had the best performance, achieving the
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highest R2 value (0.97) and the lowest RMSE (3.65 cm) and MAE (3.09 cm). At higher
altitudes (48.8 m), the accuracy decreased significantly as evidenced by slightly lower R2

values (0.86–0.87), and increased RMSE (10.18–11.71 cm) and MAE (8.87–9.62 cm) values,
indicating a weaker correlation between manual and LiDAR-derived height. In contrast, at
the moderate altitude of 24.4 m, increasing speed improved accuracy, with the highest R2

(0.97) and the lowest RMSE (3.65 cm) and MAE (3.09 cm) achieved at 14.5 km/h. However,
at higher altitudes, faster speeds lead to reduced accuracy evidenced by increased RMSE.
Overall, optimal accuracy is achieved at moderate altitudes (24.4 m) with higher flight
speeds, while higher altitude compromised measurement precision, particularly at faster
speeds. The intercept and slope were significantly different from 0 and 1, respectively, only
for the highest flight altitude (48.8 m) at all three speed settings (Figure 2).

Using the results above, data from the UAV flight setting that optimized plant height
prediction (i.e., flight altitude of 28.8 m and flight speed of 14.4 km/h) were selected and
used in the downstream analysis of sub-sampling grid size for each location separately.
For Watkinsville, as the grid sub-sampling size increased from 0 cm to 50 cm, there was a
significant reduction in processing time and file size, demonstrating that larger grid sub-
sampling improves computational efficiency and reduces storage requirements (Table 1).
Point cloud density decreased drastically by 99.6%, from 5834 points/m2 at 0 cm to just
21 points/m2 at 50 cm. Total processing time followed a similar trend, reduced by 55.8%
from 206 s at 0 cm to 91 s at 50 cm. File size decreased significantly, declining by 99.5%
from 812 MB at 0 cm to just 4 MB at 50 cm (Table 1).

Table 1. Effect of grid sub-sampling size on LiDAR point cloud density, processing time and file size
with data obtained from Watkinsville.

Grid
Sub-Sampling

(cm)

Point Cloud
Density

(points/m2)

Benchmarking Time
DJI Terra

(3D LiDAR Point
Cloud Modeling)

(s)

Benchmarking
Time R

(Elevation
Modeling)

(s)

Total Time for
Processing

(s)
File Size (mb)

0 5834 143 63 206 812
10 539 101 55 156 149
20 110 83 37 120 35
30 41 82 21 103 13
40 20 80 19 99 6
50 21 77 14 91 4

An increase in sub-sampling grid size and concurrent decreases in processing time
and file size concur in lower quality of LiDAR data by reducing the point cloud density
(Table 1). In Watkinsville, the greatest agreement between manual height and LiDAR-
derived height was obtained at no sub-sampling (i.e., sub-sampling grid size of 0 cm,
R2 = 0.88, RMSE = 2.86, MAE = 2.34 cm), with a 10 cm sub-sampling grid size producing
acceptable agreement (R2 = 0.85, RMSE = 4.29 cm, MAE = 3.56 cm, Figure 3). With the
coarsest sub-sampling grid size, fit metrics were significantly compromised (R2 = 0.38,
RMSE = 10.78 cm, MAE = 7.97 cm). Both the intercept and slope were significantly different
from 0 and 1, respectively, for the coarsest sub-sampling grid size (50 cm). Only the
intercept showed a significant difference from 0 for the 30 cm and 40 cm sub-sampling grid
sizes. In contrast, neither the intercept nor the slope differed significantly from 0 and 1,
respectively, for grid sizes smaller than 30 cm (Figure 3).
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Figure 2. Scatterplots of manual measured plant height (cm) and LiDAR-derived plant height (cm)
where points represent heights from two locations: Watkinsville (green) and Midville (blue). Each
panel represents data from one unmanned aerial vehicle (UAV) flight altitude and speed combination.
The solid black line represents the 1:1 line. The red line represents the regression line, with its equation
shown inside each panel. The bolded intercept and slope values indicate a significant difference from
0 and 1, respectively, at p < 0.05; non-bold values are not significantly different. R2 is the coefficient of
determination. R2 is the coefficient of determination. MAE is the mean absolute error. RMSE is the
root mean squared error.

For Midville, as the grid sub-sampling size increased from 0 cm to 50 cm, there was
a significant decline in all parameters, demonstrating the efficiency of larger grid sub-
sampling (Table 2). As grid sub-sampling size increased from 0 cm to 50 cm, point cloud
density decreased significantly, dropping by approximately 99.7% from 2637 points/m2

to 9 points/m2. Similarly, total processing time reduced by 57.4% from 183 s to 78 s, with
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benchmarking time in DJI Terra and R showing reductions of 47.2% and 80.4%, respectively.
Additionally, file size decreased 99.6% from 718 MB to just 3 MB (Table 2).

Figure 3. Scatterplots of manual height and LiDAR-derived height in Watkinsville, GA. Each panel
represents data from different sub-sampling grid sizes in Watkinsville. The title on left top of each
graph shows the grid size used for sub-sampling. The solid black line represents the 1:1 line. The red
line represents the regression line, with its equation showed inside each panel. The bolded intercept
and slope values indicate a significant difference from 0 and 1, respectively, at p < 0.05; non-bold
values are not significantly different. R2 is the coefficient of determination. MAE is the mean absolute
error. RMSE is the root mean squared error. Grid size: 00cm denotes the original resolution layer,
meaning the data is in its full detail with no subsampling performed.

Table 2. Effect of grid sub-sampling size on LiDAR point cloud density, processing time, and file size
with data obtained from Midville.

Grid
Sub-Sampling

(cm)

Point Cloud
Density

(points/m2)

Benchmarking Time
DJI Terra

(3D LiDAR Point
Cloud Modeling)

(s)

Benchmarking
Time R

(Elevation
Modeling)

(s)

Total Time for
Processing

(s)
File Size (mb)

0 2637 127 56 183 718
10 362 77 40 117 99
20 87 70 26 96 24
30 34 70 17 87 9
40 17 67 13 80 5
50 9 67 11 78 3

In Midville, the greatest agreement between manual height and LiDAR-derived
height was obtained at no sub-sampling (i.e., sub-sampling grid size of 0 cm, R2 = 0.94,
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RMSE = 4.66 cm, MAE = 3.78 cm), with an up to 20 cm sub-sampling grid size still pro-
ducing acceptable agreement (R2 = 0.91, RMSE = 4.19 cm, Figure 4). With the coarsest sub-
sampling grid size, fit metrics were significantly compromised (R2 = 0.63, RMSE = 9.51 cm,
MAE = 6.86 cm). Only the intercept showed a significant difference from 0 for coarsest
and 40 cm sub-sampling grid sizes. In contrast, neither the intercept nor the slope differed
significantly from 0 and 1, respectively, for grid sizes smaller than 40 cm (Figure 4).

Figure 4. Scatterplots of manual height and LiDAR-derived height in Midville, GA. Each panel
represents data from different sub-sampling grid sizes in Midville. The title on left top of each graph
shows the grid size used for sub-sampling. The solid black line represents the 1:1 line. The red line
represents the regression line, with its equation showed inside each panel. The bolded intercept and
slope values indicate a significant difference from 0 and 1, respectively, at p < 0.05; non-bold values
are not significantly different. R2 is the coefficient of determination. MAE is the mean absolute error.
RMSE is the root mean squared error. Grid size: 00cm denotes the original resolution layer, meaning
the data is in its full detail with no subsampling performed.

Slope choice during the processing of the point clouds had no significant effect on the
mean difference between manual and LiDAR-derived heights across two locations. The
mean difference between manual and LiDAR-derived heights were −1.1 cm, −0.57 cm,
and −0.24 cm for flat, gentle, and steep, respectively.

Similarly, the tested slope choices (flat, gentle and steep) in DJI Terra software for point
cloud classification showed similar performance across both locations when compared to
manually measured heights, as reflected by comparable R2 (0.93–0.95), RMSE (4.42–4.77 cm)
and MAE (3.41–3.6 cm, Figure 5). The intercept and slope were not significantly different
from 0 and 1, respectively, for any of the three slope choices (Figure 5).
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Figure 5. Scatterplots of manual height and LiDAR-derived height. Each panel represents data
from different slope choices for point cloud classification for two locations, Watkinsville (green)
and Midville (blue). The title on left top of each graph shows the slope choice made. Solid black
line represents the 1:1 line. Red line represents the regression line, with its equation showed inside
each panel. The bolded intercept and slope values indicate a significant difference from 0 and 1,
respectively, at p < 0.05; non-bold values are not significantly different. MAE is the mean absolute
error. RMSE is the root mean squared error.

4. Discussion

In this study, the effect of UAV flight parameters and data processing steps on cotton
plant height estimation accuracy was investigated. This research establishes a framework
for developing optimized flight plans and data processing protocols aimed at improving
the accuracy, efficiency, and scalability of LiDAR-derived information. This work is unique
and fills an important methodological gap in using UAV LiDAR for row crop height
estimation. In specific, this research can serve as a foundational framework for selecting
flight settings during the peak bloom stage of cotton that balance data quality with practical
considerations, such as minimizing processing time and maintaining manageable file sizes.
Additionally, it holds particular significance for cotton, where management practices like
PGR application rely on accurate plant height measurements to optimize production [42].
Various studies have found that the application of PGR produced more flowers [4], reduced
the spatial yield variability within a field [43], controlled excessive vegetative growth [44,
45], and, in some cases, increased cotton yield [46–48]. Additionally, the application of
PGR has been shown to enhance cotton fiber quality by promoting earlier maturation of
the cotton plant. In this context, [49] reported that delayed harvesting negatively affects
the cotton fiber quality. Moreover, UAV-based LiDAR data can support variable rate
application of PGR which has shown to reduce the PGR application rates ranging from 10
to 53% and PGR cost by 17% when compared to fixed-rate applications [50].

In this study, a UAV-mounted LiDAR sensor at different flight settings was tested
as it often provides better height estimation compared to multispectral imagery or SfM
technology. A study on wheat [51] reported that the multispectral imagery under-estimated
the height and was less accurate compared to the LiDAR estimated height. Similarly,
several studies reported that the correlation between digitally derived canopy height and
ground measurements was found to range from 0.5 to 0.87 [52,53], which is low compared
to the correlation obtained from LiDAR, ranging from 0.8 to 0.97 [12,54].

Our results showed that varying UAV flight speed had a minimal impact on the
accuracy of plant height assessment compared to changes in flight altitude. This aligns
with previous studies that have highlighted the significant influence of altitude on point
cloud density and the subsequent accuracy of vegetation structure measurements [21,30].
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Lower flight altitudes generally produce denser point clouds, which enhance measurement
precision but may introduce more noise due to increased overlap and redundant data
capture. Studies like [55] on forest canopy and [54] maize and soybean suggested that it is
not necessary to have high LiDAR point cloud density to achieve the desired estimation
precision of vegetation parameters. Conversely, higher altitudes result in sparser point
clouds, potentially reducing measurement accuracy [31,33,56]. A study conducted in maize
and soybeans [54] found that when a UAV-mounted LiDAR was flown at the height of
150 m above ground level, a weak correlation of R2 (0.64 and 0.4, respectively, for each crop)
was found. For instance, [57] demonstrated that a flight altitude of 85 m provided more
accurate tree height estimations compared to 145 m, while ensuring sufficient coverage
and sensor safety in complex terrains. These findings suggest that lower flight altitudes
improve height estimation accuracy, likely due to higher point cloud density. However,
there is a difference in LiDAR application between tree canopies and row crops such
as cotton, stemming from their distinct structural characteristics. Unlike trees, which
have loose and varied canopies, cotton canopies have dense, uniform foliage that heavily
obscures the ground. This dense foliage complicates the accurate estimation of DTM, as
also noted by [53,58,59]. In our study, lower flight altitudes were more effective in capturing
detailed ground information under dense cotton canopies, demonstrating the importance
of tailoring flight parameters to the specific structural characteristics of the vegetation being
analyzed. [12] reported that a LiDAR sensor mounted on a tractor achieved a root mean
square error (RMSE) of 6.5 cm in field-based cotton height measurements. In comparison,
our study demonstrated that under optimal UAV flight settings, an RMSE of 3.65 cm could
be achieved, indicating a higher level of accuracy. Furthermore, while both approaches
provide valuable canopy height estimations, UAV-based LiDAR offers a significantly more
efficient and rapid data acquisition method.

Our study further demonstrated the value of optimizing data processing techniques
for LiDAR datasets. For instance, sub-sampling the point cloud to a grid size of up to 20 cm
(86–90% reduction in point cloud density from the original data) maintained sufficient accu-
racy for height measurements while significantly reduced file size. This aligns with recent
advancements in point cloud processing, such as shape-aware down-sampling techniques,
which have been shown to preserve structural integrity while eliminating unnecessary
data points, thereby improving the overall quality of the dataset [60]. Furthermore, reduc-
ing the point cloud density by 25% still resulted in accurate LiDAR-derived crop height
estimations, maintaining an R2 of 0.96 with the actual measured crop height [61]. Also,
reducing the point cloud density to approximately 7.32 points/m2 maintained a strong
correlation between LiDAR-derived and manually measured canopy heights, with R2

values ranging from 0.65 to 0.75. However, when the point cloud density was further re-
duced to 0.074 points/m2, the accuracy declined significantly, with R2 dropping to 0.3 [30].
This suggests that while some level of point cloud thinning is feasible without substantial
accuracy loss, excessive reduction in point density compromises the reliability of canopy
height estimations. The reduction in point cloud density also translated to smaller file sizes
and shorter processing times, enhancing the practicality of working with LiDAR datasets
in resource-limited environments. Larger file sizes tend to slow down analysis and increase
computational overhead, which can be a significant bottleneck for large-scale studies.

Our study revealed that varying slope parameters during the classification of LiDAR
point clouds into ground and non-ground points had no significant effect on the classifica-
tion accuracy. This finding suggests that the underlying algorithms utilized by DJI Terra
are robust and effectively handled variations in user-defined slope settings during the data
processing workflow.
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5. Conclusions

This study provided key recommendations for UAV LiDAR flight settings and data
processing steps for cotton height estimation and serves as an initial step for new users of
this technology. UAV flight speed had no significant effect on the accuracy of LiDAR data
acquisition, whereas flight altitude significantly influenced data quality. As flight altitude
increased, point cloud density decreased, which led to a gradual loss of structural integrity
in the captured vegetation data, thereby affecting the accuracy of canopy height estimation.
For any optimal flight height, to address challenges associated with longer data processing
times and larger file sizes, sub-sampling the point cloud up to 20 cm grid size provided
an effective balance between data reduction and information retention. Additionally, our
findings indicate that the slope choices during point cloud classification did not affect the
accuracy of LiDAR-derived measurements, further highlighting the effectiveness of DJI
Terra’s automated classification algorithm in ensuring reliable data outputs.

Although this work represents an important step in proposing recommendations for
UAV-based LiDAR use in cotton, some limitations and gaps remain. The major limitation
of this research was its focus on a single crop, cotton, which restricts the generalizability
of findings to other crops with different canopy structures and growth patterns. Also,
this study focused on a single growth stage when the canopy was fully developed and
provided maximum coverage. While these results are highly relevant for critical cotton
growth stages such as flowering and boll development—key periods for evaluating plant
height for management practices—they may not be as applicable to the early growth
stages when canopy cover is minimal. Early-stage flights would likely exhibit different
LiDAR responses, including greater ground visibility and less point cloud interference from
overlapping leaves. Moreover, other influential flight factors such as flight overlap, scan
angles, and UAV trajectory planning were not addressed. Flight overlaps and scan angles,
for example, play a critical role in ensuring data completeness and accuracy, particularly in
terrains or fields with uneven surfaces [62].

Future studies should include UAV flights on various crops with differing canopy
structures, such as maize, wheat, and soybean. Additionally, flights at different growth
stages should be further tested to improve generalizability across the growing season. Re-
search on varying flight overlap, scan angles, and UAV trajectories could further elucidate
other aspects of flight settings to optimize data collection for different crops and field
conditions, and merit attention in future studies.
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Abstract: The water status of plants is affected by abiotic and biotic environmental factors
and influences the growth and yield formation of crops. Assessment of the leaf water
content (LWC) of grapevine using hyperspectral imaging (1000–2500 nm) was investigated
under controlled conditions for its potential to study the effects of the downy mildew
pathogen Plasmopara viticola on LWC of host tissue in compatible and incompatible inter-
actions. A calibration curve was established for the relationship between LWC and the
Normalized Difference Leaf Water Index (NDLWI1937) that uses spectral information from
the water absorption band and NIR for normalization. LWC was significantly lower for
abaxial than for adaxial leaf sides, irrespective of grapevine genotype and health status.
Reflecting details of leaf anatomy, vascular tissue exhibited effects reverse to intercostal
areas. Effects of P. viticola on LWC coincided with the appearance of first sporangia on the
abaxial side and increased during further pathogenesis. Continuous water loss ultimately
resulted in tissue death, which progressed from the margins into central leaf areas. Tiny
spots of brown leaf tissue related to the reaction of partial resistant cultivars could be
monitored only at the sensor’s highest spatial resolution. Proximal sensing enabled an
unprecedented spatial resolution of leaf water content in host–pathogen interactions and
confirmed that resistance reactions may produce a combination of dead and still-living
cells that enable the development of biotrophic P. viticola.

Keywords: downy mildew; hyperspectral imaging; leaf anatomy; leaf morphology;
water balance

1. Introduction

Grapevine (Vitis vinifera L.) was grown for the production of table grapes and wine, in
2023, on about 6.6 million ha worldwide (https://www.fao.org/faostat/en/#data, accessed
on 3 January 2025). As many vineyards are in regions where water is a limiting resource and
drought stress may reduce the quality and quantity of grapevine production, monitoring
of the crop water status is very important in viticulture and has become a major research
area [1].

Stomatal conductance, water potential, canopy temperature, and vegetation indices
are widely used to characterize the water status of grapevine and other crop species [1–4].
Measurements of stomatal conductance and water potential of leaves, stems, or plants
result in a mean value per measuring object, deliver no spatial information, and require
contact between plant tissue and sensor. In contrast, thermal and spectral sensing and
imaging provide various vegetation indices, are contactless and may be applied on vari-
ous platforms and scales; e.g., ground-based spectrometry and thermography [5], aerial
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thermography [6,7], aerial multispectral and thermal imagery [8–10], and ground-based
hyperspectral imaging [11].

The effects of water content on leaf reflectance are greatest in spectral bands centered at
1450, 1940, and 2500 nm. Secondary effects occur at 980 nm and 1240 nm [12–14]. In satellite
and airborne imagery, the SWIR wavebands are usually saturated with atmospheric water
vapor, which has a higher concentration over the full atmospheric column between sensor
and vegetation than the liquid water of the plant tissue [15]. As the SWIR water absorption
bands are not suitable for remote sensing of the water content of vegetation, wavebands
from the NIR range are used instead. Spectral band ratios developed to estimate the water
content of vegetation from remote sensing include the normalized difference water index
(NDWI; [16]) and the plant water index (PWI; [17]). These spectral ratio indices use the
(broad) wavebands provided by satellite-borne or airborne sensors.

Wavebands around 1200 nm and 1400 nm have been used to predict the water status
of grapevines, also from aerial SWIR data [18,19]. The best models used SWIR data
(750–1700 nm) from UAV and allowed predicting stem water potential with R2 of 0.54.
Random Forest and Support Vector Machine models used wavebands located around
1420 nm and 1460 nm, and 1050 nm and 1200 nm, respectively [20].

In proximal sensing, the content of atmospheric water vapor of the column between
leaf tissue and sensor is considerably lower than the content of liquid water in living plant
tissue. Reflection from ground-based hyperspectral imaging at 1410 nm and 1520 nm was
correlated with the water status of tomato leaves [21]. For the period 2019 to 2022, Sanaeifar
et al. [22] listed 41 studies in which proximal hyperspectral sensors were used for drought
detection of various plant species on the leaf and canopy scale; 20 non-imaging sensors, 18
in the VISNIR range, and 2 using SWIR data, in grapevine [23] and in oak phenotyping [24],
respectively. Oerke & Steiner [25] successfully used a normalized difference water index
NDWI1937 for characterizing the water status of apple leaves infected by Venturia inaequalis.

Knowledge of the effect of leaf diseases on the water status of crop plants is limited
(see review by Grimmer et al. [26]). Leaf diseases such as downy mildew, powdery mildew,
and various leaf spot diseases are described to affect yield formation of grapevine and to
aggravate the effects of drought conditions on host physiology without knowing details on
their effect on leaf water status [27,28].

Downy mildew of grapevine is caused by the obligate biotrophic oomycete Plasmopara
viticola (Berk. & M.A. Curtis) Berl & De Toni and is one of the most devastating diseases
worldwide [29]. Despite frequent fungicide use, it causes considerable production losses in
grapevine production. As the completion of its life cycle depends on host plant resistance
and environmental conditions, the use of (partially) resistant cultivars and the use of
fungicides according to forecast models, depending on leaf wetness duration, are essential
tools in downy mildew control [30–33].

Plant-pathogen interactions may be classified as compatible (successful infection
leading to disease and pathogen reproduction) or incompatible (successful plant defense,
no disease and no pathogen survival) [34]. In more detail, however, there is a continuum in
the level of compatibility of interactions. The interaction between the susceptible genotype
Mueller-Thurgau, a typical representative of European grapevine Vitis vinifera, and P. viticola
is fully compatible and results in the abundant formation of abaxial sporangia. Partial,
i.e., incomplete resistance of grapevine cultivars to P. viticola depends on genes (Rpv)
introgressed from Vitis species from the Americas and Asia [35,36]. Rpv3 (derived from V.
rupestris) and Rpv10 (from V. amurensis) confer a high level of resistance of cultivars Regent
(carrying Rpv3-1) and Solaris (Rpv3-3, Rpv10), respectively, to P. viticola. Resistance reactions
of Regent and Solaris include the formation of spots of brown tissue with some necrotic
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(dead) cells. Earlier studies, however, revealed that P. viticola can survive and even sporulate
on this tissue, which includes living cells containing haustoria of the pathogen [37].

The influence of downy mildew on leaf transpiration has been investigated using
thermography in cucumber [38,39] and grapevine [40]. Hyperspectral imaging of the leaf
water content of apple leaves infested by Venturia inaequalis demonstrated that increased
transpiration does not inevitably reduce the water content of colonized leaf tissue, as the
plant may compensate for the increased water loss through the cuticle provided water
supply is not limiting [25]. Only in advanced stages of pathogenesis, the imaging sensor
system revealed highly localized water gradients around infections. The study also revealed
that the adaxial sides of non-infected apple leaves had higher leaf water content than the
abaxial side. However, the relationship between leaf water content (LWC) and Normalized
Difference Leaf Water Index was calibrated only for adaxial apple leaf tissue. It was not
clear whether the difference in NDLWI1937 values between leaf sides resulted from an effect
on the SWIR water absorption bands, on the tissue structure-characterizing NIR waveband
at 1047 nm, or on both leaf characteristics. In dicotyledonous plants, the arrangement of
leaf tissues is strongly asymmetric, with the chloroplast-rich palisade parenchyma near the
upper surface to intercept incoming light and the spongy mesophyll and large air spaces on
the abaxial side of the leaf near the lower surface where the stomata are located [15]. This
bifacial arrangement is likely to cause differences in the spectral characteristics between
adaxial and abaxial leaf surfaces. The water-transporting vascular bundle is oriented
more to the abaxial side of leaves, with xylem and phloem often located underneath the
palisade parenchyma.

Imaging sensors enable the detection, mapping, and modelling of the biochemical and
physiological processes in compatible and incompatible host–pathogen interactions [37,41–43].
The objective of the study reported herein was to improve our understanding of the effect
of P. viticola on the leaf water status of grapevine leaves, depending on the compatibility of
the host–pathogen interaction, by applying an innovative method of LWC mapping on the
tissue scale. Four objectives were addressed; (I) to establish the relationship between LWC
measured gravimetrically and a normalized difference vegetation index based on the SWIR
water absorption band(s) for adaxial and abaxial sides of grapevine leaves; (II) to check the
validity of this relationship under various environmental conditions, e.g., background and
grapevine genotype; (III) to map the effect of downy mildew on the leaf water status in
compatible and incompatible interactions; and (IV) to track the changes in LWC during
pathogenesis in longitudinal studies.

2. Materials and Methods

2.1. Plant Growth

Grapevine (Vitis vinifera L.) plants of cultivars Mueller-Thurgau, Regent, and So-
laris were grown from green cuttings in commercial substrate ED 73 (Balster Einheit-
serdewerk, Froendenberg, Germany) in plastic pots (10 × 10 cm, 0.9 L volume) in a
greenhouse at 23/20 ◦C (day/night), 60% relative humidity (RH), and a photoperiod of 16
h (>300 μmol m−2 s−1). Plants were watered as necessary and fertilized before the experi-
ment once with 100 mL of a 0.2% solution of Poly Crescal (Aglukon, Düsseldorf, Germany).
The cultivars differ in field susceptibility to downy mildew: cv. Mueller-Thurgau (white
wine, rating 7), cv. Regent (red wine, 3), cv. Solaris (white wine, 3) (scale 1 = resistant, to
9 = susceptible; [44]).

2.2. Inoculum Preparation and Inoculation

Sporangia of Plasmopara viticola produced on the abaxial side of grapevine leaves of
the susceptible cv. Mueller-Thurgau were stored at −18 ◦C. Sporangia were washed off the
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leaves with water containing 0.1% Tween-20, adjusted to a concentration of 5 × 104 mL−1,
and sprayed onto the abaxial side of the upper four leaves (1.2 mL per leaf) of grapevines
by turning the plants upside down during spraying.

For each cultivar, 4–6 plants were inoculated with the pathogen when at least six leaves
were fully developed. Inoculated plants were incubated for 24 h at 100% RH, 23/20 ◦C, 16 h
photoperiod; subsequently, they were grown at 60% RH. Non-inoculated control plants
were not subjected to spells of 100% RH.

2.3. Disease Assessment

The severity of P. viticola colonization of grapevine leaves was assessed visually
starting 3 days post-inoculation (d p.i.). To induce sporulation of P. viticola, infected plants
were incubated for 14 h (19.00 to 09.00) at 100% RH. For cv. Mueller-Thurgau, the percent
(abaxial) leaf area covered by whitish sporangia was estimated using the classes 0, 1, 2, 5,
10, 20, 30, . . ., 90, 100%. For cvs. Regent and Solaris, the percentage leaf area covered by
tiny brownish leaf spots was estimated using the same classes.

On images of leaf tissue, the size of individual leaf spots was assessed by counting the
number of pixels with NDLWI1937 values < 0.55.

2.4. Leaf Thickness

The thickness of grapevine leaves was assessed using a digital sliding caliper (Work-
zone DMV-SL05, Dario GmbH & Co KG, Hamburg, Germany). The thickness of intercostal
areas and second-order leaf veins of ten mature, fully developed leaves and 10 young
leaves (leaf level 2 and 3 from top) per grapevine genotype was measured.

2.5. Gravimetric Assessment of Leaf Water Content

The leaf water content (LWC) of grapevine leaves was measured gravimetrically
as LWC = (fresh mass − dry mass)/fresh mass × 100. Per treatment, the fresh mass of
8–10 leaves was weighed directly after leaf detachment, and the dry mass after drying at
72 ◦C for at least 12 h. The LWC value is in contrast to the relative water content, as it
does not consider the maximum water content of plant tissue. The experiment was carried
out twice.

2.6. Hyperspectral Imaging (HSI)
2.6.1. Measuring System

Hyperspectral images in the shortwave infrared (SWIR) range (940 to 2544 nm) were
recorded using a camera with the ImSpector N25E spectrograph (Spectral Imaging Ltd.,
Oulu, Finland) and an objective with a focal length of 30 mm and a field-of-view of 18◦. An
effective sensor slit length of 9.6 mm and 320 pixels per line result in a sensor pixel size
of 30 μm. Spectral resolution was 6.3 nm (256 bands). Three ASD-Pro-Lamps (Analytical
Spectral Devices Inc., Boulder, CO, USA) on each side of the camera provided a near-solar
light spectrum and gave even illumination of the scene. Camera and lamps were arranged
on a motorized line stage (SP-X-Stage-Dual2, Spectral Imaging Ltd.), which moved the
measuring system above the plants. Camera and line stage were controlled using the
SpectralCube software (Spectral Imaging Ltd.). Imaging data were recorded in a darkened
room for optimal and reproducible measuring conditions.

During HSI measurements, the leaves attached to grapevine stems were fixed be-
tween two grids (mesh size 30 × 40 mm) of black fibers in a frame 0.35 m above a black
polypropylene background to support the leaves from below and to smooth them from
above. The potted grapevine plants and the supporting system were placed on a motorized
table in order to vertically adjust the leaves to a working distance of 0.3 m (for maximum
spatial resolution) to 0.6 m (for maximal spatial coverage). A set of four reflection images
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per object were recorded in order to allow the calculation of reflectance values: (I) white
reference bar (Spectral Imaging Ltd.) with horizontal size and vertical level similar to the
object area; (II) dark current image; (III) image of the object area of interest with optimized
exposure time; and (IV) dark current image of the object area.

Hyperspectral images were recorded from leaves without visible water droplets on
the surfaces. Leaf surfaces of plants incubated under 100% RH for 14 h overnight in
order to induce P. viticola sporulation had to be dried under ambient conditions for >6 h
before measurements.

2.6.2. Processing of Hyperspectral Data

The raw image data (reflection values, 240 wavebands in the range from 997 to
2500 nm) were converted into hyperspectral reflectance images using the software ENVI +
IDL 5.0 (EXELIS Visual Information Solutions, Boulder, CO, USA). Data from the 4 images
of an object were imported and normalized by a customized IDL tool. Spectral vegetation
indices—Normalized Difference Leaf Water Index (NDLWI) values—were calculated using
the values of the water absorption bands at 1453 nm (band #82) and 1937 nm (band #159),
respectively, and 1124 nm (near infrared, band #30) for normalization: NDLWI1453 = (R1124

− R1453)/(R1124 + R1453) and NDLWI1937 = (R1124 − R1937)/(R1124 + R1937), respectively.
Graphic illustrations of x-profiles and y-profiles along transects through leaf areas

were prepared after data transfer from ENVI + IDL to Excel.

2.7. Calibration of Normalized Difference Leaf Water Indices

Non-inoculated young and mature leaves of grapevine (cv. Mueller-Thurgau) attached
to the plants—with optimal leaf water content—and after detachment and drying for 2, 5,
and 8 h, respectively, were recorded with the hyperspectral SWIR camera using a working
distance of 60 cm. Young leaves (n = 10) dried under ambient air conditions (20–22 ◦C,
50% RH), mature leaves (n = 10) were dried at 40 ◦C in a drying chamber at maximum
ventilation. After spectral recording, the weight of leaves was measured gravimetrically.
After the fourth hyperspectral measurement, all leaves were desiccated to dryness at 70 ◦C
for 14 h, and the dry matter of leaves was measured after equilibration with ambient air.

Marking the perimeter of the leaves recorded, averaging the spectral information of
these regions of interest (ROIs), and extracting the reflectance values at 1124 nm, 1453 nm,
and 1937 nm yielded the spectral information for the calibration curves NDLWI1453 vs. leaf
water content and NDLWI1937 vs. leaf water content, respectively. Due to the venation
of the grapevine leaf, ROIs included varying percentages of leaf veins and intercostal
areas, respectively.

2.8. Statistical Analysis

For statistical analysis, individual grapevine leaves were used as the experimental
unit. Statistical analyses were conducted using the software SPSS Statistics vers. 26.0
(IBM Germany GmbH, Ehningen, Germany). Data were tested for normal distribution
and equality of variances using the Shapiro–Wilk test and Levene’s test, respectively.
For normally distributed data, a standard ANOVA was performed. For significant F-
values, mean comparisons were performed using the Tukey–Kramer test at a significance
level of p ≤ 0.05. T-test statistics (significance level p ≤ 0.05) were applied to detect
significant differences between healthy and infected leaves as well as adaxial and abaxial
leaf sides. Data series were related to each other by the Pearson correlation coefficient (r).
All experiments were conducted in biologically independent repetitions at least twice.
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3. Results

3.1. Relationship Between Leaf Water Content and Normalized Difference Leaf Water Index

Spectral information of non-inoculated grapevine leaves (cv. Mueller-Thurgau)
recorded before detachment and after different times of drying, respectively, and gravimet-
ric leaf water content (LWC) values of these leaves were combined to generate calibration
curves for the relationship between the Normalized Difference Leaf Water Index (NDLWI).
Reflectance at 1453 nm (R1453) and R1937, representing water absorption bands, were used,
as well as R1124—the maximum reflectance of grapevine leaves in the NIR range –for nor-
malization. For calibration, young and mature grapevine leaves were used, and reflectance
was recorded for the adaxial and the abaxial leaf side, respectively, in separate experiments
(Figure S1). As leaf age had no significant effect, data for young and mature leaves were
combined into general calibration curves, which had high coefficients of determination (R2)
for both indices (Figure 1). With a stronger slope than NDLWI1453, NDLWI1937 was used
for all following experiments. The difference in the calibration curves between adaxial and
abaxial leaf sides was consistent, but statistically not significant.

Figure 1. Relationship between water content of grapevine (cv. Mueller-Thurgau) leaves and
Normalized Difference Leaf Water Index calculated using the water absorption bands at 1453 nm and
1937 nm, respectively. Hyperspectral imaging of adaxial and abaxial leaf sides in two independent
experiments (n = 88).

As the regression between LWC and NDLWI1937 was calculated from mean values
(of both parameters) from leaves with varying portions of leaf veins and intercostal areas
differing in tissue thickness and water content, spectral index values were used instead of
derived LWC values to investigate the effect of P. viticola infections on the spatial patterns
of leaf water content heterogeneity of grapevine leaves. Only for average values per leaf,
LWC was calculated from NDLWI1937. For images with high spatial resolution, LWC values
were not used because of the heterogeneity in the thickness of grapevine leaf tissue varying
among and within leaves (Figure S2).

In order to characterize the origin of the spectral leaf water signal, effects of the
background (color) of the recorded leaves and of the stacking of leaves differing significantly
in LWC were examined (Figure 2). Black and white paperboard below the recorded leaf
differed in their effects on leaf reflectance in the SWIR range, which, in response, had a
strong effect on the NDLWI values derived. However, a black background resulted in
reflectance values very similar to those of leaf areas recorded “without” background (black
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background 0.35 m below the rack carrying the leaves) represented by the rectangle in the
center of leaves, a white background substantially increased reflectance values as well as
NDLWI values by about 0.2 units. Therefore, all hyperspectral images were recorded using
a stage of fine black fibers (3 × 4 cm spacing) supporting the grapevine leaves to be imaged.
The stacking of dried and naturally hydrated leaves in both combinations indicated that
the origin of the SWIR signal (and NDLWI value) was the top leaf layer, provided the time
of contact between tissues differing in hydration was short, and that the contribution of
lower layers to the signal was neglectable (Figure 2b).

Figure 2. Effects of background (color) and stacking of dried and naturally hydrated grapevine (cv.
Mueller-Thurgau) leaves on the assessment of leaf water content by NDLWI1937 (NADIR images).
(a) Grapevine leaves with adaxial and abaxial side up were recorded with black and white paperboard
underneath—the center of leaves (marked by white outline on the left) was without paper background
on the stage of black fibers; (b) effect of stacking of naturally hydrated (LWC 78%) and dried grapevine
leaves on NDLWI1937 values from hyperspectral imaging.

3.2. Effect of Plasmopara viticola Development on Spatial Pattern of Grapevine Leaf Water Content
in Compatible Interaction

Depending on inoculum density and greenhouse temperature, Plasmopara viticola
caused typical downy mildew symptoms—formation of whitish sporangia on the abaxial
leaf side, sometimes in combination with oil flecks on the adaxial side—5 to 8 days post-
inoculation (d p.i.) on cv. Mueller-Thurgau. These symptoms occurred only after induction
of sporulation by spells of high RH (100% RH for 14 h overnight). Without sporangia
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induction, intensive tissue colonization by P. viticola caused spots with reduced chlorophyll
content, slight wilting symptoms of leaves, and tissue damage in later stages (11–18 d p.i.).

The effect of downy mildew development on the leaf water status of cv. Mueller-
Thurgau leaves was investigated in a series of hyperspectral images with the first images
recorded 5 d p.i. (Figure 3; all sub-figures in Figure S3a–e). The water content of non-
diseased leaf blades was characterized by high values of main veins, lower values of veins
of higher order, and tapering off to intercostal areas and the leaf margin. Focusing on the
abaxial leaf side where sporangia—when induced—protrude through stomata, the longi-
tudinal analysis revealed severe effects on leaf water patterns at 9 d p.i., with NDLWI1937

dropping <0.55 for large areas of infected leaves. In earlier stages, the latent colonization
had no effect on leaf water status. Inoculated leaves without induction of sporangia forma-
tion caused an increased heterogeneity of intercostal NDLWI1937 values at 9 d p.i., which
developed into necrotisation of leaf margins characterized by NDLWI1937 values < 0.3 in
later stages. This phenomenon was much stronger for leaves with sporulation, even after
mechanical removal of sporangia. This treatment indicated that the sporangia themselves
did not contribute to the low NDLW values.

Figure 3. Effect of P. viticola development on the spatial pattern of leaf water content of grapevine
(cv. Mueller-Thurgau) leaves as visualized by Normalized Difference Leaf Water Index (NDLWI1937)
for the period 5 to 14 d p.i. Assessment of abaxial NDLWI1937 of non-inoculated leaves (left) and
inoculated leaves without induction of sporulation (second left), with sporangia (second right), and
with sporangia mechanically removed (right).

At higher magnification and with smaller steps of NDLWI1937 levels in water content
visualization, first modifications in the leaf water pattern due to P. viticola were observed
7 d p.i. when first sporangia appeared on the abaxial leaf side (Figure 4a). Large parts of
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the leaf were still free from sporangia and had a rather homogenous NDLWI1937 pattern,
especially when visualized at full range (0.05–0.85) of NDLWI1937 values. With narrow
steps in the range 0.45 to 0.85, the leaf map indicated several spots with NDLWI1937 values
< 0.55. The comparison of SWIR information with RGB images confirmed the spatial
coincidence of reduced leaf water content and sites of sporangia formation. The permanent
overlay of grapevine leaf parts resulted in a small area of increased NDLWI1937 values
(Figure 4a, bottom right). Even higher spatial resolution enabled the precise assignment of
NDLWI1937 values to infection sites. X- and Y-profiles of NDLWI1937 values along transects
through sites of sporulation demonstrated the highly localized—4 and 8 pixels (=0.13
and 0.25 mm), respectively—reduction of leaf water content (Figure 4b). The effect on
NDLWI1937 intensified with the size of the sporulating area from 0.45–0.50 to 0.40–0.45.

 

Figure 4. Effect of P. viticola on leaf water content of grapevine (cv. Mueller-Thurgau) leaves, 7 d p.i.
(a) RGB images (center) and NDLWI1937 images of adaxial (top) and abaxial (middle) sides of leaf
after induction of sporangia formation by 100% RH for 14 h. NDLWI1937 levels displayed for the range
0.05–0.85 (left) and 0.45–0.85 (right), respectively. Bottom row with details of sporangia formation
and the highly localized decrease in leaf water content at the sites of sporangia formation: Note
higher NDLWI values at the site of tissue overlap; (b) NDLWI1937 profiles (range 0.45–0.85) of two
infection sites with sporangia formation.

In case the formation of abaxial sporangia was not induced, progress in downy mildew
pathogenesis resulted in decreased chlorophyll content and heterogenous leaf water content
9 d p.i. (Figure 5a,c). NDLWI1937 values exhibited higher within-leaf variation, but not a
modified level—except for some spots with reduced LWC at the margin. Non-inoculated
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control leaves had the typical pattern of veins high in LWC, intercostal areas with values
0.1 to 0.15 units lower, and reduced water content values tapering off to the leaf margin.
Leaf colonization associated with strong abaxial sporangia formation by P. viticola caused a
large-scale decrease in the water content of intercostal areas and veins (of higher order) by
0.1–0.2 NDLWI1937 units and desiccation of marginal leaf tissue (NDLWI1937 values < 0.3;
Figure 5d,e). The water content of non-diseased tissue of infected leaves was very similar
to that of non-infected leaves. Mechanical removal of the desiccated sporangia caused a
slight increase in abaxial NDLWI1937 values.

 

Figure 5. Effect of downy mildew on spatial pattern of leaf water content of grapevine (cv. Mueller-
Thurgau) leaves, 9 d p.i. (a) RGB images; (b–e) NDLWI1937 images of abaxial leaf side of (b)
non-inoculated control; (c) inoculated leaf without induction of sporangia formation; (d) leaf with
sporangia formation induced by 100% RH for 14 h; (e) leaf after mechanical removal of sporangia.

The negative effect of P. viticola on the water status of compatible grapevine leaves
depended on the severity of downy mildew symptoms per leaf and was even promoted by
spells of 100% RH, inducing abundant sporangia formation on abaxial leaf sides (Figure 6).
Although more pronounced on the abaxial side, the effect of downy mildew on the pattern
of leaf water status could also be measured on the adaxial side, even at 7 d p.i. when downy
mildew reduced NDLWI1937 values by 0.2 units or less. The desiccation of leaf margins
and tissue spots in later stages caused identical NDLWI1937 values < 0.3 on both leaf sides.
As NDLWI1937 of adaxial sides was always about 0.05 units higher than that of abaxial
sides—irrespective whether infected or not—the contrast in leaf water contact between
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affected and non-affected areas was stronger for the adaxial side (Figure S3). LWC of veins
of strongly damaged grapevine tissue indicated a still functional system of water transport.

 

Figure 6. Effect of downy mildew disease severity and time on spatial patterns of water content
of grapevine (cv. Mueller-Thurgau) leaves. NDLWI1937 images of adaxial and abaxial leaf side of
non-inoculated control (left), leaves inoculated with low (center) and high (right) P. viticola inoculum
density. Sporangia formation on abaxial side of leaves was induced before each measurement time
by 100% RH for 14 h.

3.3. Effect of Plasmopara viticola Development on Spatial Patterns of Water Content of Grapevine
Leaves in Interactions with Reduced Compatibility

The partially resistant grapevine cultivars Regent and Solaris responded to P. viticola
infection with the formation of tiny spots of brownish tissue, which were visible on both
leaf sides irrespective of RH during plant growth after inoculation. These symptoms of
resistance appeared 7 to 11 d p.i. and progressed with time in a cultivar-dependent manner.

First experiments on the influence of P. viticola infection of cvs. Regent and Solaris
with partial downy mildew resistance were not successful, as the spatial resolution of the
sensor system was not sufficient when the working distance was 0.6 m (0.67 mm per pixel;
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Figure 7a). The tiny brownish tissue spots (Ø 1–2 mm) on leaves were clearly visible in RGB
images. In corresponding NDLWI1937 images, however, they were hardly detected or not
at all. Imaging data with the best spatial resolution available—0.34 mm per pixel, working
distance 0.3 m—were suitable to detect and to characterize the spots of resistance reactions
for both host genotypes (Figure 7b–e). NDLWI1937 profiles of the affected leaf tissue of
both V. vinifera cultivars demonstrated a sharp and strong decline in water content with
NDLWI1937 values as low as 0.3. The spatial dimension of this effect was strictly limited—2
to 6 pixels—and the water content of neighboring tissue was not affected.

 

Figure 7. Detection of the effect of resistance reactions of grapevine cvs. Regent and Solaris to
infection by P. viticola—i.e., spots of brownish tissue—on the water status of the abaxial leaf side
9 d p.i. (a) Non-successful attempt because of insufficient spatial sensor resolution; RGB images
clearly showed brown spots; (b–e) detection and characterization of the effect on water status of
leaves of cv. Regent (b,c) and Solaris (d,e) with improved spatial resolution.
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Longitudinal studies covering the development of tissue reaction of both partially
resistant cultivars for the period 5 to 18 d p.i. revealed no effects of P. viticola infection
before spots of brown tissue appeared. The number and size of brownish spots of leaf
tissue increased with time (Figure S4). Detailed analysis of NDLWI1937 images of cv. Regent
revealed first tissue reactions 11 d p.i. and an increase in the number and size of spots, which
were sharply confined and strongly reduced in water content (Figure 8). The development
over time was very similar on both leaf sides and was in agreement with observations of
symptoms in RGB images. The small step size in the visualization of NDLWI1937 values
(0.05 units per color) confirmed the local character of the infection effect. The size of one
spot increased from 1 pixel 11 d p.i. to 5 and 7 pixels 14 and 18 d p.i., respectively, another
spot grew from 3 to 6 pixels within 4 days after first appearance.

 

Figure 8. Longitudinal study of the effect of the development of brownish spots due to the resistance
reaction of grapevine cv. Regent to infection by P. viticola on leaf water status of adaxial (top rows)
and abaxial (bottom rows) leaf sides. The number and size of spots visible in RGB and NDLWI1937

images increased with time.

Tracking of individual spots on leaves for the period 7 to 18 d p.i. demonstrated
different progress in the effect of resistance reaction to P. viticola infection on the water
status of spots of cv. Solaris (Figure 9). Although the reduction in water content of colonized
tissue was detectable on both leaf sides already 9 d p.i., the area and the degree of water
content reduction varied with the leaf side. On the adaxial side, brownish tissue started
with a large area of NDLWI1937 values < 0.55 (e.g., 26 pixels), but this area decreased to
6 pixels within the next 7 d. On abaxial side, the spot size of NDLWI1937 values < 0.55 was
smaller (10 pixels) 9 d p.i. and increased to 21 18 d p.i. RGB images gave no evidence for
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changes in the size of brown spots; however, some spots revealed the transient deposition
of amorphous material on the abaxial side 11 d p.i.

 

Figure 9. Longitudinal study of the effect of the development of brownish spots due to the resistance
reaction of grapevine cv. Solaris to P. viticola infection on leaf water status of adaxial (left) and abaxial
(right) leaf sides. The number of spots visible in RGB and NDLWI1937 images increased with time.
The size and effect on leaf water content, however, varied between leaf sides—a decrease and an
increase for the adaxial and abaxial sides, respectively.

Profiles of NDLWI1937 values along transects through individual leaf spots caused
by P. viticola infection indicated a rapid decrease of leaf water content from 0.65–0.70 to
0.45–0.55 and 0.30–0.35 at 14 and 18 d p.i., respectively (Figure 10). The size of the affected
tissue area increased with the level of NDLWI1937 reduction. Brown spots of cv. Solaris had
a strong reduction in leaf water content in the early stage, a transient resurge 11 d p.i. (when
deposits on the stomata reduce stomatal transpiration) and a subsequent aggravation and
attenuation—in both the level of reduction and the area affected—of the effect on water
content for the abaxial and adaxial leaf sides, respectively.
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Figure 10. Effect of individual P. viticola infections on the leaf water content of grapevine cultivars
Regent (left) and Solaris (right) during the appearance and development of brown tissue spots.
Profiles of NDLWI1937 values of transects through brown leaf spots for adaxial and abaxial leaf sides
9, 11, 14, and 18 d p.i., respectively.

3.4. Reassessment of Water Content Differences Between Adaxial and Abaxial Leaf Sides

Consistently lower NDLWI1937 values of abaxial leaf sides prompted the question
whether this difference really indicated significant differences in the water status across
small distances between palisade parenchyma and spongy parenchyma (leaf thickness
0.2–0.3 mm) or if it was due to changes in reflectance characteristics of plant tissue in
the NIR range. Spectra of leaf tissue from grapevine cultivars Mueller-Thurgau, Regent,
and Solaris, non-inoculated and 8 d p.i. P. viticola-infected, respectively, were analyzed in
more detail (Figure 11). Averages of four ROIs with >6500 pixels per treatment (cultivar
× leaf side × infection) revealed that the spectral difference between the sides of leaves
at 1124 nm was larger than the differences among grapevine genotypes. Differences in
leaf thickness among cultivars could not be retrieved in the spectra. The water absorption
band at 1937 nm exhibited higher values (=lower water content) for the abaxial than for
the adaxial leaf side (Figure 11a). Substantial sporangia formation on the abaxial side
of Mueller-Thurgau leaves increased adaxial R1124, had no effect on abaxial value, and
increased both R1937 values. Therefore, the effect of downy mildew on mean NDLWI1937

per leaf was not significant (Figure 11b). Little formation of tiny brown spots on the leaves
of cv. Regent had no significant effect on adaxial and abaxial leaf spectrum and NDLWI1937,
whereas substantial formation of brown spots of cv. Solaris reduced both R1124 values and
R1937 values and resulted in NDLWI1937 values significantly different among treatments
(Figure 11d).
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Figure 11. Effects of cultivar, leaf side, and infection by P. viticola on spectral characteristics of
grapevine leaves, highlighting the spectral ranges used to calculate the NDLWI1937 (inserts). (a) Effect
of grapevine genotype and leaf side; (b) effect of leaf side and downy mildew on reflectance of cv.
Mueller-Thurgau, 8 d p.i.; (c) effect of leaf side and tiny spots of brown tissue on reflectance of cv.
Regent, 8 d p.i.; (d) effect of leaf side and tiny spots of brown tissue on reflectance of cv. Solaris, 8 d
p.i. Mean spectra of >6500 pixels per leaf (n = 4). ab(ax)., abaxial leaf side; ad(ax)., adaxial leaf side;
NDLWI1937 values followed by the same letter were not significantly different (Tukey–Kramer test,
p ≤ 0.05).

Separate assessment of NDLWI1937 for leaf veins (first and second order) and in-
tercostal areas, respectively, for adaxial and abaxial leaf surfaces of the three grapevine
cultivars confirmed that intercostal areas had abaxial NDLWI1937 values significantly
(p < 0.01) lower than the corresponding adaxial areas (Figure 12). The veins of these leaves
showed the opposite effect with higher abaxial NDLWI1937 values. Assuming an area
ratio of 0.8:0.2 between intercostal area and veins for grapevine leaves, the differences
between adaxial and abaxial NDLWI1937 values per leaf were +0.034, +0.059, and +0.038
for cvs. Mueller-Thurgau, Regent, and Solaris, respectively. This effect explains the higher
contrast of abaxial leaf sides in NDLWI1937 visualizations, which was consistent for the
three genotypes during these studies.
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Figure 12. Effect of leaf side and tissue type—veins and intercostal areas, respectively—on NDLWI1937

values of three grapevine genotypes under greenhouse conditions. For all genotypes, leaf water
values were significantly higher for the adaxial than for the abaxial leaf side (n = 6). Leaf veins had
higher leaf water content than intercostal areas, and the difference between adaxial and abaxial leaf
sides was positive and negative for intercostal areas and leaf veins, respectively (*** highly significant
according to t-test). Thickness of intercostal areas and leaf veins (2nd order) of grapevine leaves
differed among genotypes as indicated by the size of these structures.

4. Discussion

4.1. Relationship Between Leaf Water Content and NDLWI1937

The Normalized Difference Leaf Water Index for grapevine uses the water absorption
band at 1940 nm and the maximum NIR reflectance at 1124 nm, and is very similar to
the NDLWI established for apple leaves [25]. Proximal sensing enables the use of SWIR
water absorption bands without the risk of corruption of the water signal on its path
from leaf to sensor. Normalization by a NIR waveband proved to be very useful when
studying the variation of this spectral information depending on grapevine genotype and
leaf tissue variability. The greater y-axis intercept of the NDLWI1937 as compared to apple
leaves is likely to result from the inclusion of young grapevine leaves, which had higher
reflectance of dried leaves than older ones. The higher tissue variability of grapevine leaves
covering intercostal areas and veins of several orders also contributed to a lower coefficient
of determination of the regression line for grapevine leaves (0.855 compared to 0.918 for
apple leaves; Figure S2). As downy mildew pathogens primarily produce abaxial disease
symptoms, a calibration curve was also established for the lower leaf side of grapevine
leaves in a separate experiment, which was almost identical to the relationship for the
adaxial side.
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Grapevine genotypes significantly differed in the thickness of leaf tissue and veins,
and intercostal areas caused considerable variability of tissue thickness within leaves. Al-
though the normalization of the leaf water index using the sum of both wavebands proved
to increase its robustness to tissue variability and illumination conditions, NDLWI1937

was used to visualize patterns of the leaf water status of infected leaves instead of LWC
values calculated from the calibration curve. The variability in the relationship between
spectral information and leaf water content resulted from using mean values for both the
water content of whole leaves and averages of spectral information. Although spectral
information may be sub-classified easily to veins (of various orders) and intercostal areas,
it is hard to obtain the ground truth of the water content of specific leaf parts. The use of
LWC values calculated from the calibration curve for maps of the leaf water status would
neglect the effect of within-leaf variability. Moreover, the relative differences displayed in
NDLWI1937 maps were used for leaves of grapevine cultivars differing in leaf thickness.

Interestingly, experiments with different backgrounds and with the stacking of leaves
varying in leaf water content demonstrated that the reflection of the normally transmit-
ted part of the irradiation by a white and dry background significantly increased SWIR
reflectance and NDLWI1937 values by 0.15 to 0.20 units. Using a non-reflecting background
about 0.35 m below the measured leaf, grapevine tissue with a leaf water content strongly
differing from that of the leaf of interest above, in contrast, had hardly any effect on
the spectral information of the incoming signal. This lack of influence suggested that
back-scattering SWIR originates from the upper part of irradiated tissue. The idea was
supported by slightly increased NDLWI1937 values for permanently overlapping parts of
grapevine leaves where the lower tissue impairs the water loss through transpiration of the
upper tissue.

4.2. Effects of Leaf Side

Adaxial leaf sides of grapevine leaves had significantly higher mean NDLWI1937 values
than corresponding abaxial sides, irrespective of grapevine genotype and health status
of living plant tissue. This result confirmed earlier observations on apple leaves [25]. As
valid for all cultivars, this observation was independent of leaf thickness. Interestingly, the
difference between adaxial and abaxial tissue water content was observed only for living
intercostal tissue. Necrotic tissue did not exhibit this difference.

A more detailed data analysis confirmed this effect for the intercostal areas, whereas
NDLWI1937 values of leaf veins were higher for the abaxial leaf side. Reflectance spectra
revealed that grapevine genotype, leaf side, and host tissue reaction to P. viticola infection
affected reflectance in the NIR range (represented by R1124) as well as at the water absorp-
tion bands. By calculating NDLWI1937 as a proxy for the leaf water status on the tissue
scale, the normalized difference index reliably eliminated spectral differences from tissue as
influenced by the volume and structure of plant cells and the intercellular space typical for
the bifacial leaves of dicotyledonous plant species [15]. The higher water content of adaxial
leaf sides is likely to result from the combination of the compact cell layer of the palisade
parenchyma, rich in cytoplasm and metabolically highly active, and the effectiveness of an
intact cuticle as a water barrier. The spongy parenchyma of the adaxial leaf side, in contrast,
comprises a high portion of intercellular spaces responsible for the allocation of CO2 and
O2 within tissue and is the site where constantly liquid water is transformed into water
vapor, which escapes the leaf through the stomata of the abaxial epidermal layer.

Vascular strands are located below the palisade parenchyma and protrude the abaxial
surface of intercostal areas, significantly in the case of lower-order veins (Figure S2). Lo-
calization, specific morphology (pear-shaped, prominent abaxial side considerably wider
than adaxial side), and histological organization (less pronounced bifacial character, lack
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of stomata, large parenchymatic cells below the vascular bundle) of veins within the leaf
plain result in a higher abaxial water content of veins. The higher contrast between veins
and intercostal areas for the abaxial side confirms the fine differences in water content on a
small scale. The ability to measure LWC differences between both sides of the same leaf
can be explained only by the fact that reflectance from tissue near the surface directed to
the sensor has a significantly higher contribution to the overall signal than lower tissue.

4.3. Spatial Resolution of Spectral Information

Compared to RGB cameras and hyperspectral sensor systems working in the VISNIR
range, the spatial resolution of SWIR cameras is often considerably lower. This discrep-
ancy may result in uncertainty whether no differences in SWIR data really indicate no
effect on leaf water status or whether the effect is too small to be detected because of
technical limitations. Spatial resolution limits the sensing system’s capability to detect
small deviations from the normal status (healthy), i.e., in the case of plant pathology, to
detect tiny primary disease symptoms with a diameter often <1 mm. Spectral anomaly
may be small in spatial dimension as well as in spectral reflectance: The important role of
spatial resolution in the detection and monitoring of brown leaf spots, i.e., the resistance
reaction in interactions with reduced compatibility to P. viticola infection, highlighted that
it also limits sensor sensitivity. The spatial resolution of the sensor (with squared sensing
units) has to be high; the pixel size of reflectance images has to be smaller than a third of
the diameter of the usually circular symptoms of pathogen infection. Only when spatial
resolution was adequate the full dimension of leaf water reduction due to the tiny spots
of brown leaf tissue could be assessed (Figure 13). For large-scale symptoms (of downy
mildew sporangia or disease symptoms from other pathogens) or factors like nutrient
supply, which affect all plant parts similarly, spatial resolution is not critical, and effects on
plant water status may be detectable using non-imaging devices.

Figure 13. Effect of spatial resolution on the sensitivity of hyperspectral assessment of LWC of
grapevine (cv. Solaris) 9 d p.i. with spots of brown issue in response to P. viticola infection by applying
NDLWI1937. (a) RGB image; (b) original spatial resolution of hyperspectral sensor with 0.34 mm
pixel size (27 × 27 pixels); (c) spatial resolution reduced by 1:2; (d) spatial resolution reduced by
1:3; (e) spatial resolution reduced by 1:5; (f) NDLWI1937 profile of column #14 at different spatial
resolutions demonstrating the reduction in sensitivity.

36



Remote Sens. 2025, 17, 1788

The highest spatial resolution of the SWIR camera was not only suitable to detect
the tiny brown tissue spots in response to P. viticola infection, but also to quantify and
differentiate between response levels. Brown tissue spots had NDLWI1937 values lower
than grapevine tissue with abaxial downy mildew symptoms; however, levels were often
higher than those of leaf necroses and water status of leaf spots varied with the time
of pathogenesis, sometimes in both directions. This information is in agreement with
observations of the little, but consistent development of biotrophic P. viticola in these brown
spots of cvs. Regent and Solaris, which also results in pathogen sporulation and spread [37].
The transient resurge in the water content of cv. Solaris spots also indicated that brownish
tissue differs from necroses and may represent a combination of necrotic and living cells.
The area of brown spots visible in the VIS range differed from the area with modified tissue
water content, stressing the difference between visible symptom and the effect on the water
status as assessed from SWIR information.

4.4. Leaf Water Response to P. viticola Infection

As expected, the leaf water status of grapevine leaves infected by the downy mildew
pathogen P. viticola depended on the compatibility of the interaction. For partial resistant
grapevine genotypes, infections resulted in the formation of tiny spots of brownish tissue
associated with highly localized considerable LWC reduction; however, as the affected
area generally remained small and LWC of non-infected tissue was hardly affected, the
leaves maintained greenness and functionality. Disease resistance, though only partial,
successfully protected leaves from severe damage and safeguarded their contribution to
overall plant development.

The Rpv3-1-mediated resistance of cv. “Regent” is associated with a defense mecha-
nism that triggers the synthesis of fungi-toxic stilbenes and programmed cell death [45].
Cultivar “Solaris” confers resistance to P. viticola associated with necrosis formation, callose
deposition, and stilbene accumulation [46]. In the early stages of pathogenesis in cv. Solaris,
the collapse of infected palisade cells largely restricts the expansion of P. viticola to the
spongy parenchyma, where tissue colonization ultimately may result in the formation of
sporangiophores with sporangia on the abaxial leaf surface [37,47]. The formation of callose
and amorphous material on stomata has been reported to impede P. viticola sporulation on
cv. Solaris [47,48]. Reduced or delayed sporulation may also (transiently) limit the effect on
leaf water status of brownish leaf spots as observed 11 d p.i. in this study.

In the compatible interaction, the first effects of P. viticola on the LWC pattern of leaves
coincided with first sporangia formation or, without the induction of sporulation by high
RH, with strong colonization (and production of pathogen biomass) of leaf tissue. The
effect on leaf water status, initially limited to sites of primary sporangia, increased with the
density of sporulation and caused large-scale LWC reduction of colonized leaf tissue and
ultimately resulting in tissue collapse. Although necrotic tissue had NDLWI values of 0.2
and lower, xylem and phloem retained their functionality as long as possible.

The reduced LWC of leaf tissue with abundant sporangia formation revealed a rather
uniform and large-scale effect of P. viticola on the water status of the susceptible cv. Mueller-
Thurgau. Although non-diseased intercostal areas of infected leaves were not affected,
the high number of sporangiophores with sporangia protruding through stomata had a
wicking activity on apoplastic leaf water and resulted in LWC values 10 to 20% lower than
those of non-diseased leaves. As sporangiophores prevented diurnal closure of stomata,
the slow but continuing loss of water led to a dehydration of intercostal areas, which started
at leaf margins and expanded to central leaf parts in later stages of pathogenesis; leaf veins
remained functional for longer periods of time. The pathogen biomass withdraws water
(and nutrients) from the apoplast and (via haustoria) from the plant symplast and transfers
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it to ambient air, to the plant’s disadvantage. Without another spell of high RH of ambient
air, P. viticola sporangia dried within 24 h, but preserved pathogenicity for several days. The
large surface of sporangia and sporangiophores protruding into the relatively dry ambient
air explains the severe effect of downy mildew on leaf vitality observed in vineyards, which
may be even aggravated by insufficient water supply from the soil.

5. Conclusions

Non-destructive and contactless measurement of the leaf water status of grapevine
leaves infected by P. viticola demonstrated a high sensitivity of spectral imaging of SWIR
water absorption bands to small-scale differences and enabled longitudinal assessment
of water status patterns related to downy mildew symptoms. Difficulties in the assess-
ment of tiny spots of brownish tissue associated with resistance reactions in incompatible
interactions disclosed that better spatial resolution is desirable for SWIR applications in
investigations of early effects of pathogens on the leaf water status of plants.

Proximal sensing offers an unprecedented spatial resolution of leaf water content
assessment, enabling studies to track effects of pathogens on the plant water balance in
host–pathogen interactions. Beyond proximal sensing, NDLWI1937 may be applied in
phenotyping for genotypes resilient to drought stress caused by biotic and abiotic factors
(climate change). The use of hyperspectral SWIR imaging in the field is limited by the
interferences of water vapor in the air and crop geometry.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/rs17101788/s1, Figure S1: Calibration curves for the relationship
between water content of grapevine leaves and Normalized Difference Leaf Water Indices—effect of
leaf side and ontogenetic stage of leaves; Figure S2: Variability of tissue thickness within grapevine
leaves; Figure S3a–e: Effect of P. viticola on the water status of leaves of compatible grapevine (cv.
Mueller-Thurgau) over time, 5, 7, 9, 12 and 14 d p.i., respectively; Figure S4: Effect of resistance
reactions of grapevine cultivars Regent and Solaris to infection by P. viticola on leaf water status
of leaves.
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Abstract: Estimating wheat traits based on spectral reflectance measurements and machine
learning remains challenging due to the large datasets required for model training and
testing. To overcome this limitation, a simulated dataset was generated using the radiative
transfer model (RTM) PROSAIL and inverted based on an artificial neural network (ANN).
Field experiments were conducted in Eastern Austria to measure spectral reflectance and
destructively sample plants to measure the wheat traits plant area index (PAI), nitrogen
yield (NY), canopy water content (CWC), and above-ground dry matter (AGDM). Four
ANN-based RTM inversion models were setup, which varied in their spectral resolution,
hyperspectral or multispectral, and the inclusion or exclusion of background soil spectra
correction. The models were also compared to a simple vegetation index approach using
Normalized Difference Vegetation Index (NDVI) and Normalized Difference Red-Edge
(NDRE). The RTM inversion model with hyperspectral input data and background soil
spectra correction was the best among all tested models for estimating wheat traits during
the vegetative developmental stages (PAI: R2 = 0.930, RRMSE = 17.9%; NY: R2 = 0.908,
RRMSE = 14.4%; CWC: R2 = 0.967, RRMSE = 17.0%) as well as throughout the whole
growing season (PAI: R2 = 0.845, RRMSE = 27.7%; CWC: R2 = 0.884, RRMSE = 20.0%;
AGDM: R2 = 0.960, RRMSE = 13.7%). Many models presented in this study provided
suitable estimations of the relevant wheat traits PAI, NY, CWC, and AGDM for application
in agronomy, breeding, and crop sciences in general.

Keywords: phenotyping; machine learning; simulation learning; vegetation indices; background
soil spectra
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1. Introduction

Traditionally, measurements of wheat traits (Triticum aestivum L.) are often destructive
and time-consuming. An alternative is the estimation of traits using remote sensing,
i.e., the measurement of the reflected or emitted electromagnetic radiation of objects, which
is non-destructive, faster, and less labor-intensive than destructive sampling [1–3].

A common approach to estimate plant traits based on remote sensing is the application
of vegetation indices, which are calculations based on spectral reflectance data of vegetation.
This technique is simple and generally provides good results [4–8]. The calculation of vege-
tation indices, however, is usually based on only two or three spectral bands, i.e., regions
of the electromagnetic spectrum defined by their wavelength in nm. Therefore, not all
collected spectral data are used [9,10].

An alternative approach is the use of machine learning algorithms [11,12], i.e., the
development of model algorithms including training and testing. This technique can utilize
all available spectral data, but usually requires large datasets for model training [13]. To
overcome this limitation of machine learning, Reinosch et al. [14] proposed to train models
with empirically collected data augmented by simulated data, which are generated with
existing mechanistic models. In the context of estimating plant traits based on spectral data,
radiative transfer models (RTMs) can be utilized as the mechanistic models, as suggested
by Reinosch et al. [14].

In general, RTMs simulate the spectral reflectance of leaves and canopies (RTM output),
which requires information on various leaf and canopy traits (RTM input). To estimate
plant traits based on spectral data, however, the inputs and outputs of RTMs need to be
inverted [9,15,16]. This can be achieved by, e.g., look-up tables [17,18] or machine learning
algorithms [19–21]. With this approach, all available spectral data can be used for estimating
plant traits [16], similar to classic machine learning. Additionally, the limitation by scarce
empirical data in traditional machine learning is offset by the inclusion of simulated data
based on mechanistic models, e.g., inverted RTMs [14]. Furthermore, the use of mechanistic
models allows for a wider generalization of the results and, thus, reduces the need for
recalibration for different cultivars or environments [16].

The RTM inversion approach results in complex models that require specific training
for the individual spectral resolution of a given sensor, e.g., the position, width, and number
of spectral bands [20]. The simulation of canopy reflectance spectra is also substantially
affected by the soil background reflectance [22]. This effect is especially prevalent when
the canopy cover is low, e.g., at early and late developmental stages [16]. Furthermore, the
soil background reflectance varies greatly across and within seasons and locations [23,24].
Therefore, wheat traits were estimated in this study using the spectral reflectance of both
canopies and underlying soil combined to adequately account for soil background effects.

In this study, the traits plant area index (PAI, m2 m−2), nitrogen yield (NY, g m−2),
canopy water content (CWC, g m−2), and above-ground dry matter (AGDM, g m−2) were
estimated in wheat using an artificial neural network (ANN)-based inversion of the RTM
PROSAIL [25]. The models were further trained and tested with data on destructively
sampled plants as well as spectral reflectance, which were collected from wheat field exper-
iments in Eastern Austria for two seasons. Different aspects of these field experimental data
were investigated in previous studies. Koppensteiner et al. [26] presented a detailed yield
and yield component analysis. Bernas et al. [27] conducted a life cycle assessment to find
the environmentally optimal N fertilization rate in wheat. Furthermore, Moitzi et al. [28]
studied the effects of sowing time and nitrogen fertilizer rate on energy efficiency.

The objectives of this study were to conduct (1) the ANN-based RTM inversion and
(2) estimate wheat traits based on the RTM inversion models to present the feasibility of
this approach and provide a guide for setting up similar models also for different crops
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or other spectral sensors. Furthermore, this study evaluated certain aspects of model
performances: the differences between varying spectral resolutions, i.e., hyperspectral and
multispectral, the effects of including or excluding the background soil spectra correction,
as well as the comparison of performances between complex RTM inversion models and
simple vegetation index models.

2. Materials and Methods

2.1. Overview

In this section, an overview of the main steps conducted in this study is presented. In
the following sections, the individual steps are presented in detail.

Firstly, field experimental data (Section 2.2) were collected in two seasons, which
consists of reflectance measurements and destructive plant samples. Secondly, the RTM
PROSAIL (Section 2.3) was used to create a simulated dataset (Section 2.4). Thirdly, an
ANN (Section 2.5) was trained on the simulated dataset to achieve the RTM inversion.
The model input was reflectance data. The model output consisted of the leaf and canopy
traits of the RTM PROSAIL. Fourthly, the experimentally collected reflectance data were
processed (Section 2.5) and then used by the RTM inversion model to calculate wheat trait
estimates. Furthermore, the same experimental reflectance data were applied to calculate
the vegetation indices NDVI and NDRE.

Finally, simple regression models were created for model evaluation (Section 2.6). The
model inputs were the wheat trait estimates by the RTM inversion models or vegetation
indices. The model outputs were the target wheat traits PAI, NY, CWC, and AGDM, which
were measured destructively in the field experiments. The regression models were trained
on one season of the field experimental data and tested on the field experimental data of
the other season.

2.2. The Field Experimental Dataset

Field experiments were performed in the growing seasons of 2019/20 and 2020/21 at
the Experimental Farm Groß-Enzersdorf of the University of Natural Resources and Life
Sciences, Vienna (48◦ 11′N, 16◦ 33′E) in Eastern Austria. The soil at the experimental site
was classified as chernozem of alluvial origin, which is rich in calcareous sediments and
has a pHCaCl2 of 7.6 and 2.3% soil organic carbon [29].

The mean annual temperature and the mean annual precipitation sum from 1980
to 2018 were 10.9 ◦C and 546 mm, respectively. The two experimental seasons showed
highly varying environmental conditions with low amounts of precipitation in March and
April for both seasons and in June 2021, high temperature in March 2020, as well as low
temperature in April and May 2021. Further detailed information on the temperature
and precipitation during the growing periods of the conducted field experiments can be
obtained from Koppensteiner et al. [26].

In both experimental seasons, the preceding crop was winter barley. A tine cultivator
was used for primary soil tillage to 20 cm depth. Seedbed preparation was conducted using
a power harrow at a shallow tilling depth.

The field experiments were established in a split-plot design. The experimental factors
were the sowing time with two factor levels, autumn- and spring-sowing, as well as
nitrogen fertilization consisting of five levels of 0, 5, 10, 15, and 20 g N m−2. The main
plot factor sowing time was set up in complete blocks, while the sub-plot factor nitrogen
fertilization was randomized among sub-plots within the main plots. The field experiments
were conducted in three replications.

The facultative wheat cultivar Lennox was sown with 300 germinable seeds m−2 on
17 October 2019 and 10 March 2020 as well as 27 October 2020 and 8 March 2021 using an
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Oyjard plot drill seeder at 4 cm depth. Plot dimensions were 12 × 3 m (36 m2). Row spacing
was 12.5 cm. Nitrogen fertilizer was applied as stabilized urea (46% nitrogen, ALZON 46®,
SKW Piesteritz, Lutherstadt Wittenberg, Germany) on 10 March 2020 and 10 March 2021.
Weeds, pests, and diseases were controlled according to good agricultural practice. Details
on plant protection measures were presented in Koppensteiner et al. [26].

In both seasons, data on crop development, plant area index (PAI, m2 m−2), above-
ground dry matter (AGDM, g m−2), nitrogen yield (NY, g m−2), and canopy water content
(CWC, g m−2) were collected at approximately 14-day intervals from March until harvest
in July.

Crop development was recorded according to the BBCH scale [30,31]. Plants were
sampled by manually cutting 0.6 m2 per plot at soil surface during the growing season
except for the final harvest date, when 1.2 m2 per plot were cut. The plant area index
(m2 m−2) of fresh plant material was measured using the LI-3100C Area Meter (LI-COR
Inc., Lincoln, OR, USA).

Plant samples were weighed fresh and after drying at 105 ◦C for 24 h (UNE 600,
Memmert GmbH & Co. KG, Schwabach, Germany). Weight before drying corresponds to
above-ground fresh matter (AGFM, g m−2). Weight after drying is referred to as AGDM
gravimetric canopy water content (CWC, g m−2) and is calculated as:

CWC
(

g m−2
)
= AGFM

(
g m−2

)
− AGDM

(
g m−2

)
(1)

Plant material was milled to pass through a 1 mm sieve and dried at 105 ◦C for 24 h.
Milled plant samples were analyzed for nitrogen concentration by the Dumas combustion
method [32] using an element analyzer (vario MAX cube CNS, Elementar Analysesysteme,
Langenselbold, Germany). The resulting nitrogen concentration values (NC, %) were
multiplied by AGDM to calculate the nitrogen yield (NY, g m−2):

NY
(

g m−2
)
= AGDM

(
g m−2

)
× NC(%)× 10−2 (2)

Autumn-sown wheat was harvested on 6 July 2020 and 13 July 2021. Spring-sown
wheat was harvested on 20 July 2020 and 26 July 2021.

Furthermore, the destructively measured PAI values were linearly interpolated to
achieve a time series of daily PAI values for each plot from the first sampling date until
harvest for both seasons. The daily PAI values were then integrated over time to calculate
the plant area duration (m2 m−2 d):

PAD
(

m2 m−2 d
)
=

∫ b

a
PAI(t)dt (3)

where a is the first day of sampling in a given season, b is the last day of sampling in the
same season, and t is the integration variable time in days.

Spectral reflectance measurements on wheat canopy were conducted using the spec-
troradiometer FieldSpec Handheld 2 (ASD Inc., Lincoln, OR, USA). This sensor is passive
and non-imaging, and it provides hyperspectral reflectance data from 325 to 1075 nm with
a wavelength accuracy of ±1 nm, a spectral resolution of <3 nm at 700 nm, a sampling
interval of 1.5 nm, and a field of view of 25 degrees. Spectral reflectance was measured
on sampling dates at solar noon under clear sky conditions in the nadir position. The
sensor was mounted on a tripod and positioned 1 m above the canopy. The diameter of the
resulting measurement area was 44.3 cm. A 99% Spectralon calibration panel (Labsphere
Inc., North Sutton, NH, USA) was used to convert measured data into spectral reflectance
values. Per plot and sampling date, six reflectance measurements were conducted across
the whole plot area. Then, the average spectral reflectance per plot was calculated. The mea-
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sured spectral reflectance was interpolated to achieve 1 nm increments using ViewSpecPro
software version 6.0 (ASD Inc., Lincoln, OR, USA).

2.3. The Radiative Transfer Model PROSAIL

The RTM PROSAIL consists of the two RTMs: PROSPECT and SAIL.
The RTM PROSPECT simulates the spectral reflectance of leaves from 400 to 2500 nm

in 1 nm increments using information on leaf characteristics. It requires the following input
parameters: leaf structure index (N, unitless), chlorophyll a + b content (Cab, μg cm−2),
carotenoid content (Ccx, μg cm−2), brown pigment content (Cbp, unitless), leaf mass per
area (LMA, g cm−2), and equivalent water thickness (EWT, g cm−2) [16,33,34].

The RTM SAIL simulates the spectral reflectance of vegetation canopy, which requires
information on leaf reflectance and transmittance, leaf area index (LAI, m2 m−2), average
leaf inclination angle (ALIA, degrees), hot-spot effect (Hot, m m−1), the fraction of diffuse
illumination (skyl, %), as well as viewing geometry [25]. The Hot parameter refers to the
hot-spot effect, which is explained in detail by Kuusk [35]. In the RTM SAIL, the Hot
parameter is described by the ratio of leaf width to canopy height. The fraction of diffuse
illumination is set to 23% for standard clear sky conditions [36]. For more information,
Spitters et al. [36] also provides equations and detailed analysis on the estimation of direct
and diffuse components of irradiance. Viewing geometry includes information on the sun
and observer zenith angles (SZA and OZA, degrees) as well as the relative azimuth angle
between sun and sensor (rAA, degrees). The spectral reflectance of background soil (ρsoil,
% reflectance) can be adapted in the RTM SAIL. Furthermore, a soil reflectance factor (αsoil,
unitless) is used to simulate effects of varying soil moisture on soil reflectance [37].

The necessary data on leaf reflectance and transmittance for the RTM SAIL were
provided by the previously mentioned RTM PROSPECT. The combination of the RTMs
PROSPECT and SAIL is generally referred to as the RTM PROSAIL. The RTM PROSAIL
simulates the spectral reflectance of vegetation canopy at a spectral resolution of 400 to
2500 nm at 1 nm increments [16,25]. Table 1 provides an overview of PROSAIL input
parameters, including respective ranges specific to wheat, from the literature [24,36,38].
This study utilized the RTM PROSAIL (version 5B) in the package hsdar (version 1.0.3) for
the R programming language (version 4.1.1).

2.4. The Simulated Dataset

A simulated dataset consisting of 100,000 observations was created for model training
and testing. Each observation included a set of PROSAIL input parameter values, which
were randomly selected from uniform distributions within the wheat-specific ranges of the
PROSAIL parameters N, Cab, Ccx, Cbp, LMA, EWT, LAI, ALIA, Hot, and SZA (Table 1).
Spectral measurements in field experiments were conducted in the nadir, i.e., downward
vertical, position. Thus, OZA and rAA were set to 0 degrees, while SZA was randomly
selected from a uniform distribution between 0 and 90 degrees. Furthermore, spectral
reflectance for background soil was varied among observation in the simulated dataset.
Thus, the available data on soil reflectance by the ICRAF-ISRIC Soil MIR Spectral Library
of the International Soil Reference and Information Centre (ISRIC) were used. Measure-
ments on soil reflectance were conducted at the World Agroforestry Centre (ICRAF) Soil
and Plant Spectral Diagnostic Laboratory [39]. It was downloaded using the Open Soil
Spectral Library developed by the project Soil Spectroscopy 4 Global Good (Falmouth, MA,
USA) [40]. This soil reflectance dataset includes 3717 soil reflectance spectra in the visible
and near infrared range from 350 to 2500 nm in 2 nm increments. The spectral resolution
was reduced to the range from 400 to 1000 nm and interpolated linearly to match the spec-
tral resolution of the RTM PROSAIL ranging from 400 to 2500 nm with 1 nm increments.
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For each observation in the simulated dataset, 1 of the 3717 soil reflectance spectra was
randomly selected as spectral reflectance of background soil. The soil brightness factor was
set to 0. The hyperspectral canopy reflectance was simulated using the RTM PROSAIL for
each observation in the simulated dataset based on the randomly selected PROSAIL input
parameter set and the randomly selected background soil reflectance.

Table 1. Input parameters for the radiative transfer model PROSAIL (version 5B), which consists of
the two radiative transfer models PROSPECT and SAIL. Names, symbols, units, and typical variable
ranges for wheat published by Danner et al. [24], Spitters et al. [36] and Kong et al. [38] are presented.

Radiative Transfer Model PROSPECT

Parameter Symbol Unit Wheat-Specific Ranges

Leaf structure index N unitless 1.0 to 2.5
Chlorophyll a + b content Cab μg cm−2 0 to 80

Carotenoid content Ccx μg cm−2 1 to 24
Brown pigment content Cbp unitless 0 to 1

Leaf mass per area LMA g cm−2 0.001 to 0.02
Equivalent water thickness EWT g cm−2 0.001 to 0.05

Radiative transfer model SAIL
Parameter Symbol Unit Wheat-specific ranges

Leaf area index LAI m2 m−2 0 to 8
Average leaf inclination angle ALIA degrees 20 to 90

Hot-spot parameter Hot m m−1 0.01 to 0.5
Fraction of diffuse illumination skyl % 23

Sun zenith angle SZA degrees 0 to 90
Observer zenith angle OZA degrees 0 to 90
Relative azimuth angle rAA degrees 0 to 90

Soil reflectance ρsoil % *
Soil brightness factor αsoil unitless 0 to 1

* Soil reflectance refers to the spectral reflectance of the underlying soil.

In summary, each of the 100,000 observations in the simulated dataset consisted of a
set of randomly selected PROSAIL input parameters, a randomly selected background soil
reflectance, and the simulated canopy reflectance based on the RTM PROSAIL.

Additionally, a second simulated dataset was set up. This second simulated dataset
was identical to the first one; however, it excluded the previously mentioned background
soil spectra. Instead, each observation of this second simulated dataset included a standard
soil spectrum and a value for the soil brightness factor, αsoil, which was randomly selected
from a uniform distribution ranging from 0 to 1 (Table 1). This second dataset was used to
evaluate the relevance of background soil spectra correction for estimating wheat traits.

Both simulated datasets, including and excluding background soil spectra, were
divided into a train and a test set in a 9 to 1 ratio for model training (90,000 observations)
and testing (10,000 observations).

2.5. The Artificial Neural Network and Spectral Data Processing

The approach proposed in this study was based on an artificial neural network (ANN).
General information on ANNs presented in this section and further detailed information
are presented by Stanford University [41]. This ANN consists of multiple layers. The first
layer provides the input data. The final layer produces an output. In between, there are
multiple layers comprising artificial neurons. Each individual artificial neuron is provided
with input data from the previous layer, processes this information using an activation
function, and forwards the resulting output to the next layer. An activation function is
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required to decide whether a neuron should be activated or not, i.e., to introduce non-
linearity to the model. A neural network without the activation function is more similar
to a linear regression model. There are many different types of activation functions. In
general, they follow this formula:

y = Activation
(
∑n

i=1 (xiwi) + b
)

(4)

where y is the neuron output, xi is the ith input to the neuron from the previous layer, wi

is the weight parameter for the ith input to the neuron, and b is the bias parameter of the
neuron. In this study, the widely used ReLU activation function was applied. Furthermore,
all layers were fully connected, i.e., all input values or neuron outputs from the previous
layer were used as input values for all neurons in the subsequent layer.

To determine the performance of this model, a cost function is required. Many different
cost functions exist. In this study, the mean squared error was used:

MSE =
1
n∑n

i=1

(
yi −ŷi)

2 (5)

where n is the sample size, yi is the measured value for the ith observation, and ŷi is the
estimated value for the ith observation.

Finally, to optimize the cost function, an optimization algorithm is required. In this
paper, the adaptive optimizer algorithm Adam was applied. To avoid overfitting, the
number of neuron parameter training epochs was set to a maximum of 500 with early
stopping at 20. To set up the ANN, Google Colaboratory (Google LLC, Mountain View, CA,
USA), an available Keras implementation in Python (version 3.8), was used. All parameter
settings not mentioned above, e.g., learning rates, regularization, and cross validation, were
set to default values.

In this study, an ANN was set up to achieve the inversion of the RTM PROSAIL. Firstly,
this ANN was trained and tested using the simulated dataset. The model inputs were SZA
as well as background soil reflectance and canopy reflectance, both from 400 to 1000 nm in
1 nm increments. The model outputs were the PROSAIL parameters N, Cab, Ccx, Cbp, EWT,
LMA, LAI, ALIA, and Hot. For the second simulated dataset excluding background soil
spectra, the PROSAIL parameter αsoil was an additional model output.

Spectral measurements in field experiments were conducted in the nadir position.
Therefore, OZA and rAA were set to 0 degrees. The spectral resolutions of background
soil reflectance, simulated canopy reflectance, and spectral measurements conducted with
the spectroradiometer FieldSpec Handheld 2 in the field experiments were matched. This
resulted in a spectral resolution from 400 to 1000 nm in 1 nm increments. All experimen-
tally measured hyperspectral reflectance data of both canopy and background soil were
smoothed using the Savitzky–Golay filter in the R package hsdar (version 1.0.3). The filter
length was set to 25, and a third-order polynomial was applied.

Additionally, all hyperspectral data of canopy and background soil spectra, both simu-
lated and measured experimentally, were transformed to multispectral data in accordance
with the Sentinel-2A spectral response functions for the bands from 1 to 9 including band
8A [42]. As a result, spectral data were available at two spectral resolutions, hyperspectral
(400 to 1000 nm in 1 nm increments) and multispectral (according to Sentinel-2A bands 1 to
9 including 8A).

The PROSAIL parameters, i.e., the ANN outputs, showed highly varying ranges
(Table 1). Therefore, the PROSAIL parameter values were normalized before the training of
the ANN using minimum–maximum normalization [43]. After ANN training, all PROSAIL
parameter data were transformed back to their original range.
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The ANN consisted of three fully connected layers with 150 neurons each for hyper-
spectral input data and two fully connected layers with 25 neurons each for multispectral
input data. The number of layers and neurons were determined through grid search within
feasible layer and neuron number ranges.

Estimations of LAI, Cab, and EWT using ANN-based inversions of the RTM PROSAIL
are presented. Experimentally measured PAI, NY, and CWC were estimated using LAI,
LAI × Cab, and LAI × EWT estimations. Four different RTM inversions were used varying
in the spectral resolution of input data, i.e., hyper- and multispectral, as well as including
or excluding background soil spectra correction. This was conducted to simulate the
performance of sensors with different spectral resolution, i.e., multi- and hyperspectral,
as well as models of varying complexity, i.e., including or excluding background soil
spectra correction.

To compare complex RTM inversion models with standard vegetation index models,
the normalized difference vegetation index (NDVI) and the normalized difference red-edge
(NDRE) were calculated. This was performed based on the measured canopy reflectance
spectra with multispectral resolution:

NDVI =
NIR − RED
NIR + RED

(6)

NDRE =
NIR − RE
NIR + RE

(7)

where NIR is near-infrared reflectance (Sentinel-2A band 8, central wavelength 842 nm),
RED is red reflectance (Sentinel-2 band 4A, central wavelength 665 nm), and RE (Sentinel-
2A band 7, central wavelength 783 nm) is red-edge reflectance.

2.6. Model Training and Testing

Six different models were tested for estimating PAI, NY, CWC, and AGDM. These mod-
els used varying inputs: NDVI, NDRE, or trait estimates of four different RTM inversions,
which differed in their spectral resolution of input data, i.e., hyper- and multispectral, and
the inclusion or exclusion of background soil spectra correction. The RTM inversion outputs
for estimating PAI, NY, and CWC were LAI, LAI × Cab, and LAI × EWT, respectively.

In accordance with previous studies, the nitrogen content and water content of plants
were calculated as ground area-based traits, i.e., NY (g m−2) and CWC (g m−2) [22,44].

The field experimental data of the season 2020/21 were applied for model training.
The resulting estimations on PAI, NY, and CWC using NDVI, NDRE, as well as four
different RTM inversions were then tested with the field experimental data of the 2019/20
season. The 2020/21 season featured a higher range in PAI, NY, and CWC values compared
to the 2019/20 season. Therefore, it was more suitable to use the 2020/21 season for model
training and the 2019/20 season for model testing to avoid extrapolation in the model
testing step.

For model training, the values of NDVI, NDRE, and RTM inversion estimates were
fitted to measured PAI, NY, and CWC using linear regression (8), quadratic regression (9),
or exponential function (10). Based on the visual assessment of the model fit, the best
regression type for model training was selected.

y = a + bx (8)

y = a + bx + cx2 (9)

y = aezx (10)
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where x is the predictor variable, y is the response variable, a is the intercept, b is the
first order regression coefficient, c is the second order regression coefficient, and z is the
exponential coefficient.

To estimate AGDM, the traits PAD, NDVI integral, and leaf area duration (LAD,
m2 m−2 d) were applied. In Section 2.2, the calculation of PAD based on destructively
measured PAI values was presented. Accordingly, NDVI values as well as RTM inversion-
based LAI values were linearly interpolated to achieve a time series of daily NDVI and
LAI values for each plot from the first sampling date until harvest for both seasons. Daily
NDVI values as well as daily RTM inversion-based LAI values were then integrated over
time to calculate LAD (11) and NDVI integral (12), respectively:

NDVI integral =
∫ b

a
NDVI(t)dt (11)

LAD
(

m2 m−2 d
)
=

∫ b

a
LAI(t)dt (12)

where a is the first measurement day in a given season, b is the last measurement day in the
same season, and t is the integration variable time in days. Model training and testing to
estimate AGDM were conducted analogous to the estimations of PAI, NY, and CWC.

Regression functions were calculated based on the estimated marginal means of model
inputs, i.e., NDVI, NDRE, and RTM inversion estimates, and model outputs, i.e., measured
values of PAI, NY, CWC, and AGDM. Thus, all model inputs and outputs were fitted using
a linear mixed model based on the lme function of the R package nlme (version 3.1-164).
As mentioned in Section 2.2, the field experiments were set up in a split-plot design. The
main plot factor sowing time (ST) was established in complete blocks (BLOCK). The sub-
plot factor nitrogen fertilization (NF) was completely randomized among sub-plots (SUB)
within the main plots (MAIN). A mixed model analysis was conducted to adequately
account for several random sources of variation in the split-plot design [45]. The factors ST
and NF were implemented in the statistical model as fixed factors. The following mixed
model specification was applied:

SD + NF + SD.NF: BLOCK.MAIN + BLOCK.MAIN.SUB (13)

The colon separates fixed and random effects. The residual is underlined. Then,
estimated marginal means for each nitrogen fertilization level of autumn- and spring-sown
wheat in both seasons were calculated using the emmeans functions of the R package
emmeans (version 1.10.0).

Finally, model performance was evaluated using coefficients of determination (R2, 14)
as well as relative root mean square error (RRMSE, 16), which is based on the root mean
square error (RMSE, 15):

R2 =
1
n

∑n
i=1 (yi − ŷi)

2

∑n
i=1 (yi − y)2 (14)

RMSE =

√
1
n ∑n

i=1 ( yi − ŷi)
2 (15)

RRMSE(%) =
RMSE

y
× 10−2 (16)

where n is the sample size, yi is the measured value for the ith observation, ŷi is the
estimated value for the ith observation, and y is the mean value. Model performance was
evaluated based on the testing dataset (2019/20 season).

Calculations and regression models were conducted in Microsoft Excel (version 16.0).
Graphs were created using SigmaPlot (version 14.5).
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3. Results

3.1. Radiative Transfer Model Inversion

Table 2 presents the coefficients of determination (R2) for PROSAIL parameter estima-
tions based on the simulated test dataset using four different RTM inversions. The models
differed in the spectral resolution of input data, i.e., hyper- and multispectral, as well as the
inclusion or exclusion of background soil spectra correction.

Table 2. Coefficients of determination for estimating PROSAIL parameters using the simulated
test dataset. Estimations were compiled by the artificial neural network-based inversions of the
radiative transfer model PROSAIL. Four different models were tested. They differed in the spectral
resolution of input data, i.e., hyper- and multispectral, as well as the inclusion or exclusion of
background soil spectra correction. Investigated PROSAIL parameters were leaf structure index (N,
untiless), chlorophyll content (Cab, μg cm−2), carotenoid content (Ccx, μg cm−2), brown pigments
(Cbp, unitless), equivalent water thickness (EWT, g cm−2), leaf mass per area (LMA, g cm−2), soil
reflectance (αsoil, %), leaf area index (LAI, m2 m−2), average leaf inclination angle (ALIA, ◦), and
hot-spot parameter (Hot, m m−1).

Spectral
Resolution

Background
Correction

N Cab Ccx Cbp EWT LMA αsoil LAI ALIA Hot

Hyperspectral Included 0.546 0.947 0.885 0.922 0.906 0.770 − 0.885 0.892 0.108
Hyperspectral Excluded 0.605 0.953 0.936 0.936 0.881 0.590 0.320 0.872 0.928 0.215
Multispectral Included 0.227 0.891 0.607 0.806 0.699 0.556 − 0.848 0.847 0.030
Multispectral Excluded 0.305 0.900 0.740 0.839 0.777 0.439 0.260 0.808 0.834 0.022

The following estimations showed R2 values above 0.8: Cab (all), Ccx (hyperspectral in-
put data), Cbp (all), EWT (hyperspectral input data), LAI (all), and ALIA (all). Furthermore,
R2 was close to or above 0.7 for estimating Ccx (multispectral input data and no background
soil spectra correction), EWT (multispectral input data), and LMA (hyperspectral input
data and background soil spectra correction).

In general, the R2 values of RTM inversions using hyperspectral input data were higher
compared to those of models using multispectral input data. The difference between the
R2 values of RTM inversions with hyper- and multispectral input data varied substantially
among PROSAIL parameters. The R2 values of Cab estimations, for example, showed low
variation between hyper- (0.947 and 0.953) and multispectral input data (0.891 and 0.900),
while EWT estimations differed substantially in R2 depending on the spectral resolution
(hyperspectral: 0.906 and 0.881; multispectral: 0.699 and 0.777).

Furthermore, RTM inversion without background soil spectra correction showed
higher R2 values compared to models with background soil spectra correction for many
PROSAIL parameters. Exceptions were, for example, EWT (hyperspectral input data)
as well as LMA and LAI (hyper- and multispectral input data). The differences in R2

between RTM inversions with and without background soil spectra correction, however,
were generally low. An exception was the highly varying R2 of LMA estimations using
the RTM inversion with hyperspectral input data and including background soil spectra
correction (0.770) compared to the model with hyperspectral input data and excluding
background soil spectra correction (0.590).

The PROSAIL parameter αsoil could only be estimated by models excluding back-
ground soil spectra correction.

Figure 1 presents the estimations of LAI, Cab, and EWT using the RTM inversion
with hyperspectral input data and including background soil spectra correction. These
estimations, based on the simulated test dataset, resulted in RRMSE values of 18.5% for LAI
(RMSE = 0.743 m2 m−2, mean = 4.008 m2 m−2), 14.5% for Cab (RMSE = 5.81 μg cm−2, mean
= 40.15 μg cm−2), and 13.8% for EWT (RMSE = 0.00352 g cm−2, mean = 0.02560 g cm−2).
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Figure 1. True leaf area index (LAI, m2 m−2, (A)), chlorophyll content (Cab, μg cm−2, (B)), and
equivalent water thickness (EWT, g cm−2, (C)) versus estimated values using the simulated test
dataset. Estimations were compiled by an artificial neural network-based inversion of the radiative
transfer model PROSAIL. Hyperspectral input data were used, and background soil spectra correction
was included. Coefficients of linear or quadratic regression (a, b and c) as well as respective coefficients
of determination (R2) are presented.

When LAI was 0, the estimations of Cab and EWT in Figure 1B,C showed random
scattering around the respective mean values.
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3.2. Estimating Wheat Traits

Table 3 provides an overview of data collected in field experiments on individual
sampling dates in the 2019/2020 and 2020/21 seasons. It presents developmental stages as
well as estimated marginal means and standard deviation values of PAI, NY, CWC, and
AGDM for autumn- and spring-sown wheat across five nitrogen fertilization levels from
0 to 20 g N m−2.

The mean PAI of the sampling dates ranged from 0.037 m2 m−2 (2019/20, spring-
sowing, BBCH 11) to 3.751 m2 m−2 (2020/21, autumn-sowing, BBCH 57). The average
AGDM of the sampling dates was the lowest in 2020/21 for spring-sown wheat at BBCH 10
(2.4 g m−2) and the highest also in 2020/21 for autumn-sown wheat at harvest, i.e., BBCH
89 (1151.9 g m−2). The mean NY of the sampling dates ranged from 0.13 g m−2 (2020/21,
spring-sowing, BBCH 10) to 14.21 g m−2 (2020/21, autumn-sowing, BBCH 89). The lowest
average CWC of the sampling dates was 7.4 g m−2 (2019/20, spring-sowing, BBCH 11),
while the highest CWC was 2099.5 g m−2 (2020/21, autumn-sowing, BBCH 57).

Table 4 presents the results of estimating PAI, NY, and CWC using NDVI, NDRE,
and four different RTM inversions during vegetative developmental stages from leaf
development (BBCH 10) until the start of anthesis (BBCH 60). The models differed in
the spectral resolution of input data and the inclusion or exclusion of background soil
spectra correction. The traits PAI, NY, and CWC were estimated by the RTM inversion
outputs LAI, LAI × Cab, and LAI × EWT, respectively. For model training based on the
field experimental data of the 2020/21 season, regression types (linear, quadratic, and
exponential), regression coefficients (a, b, c, and z) as well as R2 values are presented in
Table 4. Model testing was based on the field experimental data of the 2019/20 season
and included linear regression coefficients (a and b), R2 values, and RRMSE values. In all
regression models, the estimated marginal means were used for model inputs and outputs.

Regarding PAI, all models showed high R2 for model training ranging from 0.869
(RTM inversion with multispectral input data and no background soil spectra correction)
to 0.964 (NDRE). In model testing, R2 values were lower, but still close to or above 0.8 for
all models except for RTM inversion with multispectral input data and no background
soil spectra correction (R2 = 0.521). The testing RRMSE was the lowest for RTM inversion
with hyperspectral input data and background soil spectra correction (RRMSE = 17.9%,
RMSE = 0.215 m2 m−2, mean = 1.200 m2 m−2). Other models that showed good testing PAI
estimationss were NDVI (R2 = 0.893, RRMSE = 22.4%, RMSE = 0.269 m2 m−2) and RTM
inversion with multispectral input data and background soil spectra correction (R2 = 0.792,
RRMSE = 24.4%, RMSE = 0.293 m2 m−2).

The results on NY show high training R2 from 0.911 (RTM inversion with hyperspectral
input data and no background soil spectra correction) to 0.970 (NDRE). In model testing,
however, there were only two models with high R2 and low RRMSE. These were the RTM
inversion with hyperspectral input data and background soil spectra correction (R2 = 0.908;
RRMSE = 14.4%, RMSE = 0.608 g m−2, mean = 4.223 g m−2) and NDRE (R2 = 0.904;
RRMSE = 23.0%, RMSE = 0.971 g m−2).

Lastly, in Table 4, CWC estimations also resulted in high training R2 for all models
ranging from 0.826 (NDVI) to 0.944 (RTM inversion with hyperspectral input data and
background soil spectra correction). In model testing, however, only the RTM inversion
with hyperspectral input data and background soil spectra correction showed both high
R2 (0.967) and low RRMSE (17.0%, RMSE = 82.2 g m−2, mean = 483.0 g m−2).

Figure 2 graphically presents the model training and testing of the RTM inversion
with hyperspectral input data and background soil spectra correction for the estimation of
PAI, NY, and CWC during the vegetative developmental stages.
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Figure 2. Estimating plant area index (PAI, m2 m−2, (A,B)), nitrogen yield (NY, g m−2, (C,D)), and
canopy water content (CWC, g m−2, (E,F)) using artificial neural network-based radiative transfer
model inversion (RTMI) during the vegetative stages from leaf development (BBCH 10) to the start
of anthesis (BBCH 60). This RTMI used hyperspectral input data and included background soil
spectra correction. The outputs of RTMI were leaf area index (LAI, m2 m−2, (A)), LAI multiplied
by chlorophyll content (LAI × Cab, g m−2, (C)), and LAI multiplied by equivalent water thickness
(LAI × EWT, g m−2, (E)). For training, the field experimental data of the 2020/21 season was
used (A,C,E). The model testing was performed with the field experimental data of the 2019/20
season (B,D,F).

Table 5 presents the results of PAI and CWC estimations throughout the growing
season from leaf development (BBCH 10) until harvest (BBCH 89) using NDVI, NDRE, and
the four different RTM inversions. For both PAI and CWC, one model featured the highest
training and testing R2 as well as the lowest testing RRMSE. This was the RTM inversion
with hyperspectral input data and background soil spectra correction. Estimations of
PAI using the RTM inversion with hyperspectral input data and background soil spectra
correction resulted in a training R2 of 0.922, a testing R2 of 0.845, and a testing RRMSE of
27.7% (RMSE = 0.364 m2 m−2, mean = 1.317 m2 m−2), while CWC estimations showed a
training R2 of 0.927, a testing R2 of 0.884, and a testing RRMSE of 20.0% (RMSE = 115 g m−2,
mean = 574 g m−2). All other models for PAI and CWC featured lower training and testing
R2 values as well as higher testing RRMSE values. Figure 3 visually presents the training
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and testing of PAI and CWC estimations throughout the growing season based on the RTM
inversion with hyperspectral input data and background soil spectra correction. Severe
deviations from the 1:1 line in model testing for PAI and CWC estimations in Figure 3B,D
occurred partially for data collected at harvest (BBCH 89).

 

Figure 3. Estimating plant area index (PAI, m2 m−2, (A,B)) and canopy water content (CWC, g m−2,
(C,D)) using artificial neural network-based radiative transfer model inversion (RTMI) throughout
the growing season from leaf development (BBCH 10) to harvest (BBCH 89). This RTMI used
hyperspectral input data and included background soil spectra correction. Outputs of RTMI were
leaf area index (LAI, m2 m−2, (A)) and LAI multiplied by equivalent water thickness (LAI × EWT,
g m−2, (C)). For training, the field experimental data of the 2020/21 season was used (A,C). The
model testing was performed with the field experimental data of the 2019/20 season (B,D).

Estimating NY from leaf development (BBCH 10) to harvest (BBCH 89) was tested;
however, R2 values were low and RRMSE values were high for all models.

Finally, AGDM estimations throughout the growing season from leaf development
(BBCH 10) to harvest (BBCH 89) were conducted based on PAD, NDVI integral, as well as
LAD (Table 6). PAD was calculated using destructively measured PAI. LAD was calculated
using LAI estimations based on the RTM inversion with hyperspectral input data and
background soil spectra correction. Accordingly, the integral over time was also calculated
for NDVI. Models were trained using the field experimental data of the 2020/21 season
and tested using the field experimental data of the 2019/20 season. All three models,
PAD, NDVI integral, and LAD, showed high training and testing R2 as well as low testing
RRMSE. Training R2 values were similar ranging from 0.965 (RTM inversion-based LAD)
to 0.972 (measured PAD). Testing R2 was the lowest for measured PAD (0.914) and highest
for RTM inversion-based LAD (0.960). Testing RRMSE was 18.1% (RMSE = 77.0 g m−2,
mean = 426.0 g m−2) for the measured PAD, 24.3% (RMSE = 103.3 g m−2) for NDVI integral,
and 13.7% (RMSE = 58.6 g m−2) for RTM inversion-based LAD.
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Table 6. Estimating above-ground dry matter (AGDM, g m−2) throughout the growing season from
leaf development (BBCH 10) to harvest (BBCH 89) using plant area duration (PAD, m2 m−2 d),
integral of normalized difference vegetation index (NDVI) over time, as well as leaf area duration
(LAD, m2 m−2). The latter was calculated with an artificial neural network-based radiative transfer
model inversion (RTMI). This RTMI applied hyperspectral input data and background soil spectra
correction. The RTMI output was leaf area index (LAI, m2 m−2). The destructively measured plant
area index (PAI, m2 m−2) was used to calculate PAD. The integral over time was calculated for
measured PAI, NDVI, as well as RTMI-based LAI. The integrals of PAI and LAI over time are PAD
and LAD, respectively. Values of PAD, NDVI integral, and LAD were trained using the experimental
data of the 2020/21 season. For training, regression type, regression coefficients (a, b, and c), as
well as coefficient of determination (R2) are presented. Model testing was performed with the field
experimental data of the 2019/20 season. For model testing, linear regression coefficients (a and b),
coefficients of determination, and relative root mean square error (RRMSE) are provided.

Model
Model Training (2020/21 Season) Model Testing (2019/20 Season)

Regression Type a b c R2 a b R2 RRMSE

PAD (measured) Linear 11.80 5.24 0.972 −19.60 0.92 0.914 18.1
NDVI integral Quadratic −26.87 6.23 0.13 0.969 −77.38 1.27 0.927 24.3
LAD (RTMI) Linear –16.78 3.88 0.965 –21.29 1.12 0.960 13.7

The training and testing of the RTM inversion-based LAD model with hyperspectral
input data and background soil spectra correction are presented visually in Figure 4.

Figure 4. Estimating above-ground dry matter (AGDM, g m−2) throughout the growing season from
leaf development (BBCH 10) to harvest (BBCH 89) using artificial neural network-based radiative
transfer model inversion (RTMI). This RTMI used hyperspectral input data and included background
soil spectra correction. Leaf area duration (LAD, m2 m−2 d) is the integral of leaf area index (LAI,
m2 m−2) over time. Values of LAI were estimated by the RTMI. For training, the field experimental
data of the 2020/21 season was used (A). Model testing was performed with the field experimental
data of the 2019/20 season (B).

4. Discussion

4.1. Radiative Transfer Model Inversion

The RTM inversion was successful for the relevant traits in this study, i.e., LAI, Cab,
and EWT, as shown by high R2 (Table 2) and low RRMSE for the PROSAIL parameter
estimations based on the simulated test dataset (Section 3.1.). Furthermore, the estimations
of other PROSAIL parameters also featured high R2 in the simulated test dataset, e.g., Ccx,
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Cbp, ALIA, and LMA. These additional traits, however, could not be analyzed further,
because no field experimental data on these traits were available.

The estimations of LAI based on a simulated test dataset were similar or superior
to the results reported by Atzberger [19] (R2 = 0.85, RMSE = 0.59 m2 m−2), Weiss and
Baret [22] (RMSE = 0.89 m2 m−2), Bacour et al. [46] (R2 = 0.80, RMSE = 1.15 m2 m−2),
and Verger et al. [47] (RMSE = 0.91 m2 m−2). Furthermore, Atzberger [19] showed similar
performance for the estimations of Cab (R2 = 0.83, RMSE = 7.8 μg cm−2) and EWT (R2 = 0.92,
RMSE = 0.003 g cm−2) based on the simulated test data. These studies, however, simulated
varying spectral resolutions and did not limit their dataset to a specific crop. In this paper,
the spectral resolution was limited to the spectral range from 400 to 1000 nm in 1 nm
increments, i.e., hyperspectral, or Sentinel-2A bands 1 to 9, including 8A, i.e., multispectral.

The use of hyperspectral input data resulted in superior trait estimations compared
to multispectral input data (Table 2). This is in accordance with Baret and Buis [9],
Atzberger et al. [10] and Weiss et al. [48], who reason that an increase in the number of
spectral bands can improve trait estimations in terms of noise sensitivity, robustness,
generalization, and reproducibility.

Furthermore, RTM inversions excluding the background soil spectra correction fea-
tured a superior R2 compared to RTM inversions including the background soil spectra
correction (Table 2). The two simulated datasets, i.e., one including and one excluding
background soil spectra correction, drastically differed in their variability in background
soil spectra. The standard soil spectrum in the simulated dataset excluding background
correction was generated using a single default soil spectrum for all observations and
a randomly selected soil brightness factor αsoil. In comparison, the soil spectrum in the
simulated dataset including background soil spectra correction was randomly selected
from the 3717 highly varying soil spectra of the ICRAF-ISRIC Soil MIR Spectral Library [40]
for each observation. Therefore, the variability in soil spectra was substantially higher
in the simulated dataset including background soil spectra correction. The ANN models
that were trained on the two variants of the simulated dataset were of identical structure,
i.e., number of layers and neurons. Therefore, the model tested on the simulated dataset
of lower variability, i.e., excluding background correction, showed superior performance
compared to the model tested on the highly variable simulated dataset, i.e., including
background correction.

Furthermore, Cab and EWT could not be estimated when LAI was 0 in the simulated
test dataset. In these cases, the reflectance spectra were only dependent on the underlying
soil spectra. Thus, the resulting estimations for Cab and EWT defaulted to their respective
mean values in the simulated dataset (Figure 1).

4.2. Estimating Wheat Traits

The empirically collected data showed high variation in PAI, NY, CWC, and AGDM
(Table 3) due to two distinct sowing times, autumn- and spring-sowing, two seasons with
substantially differing weather conditions, 2019/20 and 2020/21, as well as five nitrogen
fertilization rates from 0 to 20 g N m−2 and a high number of sampling dates within seasons.
Therefore, the available field experimental data were a suitable, highly diverse empirical
dataset for model training and testing.

The RTM inversion with hyperspectral input data and background soil spectra cor-
rection was the best model for the estimation of PAI, NY, and CWC during the vegetative
stage from BBCH 10 to BBCH 60: PAI: train R2 = 0.955, test R2 = 0.930, RRMSE = 17.9%,
RMSE = 0.215 m2 m−2, mean = 1.200 m2 m−2; NY: train R2 = 0.961, test R2 = 0.908, RRMSE:
14.4%, RMSE = 0.608 g m−2, mean = 4.223 g m−2; CWC: train R2 = 0.944, test R2 = 0.967,
RRMSE: 17.0%, RMSE = 82.2 g m−2, and mean = 483.0 g m−2 (Table 4). These trait estima-

59



Remote Sens. 2025, 17, 1904

tion results were similar or superior compared to the literature. Herrmann et al. [49], for
example, estimated LAI in wheat during the vegetative stage using Partial Least Squares
Regression based on Sentinel-2 bands with an R2 of 0.903 and a RMSE of 0.62 m2 m−2. Esti-
mations of NY in wheat during the vegetative stage were conducted by Fitzgerald et al. [44]
(R2 = 0.97, RMSE = 0.65 g m−2) and Palka et al. [8] (R2 = 0.9, RMSE = 1.84 g m−2) using the
CCCI-CNI approach. Zhang et al. [50] reported CWC estimations in wheat throughout the
growing season using the vegetation index NDWI (Normalized Difference Water Index)
with an R2 of 0.68 and an RMSE of 148 g m−2.

Other RTM inversions in this study showed worse estimations of PAI, NY, and CWC
for the empirical test dataset. For RTM inversions with multispectral input data, the
decrease in model performance can be attributed to the reduction in spectral resolution
and thus lower noise sensitivity, robustness, generalization, and reproducibility [9,10,48].
The inversions of the RTM without background soil spectra correction were not able to
handle the highly varying soil spectra among sampling dates in an adequate way, which
resulted in worse trait estimations. Weiss and Baret [22] as well as Danner et al. [24] also
highlighted the importance of accounting for background soil spectra variation in RTM
inversion. Nevertheless, PAI estimations using the RTM inversion with multispectral data
and background soil spectra correction were adequate (train R2 = 0.922, test R2 = 0.792,
RRMSE = 24.4%, RMSE = 0.293 m2 m−2, mean = 1.200 m2 m−2) (Table 4).

The simple approach using vegetation indices showed promising trait estimations
during the vegetative stage based on the empirical test dataset, e.g., PAI estimations
using NDVI (train R2 = 0.915, test R2 = 0.893, RRMSE = 22.4%, RMSE = 0.269 m2 m−2,
mean = 1.200 m2 m−2) and NY estimations using NDRE (train R2 = 0.970, test R2 = 0.904,
RRMSE = 23.0%, RMSE = 0.971 g m−2, mean = 4.223 g m−2). Estimations of CWC using
the vegetation index approach, however, showed poor results.

The best model to estimate PAI and CWC from BBCH 10 to harvest (BBCH 89) was also
the RTM inversion with hyperspectral input data and soil correction (PAI: train R2 = 0.922,
test R2 = 0.845, RRMSE = 27.7%, RMSE = 0.364 m2 m−2, mean = 1.317 m2 m−2; CWC:
train R2 = 0.927, test R2 = 0.884, RRMSE = 20.0%, RMSE = 115 g m−2, mean = 574 g m−2)
(Table 5). Model performance, however, was generally worse compared to estimations
limited to the vegetative stage (BBCH 10 to 60). Nevertheless, the performance of this
model, i.e., hyperspectral input data and inclusion of the background soil spectra correction,
was substantially better than all other models tested in this study. Other models based
on vegetation indices and RTM inversions using multispectral input data or excluding
background soil spectra correction featured a lower performance, especially in model
testing. In Figure 3B,D, estimations at harvest (BBCH 89) showed severe deviations from
the 1:1 line in model testing for PAI and CWC.

The presented estimations on PAI and CWC throughout the season were similar
or superior to the results reported in the literature: Atzberger et al. [51], for example,
conducted an ANN-based RTM inversion using hyperspectral input from 450 to 2500 nm
data to estimate LAI (R2 = 0.86%, RMSE = 0.83 m2 m−2) in wheat throughout the growing
season. Vuolo et al. [52] reported LAI estimations using RTM inversion based on Sentinel-2
bands across different crops with an R2 of 0.83 and an RMSE of 0.32 m2 m−2. Pan et al. [53]
conducted trait estimations in wheat throughout the season using a look-up table-based
RTM inversion approach on Sentinel-2 bands resulting in an RRMSE of 11% for LAI and 32%
for CWC. Wu et al. [54] estimated CWC in wheat throughout the season using vegetation
indices based on multispectral data. The vegetation index NDWI1940 resulted, for example,
in CWC estimations with an R2 of 0.83.

The estimation of NY throughout the growing season (BBCH 10 to 89) was evaluated;
however, the results were generally poor for all models. This can be explained by the
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change in the allocation of nitrogen from the vegetative to the generative stage. From
germination to flowering, the available nitrogen is generally used to produce chlorophyll,
which can be detected spectrally. From the start of the generative stage onwards, however,
the nitrogen in chlorophyll is translocated to the grains for storage proteins. Thus, NY
can be estimated by the chlorophyll content during the vegetative stage; however, the
chlorophyll content is not a good predictor of NY during the generative stage [55].

Finally, there were three models tested for estimating AGDM: measured PAD, NDVI
integral, and RTM inversion-based LAD. All three models showed a suitable performance;
however, the results of the RTM inversion with hyperspectral input data and background
soil spectra correction (RTM inversion-based LAD) were superior to the other models
tested in this study (train R2 = 0.965, test R2 = 0.960, RRMSE = 13.7%, RMSE = 58.6 g m−2,
mean = 426.0 g m−2). This is especially noteworthy, since one of the alternative mod-
els was based on destructively measured PAI values (train R2 = 0.972, test R2 = 0.914,
RRMSE = 18.1%). The comparatively simple NDVI integral approach also showed good
results for AGDM estimations (train R2 = 0.969, test R2 = 0.927, RRMSE = 24.3%). In
comparison, Tucker et al. [56] were among the first to correlate spectral data with AGDM
in wheat and achieved an R2 of 0.79. Mistele and Schmidhalter [57] determined dry matter
yields in maize using curvilinear models between spectral indices and AGDM with R2

ranging from 0.67 to 0.91 in three seasons. Fabbri et al. [58] tested various vegetation
indices to estimate AGDM in durum wheat. The best performing index for AGDM was
EVI2 (R2 = 0.951, RRMSE = 17.9%) during the vegetative stage.

The presented model performances are promising; nevertheless, it needs to be men-
tioned that these models also feature certain limitations. The selected RTM PROSAIL is
a basic RTM that features a simplified description of canopy architecture compared to
more complex RTMs [25]. Furthermore, the field experimental dataset is limited in the
following aspects: limited data variability, i.e., solely one crop (wheat) was investigated
in one region (Eastern Austria) in two seasons; limited dataset size, i.e., a modest number
of data points; and limitations of the applied spectral sensor, i.e., no spatial variation and
limited spectral resolution from 400 to 1000 nm. In the context of CWC estimations, for
example, the spectral reflectance above 1000 nm is of substantial importance [54]. To offset
the limitation of the small field experimental dataset, a simulated dataset based on an RTM
inversion was introduced in this study. The extensive use of simulated data as well as
the previously mentioned aspects on the limitations of the RTM PROSAIL and the field
experimental dataset, however, limit the generalizability of the proposed models.

Although the proposed models show certain limitations, they nevertheless resulted
in suitable model performances for estimating PAI, CWC, and AGDM throughout the
growing season as well as NY from leaf development (BBCH 10) to anthesis (BBCH 60)
for wheat in Eastern Austria. The presented models can be used in future studies for
quick and non-destructive measurements of PAI, CWC, NY, and AGDM based on spectral
measurements of wheat in Eastern Austria during the aforementioned developmental
stages. This can reduce the required workload drastically. Furthermore, when applied
jointly, the proposed models for estimating PAI, CWC, NY, and AGDM can improve the
evaluation of stress conditions in wheat canopies, e.g., nitrogen deficiencies and drought.
Additionally, the models and methods proposed in this study can be used as templates
for setting up models for additional wheat cultivars, crops, regions, or target traits in the
future. Furthermore, the approach presented in this study can be adapted to establish
models for different spectral resolutions and spatial resolutions of other sensors that can be
mounted on a tripod or a tractor for proximal measurements, on a drone, an airplane, or
also satellites. The proposed methodology can also be advanced by applying more complex
RTMs, e.g., 4SAIL2 [59,60] and SCOPE [61], or different machine learning algorithms,
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e.g., random forests, support vector machines, more complex ANNs, and gradient boosting
or convolution neural networks for object detection. More complex methodologies can
additionally introduce a comparison of performances across different models or investigate
the model interpretability, e.g., explainable artificial intelligence [62].

5. Conclusions

The results indicate that both differences in spectral resolution, i.e., hyperspectral
versus multispectral, as well as the inclusion versus exclusion of background soil spectra
correction substantially affected the model estimations of the simulated dataset as well as
the field experimental dataset.

Many RTM inversion-based models presented in this study resulted in suitable es-
timations of wheat traits. Thus, the approach proposed by Reinosch et al. [14], which
combines empirically collected data with mechanistic models, e.g., RTMs, was successful in
building models based on machine learning with a limited experimental dataset. The RTM
inversion with hyperspectral input data and background soil spectra correction was the
best among all tested models to estimate PAI, NY, and CWC during the vegetative stages
(BBCH 10 to 60) as well as PAI and CWC throughout the growing season (BBCH 10 to 89).
Additionally, this model was also the best for estimating AGDM based on the integral of
estimated LAI values over days, i.e., the LAD. Furthermore, this model was equivalent or
superior compared to similar trait estimation results reported in the literature.

With this study, a promising new model to estimate PAI, NY, CWC, and AGDM was
established. This model was specifically designed for the available spectroradiometer
with a spectral resolution from 400 to 1000 nm in 1 nm increments. Going forward, this
combination of sensor and model can now be applied in wheat field experiments to
reduce labor and costs for analyzing PAI, NY, CWC, and AGDM. Nevertheless, the simple
approach using vegetation indices also showed good results, especially for the estimation
of PAI and NY during vegetative stages (BBCH 10 to 60) as well as the estimation of AGDM
using NDVI integral. The estimations of PAI throughout the growing season and CWC in
general, however, were substantially worse using vegetation indices compared to the RTM
inversion with hyperspectral input data and including background soil spectra correction.

Many models presented in this study, both vegetation index as well as RTM inversion-
based, provided suitable estimations of the relevant wheat traits PAI, NY, CWC, and AGDM
for various applications in, for example, agronomy, breeding, and crop sciences in general.
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Abstract: Above-ground biomass (AGB) is an important factor in crop yield. However, most
AGB estimation methods for crops with conspicuous spikes, such as rice and sorghum, can
achieve high accuracy during the vegetative stage but low accuracy during the reproductive
stage. In this study, we explored an AGB estimation model throughout the entire growth
period. Firstly, we divided the growth period of crops into two stages—before heading
and after heading—and adopted different strategies according to the characteristics of
the different stages. Before heading, we estimated AGB by multiplying the multi-spectral
vegetation index (VI) and the crop canopy height (H) square. After heading, we added
spectral absorption characteristic parameters to characterize spike biomass and used a
multiple linear regression model. This model can accurately estimate AGB in both rice and
sorghum throughout the entire growth period, which has a coefficient of determination (R2)
above 0.88 and the relative root mean square error (rRMSE) below 20.13% in both crops.
Compared with the direct estimation of AGB throughout the entire growth period using
H2 × VI, this model effectively improved the accuracy of AGB estimation for crops with
conspicuous spikes in the reproductive stage, which can provide reliable information for
evaluating crop growth at plot scale.

Keywords: crop; above-ground biomass (AGB); heading; spectral absorption characteristic
parameters; vegetation index (VI); canopy height

1. Introduction

AGB is a key growth parameter for evaluating the crop growth situation, which reflects
the weight of organic matter accumulated by the crop after photosynthesis, and can be used
to evaluate the net productivity of the crop [1]. The traditional method of acquiring AGB is
destructive field measurement, which mainly obtains AGB through manual destructive
sampling, drying processes, and integration with manual measurements. This method
is time-consuming and labor-intensive, inefficient, and will damage crop plants, so it is
impossible to continuously observe the same crop plant. Crop growth is a dynamic and
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continuous process, and it is necessary to continuously analyze the growth parameters
of the crop at different growth stages to monitor crop growth, so the traditional method
of obtaining growth parameters obviously cannot meet this requirement. Compared
with time-consuming and labor-intensive destructive manual observation, remote sensing
technology is mainly based on the spectral characteristics of crop plants, which offers
advantages such as fast, non-destructive, and continuous observation [2].

There are various remote sensing estimation methods for crop AGB, including multi-
spectral data [3,4], hyperspectral data [5,6], and lidar data [7,8]. According to the estimation
principle, these can be divided into mechanism models [9] and empirical models [10].

Mechanism models include the crop growth model [11], the light energy utilization
model [12], and the canopy radiation transfer model (RTM) [13]. The crop growth model
simulates the growth process of crops through environmental information such as meteo-
rology, soil, planting density, and planting methods, as well as biological information such
as crop variety characteristics, then simulates the changes in volume and mass of crops
during the growth process to estimate crop AGB [14]. Common mechanism models include
the decision support system for agrotechnology (DSSAT) model [15–19], the World Food
Study (WOFOST) model [20–22] and the agricultural product system simulator (APSIM)
model [23–26]. The light energy utilization model uses the light energy utilization rate
as the efficiency of crop dry matter accumulation during a certain period of time [27].
Common light energy utilization models include the Carnegie–Ames–Stanford approach
(CASA) model [28–30] and the global production efficiency model (GLO-PEM) [31]. RTM
is a physical remote sensing method, based on physical principles and mathematical equa-
tions, that is used to explain the canopy’s radiation transfer process [32]. The PROSAIL
model, one of the major RTMs, has been widely applied to the inversion of biochemical
variables and biophysical parameters of vegetation, such as the leaf area index (LAI) [33]
and AGB [34]. However, the mechanism model is a model based on relatively complex
biological theories, which requires a large amount of environmental information, accurate
crop information, and complex biological theories as support, and the modeling process is
rather complicated.

Empirical models generally do not pay attention to the internal mechanism of the crop
growth process, but directly establish the relationship between crop surface reflectance,
vegetation index (VI), or geometric parameters and crop growth parameters according
to the spectral characteristics of crops, and estimate crop growth parameters based on
statistical models. In this study, empirical models are divided into AGB estimation models
based on multispectral data [35], estimation models based on hyperspectral data [36],
estimation models based on texture information [37], and estimation models integrating
multiple data sources according to different feature parameters used in the models [38,39].

VI calculated from multispectral data is a common method to estimate AGB, which
mainly carries out statistical analysis on crop AGB and corresponding VI of different
growth periods or entire growth periods to obtain the best regression model [40–42].
The hyperspectral data have higher spectral resolution, providing more accurate crop
reflectance and also allowing the spectral curve of the crop to be obtained, which can also
allow the crop to be observed in a detailed and comprehensive way [43,44]. Feng et al. [45]
applied hyperspectral data to deep learning and proposed a VGC-AGB model to improve
the accuracy of potato AGB estimation. Texture information is the embodiment of the
change rule of image on the gray scale, which can well reflect the structural characteristics of
crop canopy in the horizontal direction [46–49]. Fu et al. [50,51] found that the introduction
of Gabor texture into the spectral index model could improve the estimation accuracy of
winter wheat nitrogen content. Liu et al. [52] improved the estimation accuracy of rice AGB
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by changing the window size and direction of the grey level co-occurrence matrix GLCM,
with R2 reaching 0.84.

Although different types of data have been introduced for estimating crop AGB, when
only a single type of data is used to estimate crop AGB, various problems often arise. For
example, when crop AGB is estimated by using texture information, most texture indexes
are weakly correlated with the AGB in the early period of crop growth [46]. Therefore,
many studies have combined different types of data to estimate crop AGB, such as VI,
texture index, canopy height, and vegetation coverage. Jimenez-Berni et al. [53] used a
LiDAR sensor to extract three-dimensional geometric information of wheat, then obtained
wheat plant height and vegetation coverage. They combined plant height with vegetation
coverage to estimate wheat AGB, with R2 reaching 0.92. Tilly et al. [54] used a ground-
based laser scanner to obtain wheat plant height and combined it with ground-measured
spectrum, finding that the combination of the two can effectively improve the accuracy
of estimating AGB. Yue et al. [55] found that the correlation between VI multiplied by
height and wheat AGB was higher than that between single VI or height and AGB. Navarro
et al. [56] used the RGB image of an unmanned aerial vehicle (UAV) to extract a three-
dimensional point cloud, then combined it with Sentinel-1 SAR and Sentinel-2 optical
images, and found that the estimation model established by the combination of the three
had the highest accuracy. Shu et al. [57] used UAV digital surface model (DSM) images
to extract maize plant height, then multiplied the VI and plant height to characterize LAI.
Finally, they multiplied LAI and plant height to build an AGB cube model, with R2 reaching
0.79 and the relative root mean square error (rRMSE) reaching 29.19%. Liu et al. [58,59]
combined UAV RGB data with hyperspectral data to estimate potato AGB, effectively
reducing the root mean square error (RMSE). Liu et al. [60] combined remote sensing
features with structural features to estimate wheat AGB, with R2 reaching 0.88.

However, despite fusing different types of data, the effects of most crop AGB estima-
tion methods are still relatively poor during the heading stage and subsequent growth
stages, especially for crops with conspicuous spikes. Miao et al. [61] divided the growth
period of rice into four stages from the tillering stage to the heading stage, and used the
optimal multi-narrowband reflectance (OMNBR) model based on the original reflectance
of hyperspectral data, R2 reached 0.77 at the tillering stage and 0.50 at the heading stage.
Xu et al. [62] used VI combined with the corresponding-band texture (VI-CBT) to explore
the effect of the fusion characteristics of VI and texture in estimating the AGB of rice at
different growth stages. The effect was good at the tillering and jointing stages, but began
to deteriorate after the booting stage. As a crop with conspicuous spikes, the presence of
spikes in rice during the booting stage and subsequent growth stages can affect the canopy
spectrum. Moreover, most of the existing crop AGB estimation methods are based on leaf
biomass and rarely take spike biomass into account, which leads to a significant decline in
the AGB estimation effect starting from the booting stage, especially at the heading stage.
There is a lack of effective methods for estimating crop AGB in the heading stage and
subsequent growth stages, especially for crops with conspicuous spikes. Therefore, a crop
AGB estimation method is needed that takes into account both the composition of the crop
canopy structure and the spectral changes of the canopy before and after heading. The main
objectives of the study are to (1) evaluate the necessity of introducing hyperspectral features
to improve the estimation of AGB of crops with conspicuous spike after heading; (2) find a
spectral feature that can better characterize the spike biomass to improve the estimation
accuracy of AGB; and (3) compare the effects of different methods in estimating the AGB of
crops with conspicuous spikes after heading and propose a crop AGB estimation method
based on the entire growth period.

68



Remote Sens. 2025, 17, 2067

2. Materials and Methods

2.1. Study Area

There were two rice study areas in this study: the hybrid rice experiment base of
Wuhan University in Lingshui, Hainan province, China (18◦31′N, 110◦3′E), and that in
Wuhan, Hubei province, China (30◦33′N, 114◦32′E). 1. The two rice study areas are in
different climatic zones, which have disparate meteorological conditions. Hainan is located
in the tropics and has a tropical monsoon climate with high temperatures throughout the
year, while Hubei belongs to the subtropics and has a subtropical monsoon climate with
an annual average temperature of 15.8 ◦C. In Hubei, rice plants were usually sown in
mid-May, transplanted in early June, and harvested in October, with a growth period of
around 4 months. By contrast, rice plants in Hainan were sown in mid-December of the
previous year, transplanted in early January, and harvested in May, with a growth period of
around 5 months. At the same time, there is also a sorghum study area in Zunyi, Guizhou
province, China (27◦42′N, 106◦22′E). Guizhou province has a subtropical humid monsoon
climate with moderate rainfall and an average annual temperature of 15.8 ◦C. The planting
time of sorghum varies due to the significant difference in altitude. In this study, sorghum
was planted in late March and harvested in late August.

As shown in Figure 1, there were 42 cultivars in 2018 Hainan, 27 cultivars in 2022
Hubei, 48 cultivars in 2023 Hubei, and 54 cultivars in 2024 Guizhou. Each cultivar had
a separate field plot, and the white mark placed at the edge of the plots was used to
distinguish different cultivars.

Figure 1. Study area: (a) geographical location; (b) 2024, Zunyi, Guizhou; (c) 2023, Wuhan, Hubei;
(d) 2018, Lingshui, Hainan; (e) 2022, Wuhan, Hubei.

2.2. AGB Measurements

The collection of crop AGB began at the initial stage of tillering and continued until the
wax ripening stage. During each sampling, three representative crop plants were randomly
selected from each experimental plot, then the crop was shoveled out and put into the
sampling bag. After the sampling bags were numbered, a small amount of field water
was placed in the sampling bag to ensure the survival of the crop. The leaves, stems, and
spikes of the crop were numbered and sealed in separate paper bags, then dried in an oven
at 105 ◦C for 30 min, which was then adjusted to 80 ◦C for about two days at a constant
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temperature until the weight remained the same. At the end of drying, each sample was
weighed separately and recorded. The leaf, stem, and spike biomass in the same plot were
added to obtain three crop plants in the field total AGB (g). The AGB conversion formula
for this cell is shown in Equation (1), and the unit of AGB is g/m2.

AGB =
W
3

× d (1)

where W is the total three crop plants biomass of each plot (g) and d is the planting density
of each plot (strains/ m2).

2.3. Manual Determination of Heading Date in Crop

The heading date in crops is generally defined as the time when approximately 50% of
the spikes have exserted, which was determined by manual visual observations in the field.
The heading date of the studied different crop cultivars varied between 59 and 73 Days
After Transplanting (DAT) in rice. In this study, the growing season of each crop cultivar can
be roughly divided based on heading date into before-heading and after-heading stages.

2.4. Canopy Hyperspectral Reflectance Retrieved from ASD

The ground hyperspectral data were collected using an Analytical Spectral Device
(ASD). The ASD FieldSpec4 (Analytical Spectral Devices, Inc., West Gosford NSW, Malvern
Panalytical, Worcs, UK) spectrometer has a spectral resolution of 350 nm~2500 nm and a
spectral resolution of 3 nm in the range of 350 nm~1000 nm. The spectral resolution in the
1000 nm~2500 nm wave range is 8 nm. The instrument can be used to measure a variety of
parameters such as reflectivity, transmittance, radiant brightness, and radiance.

2.5. UAV-Based Data Collection

Before the UAV imaging, the ground control points (GCPs) were evenly arranged in
the field using black and white calibration plates measuring 40 cm in length and width.
Intelligent real-time kinematic (RTK) was used to obtain the accurate geographical positions
of each control point. UAV images were collected throughout the entire growth period
in 2018 Hainan, 2022 Hubei, 2023 Hubei, and 2024 Guizhou. The 12-band multispectral
images were obtained for the study site on the first flight, and the RGB images were then
taken on the other flight.

The UAV data used in this study include RGB and multispectral images. The RGB
images were used to extract canopy height, and the multispectral images were used to
extract VI.

2.5.1. RGB Image

The RGB images of the study site were taken with a DJI FC 6310R camera mounted
on a DJI Phantom 4 RTK UAV (SZ DJI Technology Co., Ltd., Shenzhen, China). The UAV
is equipped with an adjustable cloud terrace (pitch angle ranges from +30◦ to −90◦). The
horizontal field of view of the camera was 84◦, the vertical field of view of the camera was
±10◦, and the ground sampling distance (GSD) was 0.8 cm. The flight altitude was 30 m
above ground level. The forward overlap was set to 85%, and the lateral overlap was set
to 80%.

2.5.2. Multispectral Image

The 12-band images of the study site were obtained by the Mini-MCA camera system
(Tetracam, Inc., Chatsworth, CA, USA) mounted on an M8 UAV (Beijing TT Aviation
Technology Co., Ltd, Beijing, China). This array of 12 cameras was equipped with customer-
specified band pass filters centered at a wavelength of 490 nm, 520 nm, 550 nm, 570 nm,
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670 nm, 680 nm, 700 nm, 720 nm, 800 nm, 850 nm, 900 nm, and 950 nm, respectively. The
12 camera lenses were co-registered in the laboratory prior to the flight so that correspond-
ing pixels of each lens were spatially overlapping in the same focal plane. The flights were
taken in sunny and cloudless weather between 10:00 AM and 2:00 PM at an altitude of
100 m and with an image spatial resolution of 5.5 cm.

For image radiometric calibration, a linear relationship was assumed between surface
reflectance (ρ) and image digital numbers (DNs):

ρλ = DNλ × Gainλ + Offsetλ (2)

where ρλ and DNλ were the surface reflectance and corresponding image digital numbers
at wavelength λ. Eight near-Lambertian calibration canvases, at the constant reflectance of
0.03, 0.06, 0.12, 0.24, 0.36, 0.48, 0.56, and 0.80, were placed in the camera’s field of view to
solve Gainλ and Offsetλ value in different bands using the least square method for image
radiometric calibration. In this case, the canopy reflectance at 12 bands can be calculated
based on Equation (2).

2.6. Features Derived from Remote Sensing Data

For each crop plot, a rectangular region of interest (ROI) of the same size was defined
that maximally fit the plot. The ROI included three rows of crops, corresponding to around
800 pixels in the 12-band image and 2000 pixels in the RGB image. The actual area of each
area is 2.42 m2, accounting for approximately 70% of the area of a single plot. The average
reflectance and the average height of all pixels within the ROI were taken as the plot-level
canopy reflectance and canopy height, respectively, which correspond to the AGB at the
field level.

2.6.1. VI

The plot-level VI was calculated from plot-level canopy reflectance. Four VIs, which
are widely used for AGB estimation in many studies and can be easily applied in current
satellite sensors, were used in this study for AGB estimation (Table 1).

Table 1. VI calculated from UAV images in this study.

Features Description Equation

NDVI [63] Normalized difference vegetation index (ρNIR − ρRed)/(ρNIR + ρRed)

EVI2 [64] Two-band enhanced vegetation index 2.5 × ρNIR−ρRed
ρNIR+2.4×ρRed+1

NDRE [65] Normalized difference red-edge
vegetation index

(
ρNIR − ρRedEdge

)
/
(
ρNIR + ρRedEdge

)
OSAVI [66] Optimized soil adjusted vegetation index (1 + 0.16)× ρNIR−ρRed

ρNIR+ρRed+0.16

2.6.2. Spectral Absorption Characteristics Parameter

The spectral curve of the crop canopy collected by the ASD FieldSpec4 spectrometer
can effectively reflect the absorption and reflection characteristics of the ground object. In
the visible light band, due to the absorption effect of chlorophyll, there are two absorption
peaks in the blue band and the red band. In the near-infrared band, due to the scattering
effect of the canopy, a reflection platform with a relatively high reflectance is formed. The
measurement is generally carried out from 10:00 to 14:00. Three positions are selected for
each plot for measurement, and the measurement is repeated three times for each plot. The
height of the spectrometer probe vertically downward from the top of the canopy is 0.7 to
1.0 m. To fully exploit the spectral information of the crop contained in the spectral curve,
this study introduces the parameterization of spectral absorption characteristics into the
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estimation of crop growth parameters, fully considering the reflectance of multiple bands
of the crop canopy and the waveform characteristics of the spectral curve.

Spectral absorption characteristics parameter quantifies the absorption peaks of the
spectral curve into multiple spectral absorption characteristic parameters [67,68]. These
spectral absorption characteristic parameters are used to locate the spectral absorption
positions and quantify the shapes of absorption valleys. They include six parameters:
absorption position (AP), absorption depth (AD), absorption width (AW), absorption
area (AA), spectral absorption index (SAI), and absorption symmetry (AS). To extract the
spectral absorption characteristic parameters, the spectral curve needs to be subjected to
envelope line elimination first. The specific process of the envelope line algorithm is as
follows: the first step is to find all the reflection rate maximum points of the spectral curve,
and the second step is to find the envelope line points from the maximum point to the
left and right, respectively. The envelope line points should satisfy the condition that the
line segment formed by the previous envelope line point and the next envelope line point,
and its subsequent extension line, are all above all the points after the previous envelope
line point. Similarly, if the envelope line points are sought from the front, it is necessary
to ensure that the line segment formed by the previous envelope line point and the next
envelope line point and its subsequent extension line are all above all the points before the
previous envelope line point.

AP: As shown in Figure 2a, the absorption position is the wavelength corresponding
to the deepest absorption of the absorption valley after the envelope of the spectral curve
is eliminated.

 
(a) 

(b) 

(c) 

Figure 2. Quantitative extraction of spectral absorption characteristics parameter: (a) AW, AD, and
AP; (b) AA and AS; (c) SAI.

AD: As shown in Figure 2a, the absorption depth is the deepest absorption depth of
the absorption valley after the envelope of the spectral curve is eliminated.
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AW: As shown in Figure 2a, the absorption width is the spectral width at half of the
maximum absorption depth in the absorption valley resulting from the elimination of the
envelope of the spectral curve.

AA: As shown in Figure 2b, the spectral absorption area is the integral of the absorption
depth of the absorption valley over the wavelength. If the spectrum is continuous, the
absorption area equation is Equation (3).

AA =
∫ λ2

λ1

(1 − ρλ)dλ (3)

If the spectrum is discrete, the absorption area equation is Equation (4).

AA =
n

∑
i=m

(1 − ρi) (4)

AS: As shown in Figure 2b, the vertical line of the absorption position is the boundary,
and the ratio of the area of the right region to the area of the left region.

SAI: As shown in Figure 2c, the two shoulders S1 and S2 of the absorption valley of a
spectral curve, and the lines between S1 and S2 are called the non-absorption baseline. The
reflectivity ρm, ρ is obtained from the spectral curve and non-absorption baselines S1 and
S2, respectively. Equation (5) for calculating the spectral absorption index is as follows:

SAI =
ρ

ρm
=

d·ρ2 + (1 − d)·ρ1
ρm

(5)

where d is the proportional parameter d = (λm − λ1)/(λ2 − λ1).
The absorption of crops is mainly concentrated in the visible light band, so this

experiment mainly extracted the absorption characteristic parameters of the visible light
band absorption valley of the crop canopy. After envelope elimination in the crop canopy
spectrum, there is a large absorption valley in the visible light band, which has two
absorption bands, namely the blue band and the red band, and the absorption depth of the
red band is usually greater than that of the blue band. If the two absorption bands of red
and blue are taken as one absorption valley to extract the absorption feature, the absorption
position of the absorption valley will be shifted to the red band, while the absorption
position of the blue wave segment will be ignored. Moreover, the large absorption area
of the blue wave segment will also affect the absorption area, absorption width, and
absorption symmetry of the red band. In order to more accurately investigate the spectral
absorption characteristic parameters of the two absorption bands, this study divided
the large absorption valley in the visible light band into two absorption bands, red and
blue, and extracted the absorption characteristic parameters of the two absorption bands,
respectively, with the green band (550 nm) as the limit.

In the process of crop growth, the absorption of the blue band and red band will
change to some extent. The absorption characteristic parameters of the two absorption
bands can be used as the ratio or difference to reflect the absorption difference between
the red and blue bands. Therefore, on the basis of extracting the absorption characteristics
of the two absorption bands, the absorption characteristics of the two absorption bands
are differentiated or compared, and the ratio of absorption characteristics parameters is
proposed. The absorption characteristic parameters extracted from the hyperspectral data
of crop canopy in this study are summarized in Table 2.
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Table 2. Spectral absorption characteristics parameter in this study.

Features Description Equation

RAA Ratio absorption area AARed/AABlue
RAW Ratio absorption width AWRed/AWBlue
RAD Ratio absorption depth ADRed/ADBlue
DSAI Difference spectral absorption index (SAI Red − SAIBlue)

NDSAI Normalized difference spectral absorption index (SAI Red − SAIBlue)/(SAI Red + SAIBlue)
RSAI Ratio spectral absorption index SAIRed/SAIBlue

2.6.3. Canopy Height

The RGB images of the study were used for canopy 3-D reconstruction. Using
Pix4Dmapper, the canopy DSM was generated. The canopy height (H) was calculated as:

H = DSM − DEM (6)

where the DEM is equal to the DSM on the date before crop transplanting. This approach
is widely applied to retrieve canopy height, with an accuracy of around 3 cm [69].

2.7. Analysis Methods

In this study, a tridimensional conceptual model of estimating maize AGB was pro-
posed by combining the canopy height, VI, and spectral absorption characteristics param-
eters extracted from geometric data and multisource spectral data. Before crop heading,
a linear function was constructed using the product of NDVI and the square of canopy
height to estimate crop AGB. Due to the influence of spike dry weight on the estimation
accuracy of crop AGB, the RSAI was introduced to characterize spike biomass on the basis
of the original function, and the multiple linear regression model was used to estimate the
total AGB. The accuracy of the AGB estimation model was evaluated by using the K-fold
cross-validation method, where K was taken as 10. The main process is shown in Figure 3.

 

Figure 3. The main process of this study.
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2.7.1. AGB Estimation Based on VI and Canopy Height

Many studies have shown that estimating AGB solely based on spectral data may lack
the description of crop canopy structure [70,71], and combining spectral and geometric
data can significantly improve the accuracy of AGB estimation [54–56]. In previous studies,
some scholars used H × VI to estimate crop LAI and achieved good results [72], as shown
in Equation (7). Some scholars also proposed a three-dimensional cube model to estimate
maize AGB, in which AGB is the volume, LAI is the base area, canopy height is the height,
and H × LAI is used to estimate crop AGB [57], as shown in Equation (8). Combined
with the above studies, this study proposed H2 × VI to estimate crop AGB, as shown in
Equation (9).

LAI ∝ (VI × H) (7)

AGB ∝ (LAI × H) (8)

AGB ∝
(

VI × H2
)

(9)

2.7.2. Multiple Linear Regression

Multiple linear regression can fully consider a variety of features to participate in AGB
estimation, and combine different features to build a regression model. Stepwise multiple
linear regression on the basis of multiple linear regression, variables are introduced into
the multiple linear regression model one by one. For each new variable introduced, the old
variables of the selected model are tested one by one, and the variables that are considered
meaningless and can be replaced are deleted. This method can effectively screen multiple
features and build a linear regression model that integrates multiple features.

2.7.3. Random Forest Regression

The random forest regression algorithm is an ensemble learning algorithm based on
decision trees. It combines the idea of random selection of set features and the ensemble
idea, and is a combined classifier based on decision trees. Ensemble learning can incor-
porate multiple algorithms of different types or the same type. Random forest combines
multiple algorithms of the same type to form a decision tree and establish a more powerful
prediction model. In this study, due to the small number of features and sufficient sample
size, and in order to avoid the model being overly complex, the max_depth was 15 and the
n_estimators were 250. To avoid overfitting, the max_samples were 0.8, and regularization
techniques were introduced during model training, with other model parameters set to
default values.

2.7.4. Support Vector Regression

Support vector regression (abbreviated as SVR) is a regression analysis method based
on support vector machine (SVM), and is widely used in the fields of prediction and pattern
recognition. SVR achieves the prediction of continuous variables by finding an optimal
hyperplane in a high-dimensional space to maximize the interval between data points
and the hyperplane. This article will deeply explore the theoretical basis, mathematical
principles, model construction, parameter selection, training and optimization, application
scenarios of SVR, as well as its advantages and limitations. In this study, due to the small
number of features and sufficient sample size, the kernel was ‘rbf’. Meanwhile, to avoid
overfitting, the gamma was 1 and the C was 50, and other model parameters were set to
default values.
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3. Results

3.1. AGB Estimation Performance in Two Stages

In this study, the H2 × VI model was used to estimate crop AGB. NDVI, NDRE, EVI2,
and OSAVI were selected by VI, and the model was divided into two parts: before heading
and after heading. The results are shown in Tables 3 and 4 and Figure 4.

Table 3. Rice AGB estimation results based on H2 × VI before heading and after heading.

Model Stage R2 RMSE (g/m2) rRMSE (%)

H2 × NDVI
Before heading 0.86 150.87 30.17
After heading 0.26 390.11 54.13

H2 × EVI2
Before heading 0.82 177.71 35.54
After heading 0.32 388.82 53.98

H2 × NDRE
Before heading 0.83 187.40 37.48
After heading 0.15 467.73 62.90

H2 × OSAVI
Before heading 0.85 155.47 31.10
After heading 0.21 407.65 56.12

Table 4. Sorghum AGB estimation results based on H2 × VI before heading and after heading.

Model Stage R2 RMSE (g/m2) rRMSE(%)

H2 × NDVI
Before heading 0.93 35.05 18.31
After heading 0.01 329.18 36.45

H2 × EVI2
Before heading 0.93 75.86 39.64
After heading 0.07 320.02 35.57

H2 × NDRE
Before heading 0.92 37.37 19.53
After heading 0.09 315.93 34.17

H2 × OSAVI
Before heading 0.92 37.29 19.49
After heading 0.11 313.15 33.89

 
(a) (b) 

 
(c) 

 
(d) 

Figure 4. AGB estimation based on H2 × NDVI in two stages: (a) rice before heading; (b) rice after
heading; (c) sorghum before heading; (d) sorghum after heading.
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According to the above results, the model has a good effect on estimating crop AGB
before heading, but a poor effect after heading, especially for sorghum. Therefore, it is
necessary to improve the after-heading model to improve the accuracy of AGB estimation.

From the perspective of crop canopy spectrum, the canopy spectrum before heading
was composed of the interaction between stem spectrum and leaf spectrum, and the effect
of spike spectrum was increased after heading, as shown in Figure 5. From the perspective
of crop growth law, the AGB before heading only consisted of stem and leaf biomass, while
the spike biomass increased after heading, as shown in Figure 6 for rice.

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 5. Comparison of crop canopy before and after heading: (a) rice before heading, (b) rice after
heading, (c) sorghum before heading, (d) sorghum after heading.

Figure 6. Trend of the proportion of rice AGB in different parts of total AGB (AGB_L+S: leaf
biomass + stem biomass; AGB_P: spike biomass).
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We speculated that the model’s accuracy was reduced due to the influence of spike
biomass, so we separately analyzed the correlation between H2 × VI and stem and leaf
biomass and spike biomass after heading. The results are shown in Table 5.

Table 5. R2 between H2 × VI AGB in different parts after heading.

Features R2 (AGB_Leaf+Stem) R2 (AGB_Spike)

H2 × NDVI 0.5587 0.0034
H2 × EVI2 0.5663 0.0151

H2 × NDRE 0.5517 0.0749
H2 × OSAVI 0.5078 0.0019

It can be seen from the results of Table 4 that H2 × VI has a strong correlation with
stem and leaf biomass after heading, but has almost no correlation with spike biomass.
Therefore, to estimate the crop AGB model, it is necessary to introduce features that have a
strong correlation with spike biomass to characterize spike biomass after heading, so as to
improve the estimation accuracy of the model.

3.2. Adding Spectral Absorption Characteristic Parameter After Heading

In order to find the features related to spike biomass, we separately measured the end
element spectra of leaves and spikes, and found that the reflectance of spikes gradually
increased with time in the red band and blue wave segment, as shown in Figure 7a.
Compared with the leaf spectrum, the absorption valley in the red band was more different
in different stages after heading, which suggested that the absorption characteristics of the
spectrum in the red band had a certain correlation with spike biomass.

 
(a) (b) 

Figure 7. Spectral reflectance plot: (a) comparison of leaf end-member spectra and spike end-member
spectra after heading; (b) canopy spectra after heading (after envelope removing).

After heading, the canopy reflectance of the crop in the visible band increased slowly
with the growth of the crop. There was an absorption valley in the red and blue bands, and
a reflection peak in the green band. Reflection decreased first and then increased in the near
infrared band, which was inconsistent with the change law of spike biomass. Moreover,
the reflection peak in the green band was mainly caused by leaf reflection. Therefore,
the reflectance of red and blue wave segments is selected as the research object, and the
difference degree of features in different stages is increased by envelope removal. Finally,
the characteristics of the absorption valley of red and blue wave segments are extracted by
spectral feature quantization.

78



Remote Sens. 2025, 17, 2067

After envelope elimination, the reflectance of the canopy spectral curve after crop
heading had a large difference in the red band and a small difference in the blue band,
as shown in Figure 7b. The spectral absorption features of the two bands were extracted,
and the differences in the characteristic values in different stages were increased by ratio,
difference, and normalization operations.

Correlation analysis was conducted between the new characteristics obtained by the
above calculation and spike biomass. The results are shown in Table 6, in which the RSAI
had the highest correlation with spike biomass and a strong correlation. Therefore, we used
the RSAI to characterize spike biomass.

Table 6. R2 between spectral absorption characteristic parameter and spike AGB after heading.

Features R2 (AGB_Spike)

RAA 0.2059
RAW 0.1688
RAD 0.2649
DSAI 0.0624

NDSAI 0.5363
RSAI 0.6152

H2 × NDVI, which had the highest correlation with stem and leaf biomass, and RSAI,
which had the highest correlation with spike biomass, were selected as the input features
of the model to construct the after-heading AGB estimation model, and the regression
effects of random forest regression, support vector machine regression, and multiple linear
regression models were tested. Finally, the K-fold crossover model was used to verify the
results to ensure they were statistically significant. The results are shown in Table 7.

Table 7. R2 and RMSE of AGB estimation based on H2 × VI and spectral absorption characteristic
parameter after heading.

Model
R2

(Training Set)
RMSE (g/m2)
(Training Set)

R2

(Test Set)
RMSE (g/m2)

(Test Set)

Random Forest Regression 0.93 201.34 0.82 269.56
Support Vector Regression 0.78 392.91 0.78 394.70
Multiple Linear Regression 0.89 260.58 0.89 262.86

Among the three models, we selected the multiple linear regression model with the
highest test set accuracy to estimate the rice AGB after heading, and we used the linear
regression model of H2 × NDVI before heading. The model equations are shown in Table 8,
and the final result is shown in Figure 8.

Table 8. AGB estimation model expressions.

Crop Stage Model

Rice Before heading AGB = 1412.1 × H2 × NDVI + 75.93
Rice After heading AGB = 931.26 × H2 × NDVI − 595.08 × RSAI + 1845.64

Sorghum Before heading AGB = 113.46 × H2 × NDVI + 9.01
Sorghum After heading AGB = 59.921 × H2 × NDVI − 343.5 × RSAI + 1488.08
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(a) (b) 

Figure 8. AGB estimation based on H2 × NDVI and spectral absorption characteristic parameter
that divides the entire growth period into before-heading stage and after-heading stage: (a) rice;
(b) sorghum.

4. Discussion

Before heading, the vegetative growth of the crop was the main factor, and the height
of the canopy gradually increased. At the same time, the AGB of the crop was mainly
increased by stem and leaf biomass, and the increase in stem and leaf biomass was mainly
related to chlorophyll. With the increase in chlorophyll content, the reflectance of the
canopy gradually increased in the near-infrared band, while the reflectance in the green
band gradually decreased. At the same time, NDVI and other VIs can well reflect the
change of chlorophyll content, so the product of VI and the square of canopy height can be
used to estimate crop AGB, as shown in Tables 3 and 4 and Figure 4.

However, after crop heading, the crop mainly grows by reproduction, and the AGB
is composed of stem, leaf, and spike biomass, and the canopy height basically does not
change. As can be seen from Figures 5 and 6, the increase in AGB was dominated by spike
biomass, while the stem and leaf biomass increased slowly, and spike biomass accounted
for an increasing proportion of AGB. The increase in spike biomass was mainly related to
carotenoids, so the effect of estimating AGB by H2 × VI decreased significantly, as shown
in Tables 3 and 4 and Figure 4.

As can be seen from Figure 7, with the decrease in carotenoid content, the absorption
of the red and blue bands gradually decreases, and the canopy reflectance in these two
bands gradually increases. Then, the difference of canopy reflectance in different stages is
eliminated and increased through the envelope. Because the increase in reflectance in the
red band is smaller than that in the blue band, the change in the RSAI is exactly the same
as that of carotenoid. Therefore, the introduction of the RSAI on the basis of the product of
the original VI and the square of the canopy height can effectively estimate crop AGB after
heading, as shown in Table 6.

As can be seen from Table 7, the support vector machine regression model has the
worst effect. Although the random forest model has a good effect on the training set, its
effect on the test set is not as good as that of the multiple linear regression model. Moreover,
the multiple linear regression model has a simple structure and few parameters, so we
adopt the multiple linear regression model.

The effect of the constructed multiple linear regression model (H2 × NDVI, RSAI)
in estimating AGB after heading was significantly improved compared with NDVI,
H2 × NDVI, and RSAI, as shown in Table 9.
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Table 9. R2 and RMSE of AGB estimation based on different characteristics after heading.

Model
R2

(Training Set)
RMSE (g/m2)
(Training Set)

R2

(Test Set)
RMSE (g/m2)

(Test Set)

NDVI 0.08 455.80 0.04 461.47
H2 × NDVI 0.53 390.11 0.51 391.91

RSAI 0.72 307.89 0.70 309.76
Multiple

Linear Regression
(H2 × NDVI, RSAI)

0.89 260.58 0.89 262.86

The linear regression model of H2 × NDVI was used before heading, and the multiple
linear regression models of H2 × NDVI and RSAI were used to estimate AGB in different
stages after heading. Compared with the model that directly estimates AGB throughout
the entire growth period using H2 × VI, the effect of our model was significantly improved.
The test set results of K-fold cross-validation are shown in Tables 10 and 11.

Table 10. Rice AGB estimation results (the test set results of K-fold cross-validation) based on different
characteristics throughout the entire growth period.

Model R2 RMSE (g/m2) rRMSE (%)

H2 × NDVI 0.65 294.68 35.32
H2 × EVI2 0.64 298.60 36.67

H2 × NDRE 0.63 306.76 37.48
H2 × OSAVI 0.63 298.21 36.62

f(H2 × NDVI, RSAI) 0.88 189.06 20.13

Table 11. Sorghum AGB estimation results (the test set results of K-fold cross-validation) based on
different characteristics throughout the entire growth period.

Model R2 RMSE (g/m2) rRMSE (%)

H2 × NDVI 0.63 296.49 42.68
H2 × EVI2 0.48 357.28 51.43

H2 × NDRE 0.44 367.89 52.95
H2 × OSAVI 0.41 379.10 54.57

f(H2 × NDVI, RSAI) 0.96 89.46 14.97

Xu et al. constructed a multiple linear regression model using the texture features and
spectral features in the hyperspectral images of UAV to estimate rice AGB, with R2 = 0.76,
and rRMSE = 27.10% [1]. Tunca et al. used high-resolution UAV data and machine learning
(ML) to estimate sorghum AGB, with R2 = 0.80, and RMSE = 290 g/m2 [73]. Compared
with previous studies, our method has achieved partial improvement in estimating rice
AGB and significant improvement in estimating sorghum AGB.

As can be seen from Figure 8, although the estimation effect of crop AGB after heading
is significantly improved, the accuracy of estimating rice AGB in the later stage still
decreases. This is due to the influence of spike weight, which leads to a reduction in
canopy height and thus a decline in the accuracy of estimating stem and leaf biomass by
H2 × VI. One of the reasons why the AGB estimation of sorghum is significantly better
than that of rice is due to the small amount of sorghum data, and another reason is that the
spike of sorghum changes from green to red, and the absorption in the red band changes
more obviously than that of rice, so RSAI is more sensitive to the change of spike biomass.
In subsequent studies, we will consider replacing the canopy height with the variation
of the canopy height in two adjacent periods to improve the accuracy of AGB estimation.
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Meanwhile, our method may also be extended and applied to satellite remote sensing in
the future to improve the accuracy of large-scale crop AGB estimation.

5. Conclusions

In this study, aiming to address the problem that the accuracy of H2 × VI estimation
of crop AGB after heading is greatly reduced, we introduced the spectral absorption
characteristic parameter RSAI, which is consistent with the change of spike biomass, from
the perspective of the spectral variation rule of crop canopy after heading, and used it
to characterize spike biomass. Together with H2 × VI, we constructed a multiple linear
regression model to estimate crop AGB after heading. Compared with only using H2 × VI,
the accuracy is effectively improved, the R2 of the entire growth period was increased to
0.88, and the rRMSE was reduced by 15% in rice; the R2 of the entire growth period was
increased to 0.96, and the rRMSE was reduced by 27% in sorghum.

This study provided an accurate AGB estimation model throughout the entire growth
period for crops with conspicuous spikes, which effectively improved the estimation
accuracy in the reproductive stage and provided reliable information for evaluating crop
growth at the plot scale.
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Abstract

Remote sensing tools have been proposed to assist with rice crop monitoring but have
been developed and validated on ponded rice. This two-year study was conducted on a
commercial rice farm with irrigation automation technology aimed to (i) understand how
canopy reflectance differs between high-yielding ponded and aerobic rice, (ii) validate the
feasibility of using the squared simplified canopy chlorophyll content index (SCCCI2) for
N uptake estimates, and (iii) explore the SCCCI2 and similar chlorophyll-sensitive indices
for grain quality monitoring. Multispectral images were collected from an unmanned
aerial vehicle during both rice-growing seasons. Above-ground biomass and nitrogen (N)
uptake were measured at panicle initiation (PI). The performance of single-vegetation-
index models in estimating rice N uptake, as previously published, was assessed. Yield
and grain quality were determined at harvest. Results showed that canopy reflectance in
the visible and near-infrared regions differed between aerobic and ponded rice early in
the growing season. Chlorophyll-sensitive indices showed lower values in aerobic rice
than in the ponded rice at PI, despite having similar yields at harvest. The SCCCI2 model
(RMSE = 20.52, Bias = −6.21 Kg N ha−1, and MAPE = 11.95%) outperformed other models
assessed. The SCCCI2, squared normalized difference red edge index, and chlorophyll
green index correlated at PI with the percentage of cracked grain, immature grain, and
quality score, suggesting that grain milling quality parameters could be associated with N
uptake at PI. This study highlights canopy reflectance differences between high-yielding
aerobic (averaging 15 Mg ha−1) and ponded rice at key phenological stages and confirms
the validity of a single-vegetation-index model based on the SCCCI2 for N uptake estimates
in ponded and non-ponded rice crops.

Keywords: vegetation indices; remote sensing; drones; irrigation; non-ponded rice; water-
saving strategies; N fertilization management

1. Introduction

The traditional water management in rice farms, in which the crop is ponded for most
of the growing season, is threatening the sustainability of the rice industry due to high
water use, particularly in arid and semi-arid regions [1–4]. Aiming to increase rice water
use productivity, irrigation strategies that shorten to a greater or lesser extent the period
the crop remains flooded have been suggested as alternative techniques to traditional
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management [5–9]. Aerobic rice production is one of the strategies that has been shown to
increase water productivity in comparison with ponded rice [10–13].

In aerobic rice production, the crop is watered when the soil is in an unsaturated state
and drained later so permanent water ponding is not maintained at any time during the
growing season. The effect on grain yield for aerobic rice, and water-saving strategies that
allow soil to dry to a certain level, is influenced by environmental and management factors,
with soil water potential being the main driver of yield variation [14]. The average soil
water potential threshold where rice grain yield is not reduced by applying water-saving
management strategies has been estimated in a recent meta-analysis as −19 kPa, with
variations among rice growing areas depending mainly on climate and soil type [14].

In temperate areas of Australia, aerobic rice production is being considered as a water
management strategy of interest for the industry due to the recurrent annual fluctuations
in irrigation water availability [15]. The main barriers to the adoption of this irrigation
strategy by farmers at commercial scale are the high labor required for water management
compared with ponded rice, and famers’ perception of a high crop susceptibility to water
stress when the soil is not saturated and/or to cold stress at the microspore stage [16,17],
both associated with yield reductions. However, achieving high yields under aerobic
rice management at commercial scale is possible with adequate water and nitrogen (N)
management. Automation technology for gravity surface irrigation systems is key for
reducing labor requirements and enabling timely watering of crops [18–20].

Over recent years, a variety of remote sensing tools have been proposed to assist in
the monitoring of rice crops for optimizing different aspects of crop management. As the
main irrigation water strategy employed for rice production, the majority of these tools
have been developed and validated on ponded rice crops.

Due to the differences generally observed in canopy development between aerobic
and ponded rice, with the former taking longer to reach full canopy cover [5] and in image
background (differences in canopy light extinction coefficient [21] and presence or absence
of surface water [22,23]), remote sensing tools developed for ponded rice (e.g., prediction
of panicle initiation, nitrogen uptake, or grain yield) may not be appropriate for rice grown
aerobically. Carracelas et al. [24] indicated that common chlorophyll-sensitive vegetation
indices reported as optimum for N uptake estimates were significantly influenced by the
level of surface water in bays at the moment of image collection. These authors observed
that among the vegetation indices they assessed the squared simplified chlorophyll canopy
content index (SCCCI2) was the least affected by the level of surface water and observation
time, suggesting it could be used as a general index for N uptake estimates regardless of the
irrigation strategy undertaken. Validation of the model reported by Carracelas et al. [24] in
different conditions to those in which it was developed (site, growing season, and variety)
would demonstrate the SCCCI2 validity for N uptake estimates and provide the industry
with a valuable tool for optimizing N fertilizer management in rice farming.

Apart from being essential for maximizing rice grain yield, optimum N management
is important for producing high grain quality [25–28]. Plant N availability, along with
other factors, affect grain physical qualities [29]. It is hypothesized that vegetation indices
that are sensitive to chlorophyll content could explain crop variability in grain quality.
However, there are few studies dealing with rice grain quality monitoring from remote
sensing measurements. In a study with two cultivars and a range of N application rates,
Tsukaguchi et al. [30] reported a good correlation between the chlorophyll index green
(Clg) obtained from drone imagery around heading and the percentage of imperfect grains.
Hou et al. [31] reported a good correlation between spectral measurements and brown rice
rate, moisture content, and taste value. In Australia, price penalties are imposed to crops
with a percentage of cracked and immature grain exceeding established thresholds as both
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are the main parameters used to estimate the overall quality score. Thus, monitoring grain
quality variability within bays could be of interest for growers in order to reduce within
crop variability.

The objective of this study conducted at a commercial rice farm was to understand
how canopy reflectance can differ between high-yielding ponded and aerobically grown
rice crops over the growing season, validating the feasibility of using the SCCCI2 for N
uptake estimation regardless of the water management strategy undertaken, and explor-
ing the potential use of the SCCCI2 and similar chlorophyll-sensitive indices for grain
quality monitoring.

2. Materials and Methods

2.1. Study Site Description and Field Management

The study was conducted in two bays (7.4 ha and 5.4 ha) of a commercial rice farm
located in the Murrumbidgee rice growing region in New South Wales, Australia (Latitude:
340 21′ 21.9′′S, Longitude: 1470 10′ 14.8′′E) with different water management (aerobic
and traditional) during two consecutive rice growing seasons (2022/2023 and 2023/2024)
(Figure 1).

 
Figure 1. (a) Location of the commercial rice farm in the Murrumbidgee region of New South Wales,
Australia (indicated with a blue dot). (b) Image of the unmanned-aerial-vehicle-based multispectral
system and calibration panel used in the study. (c) Monitored bays and areas of interest for the
2022/2023 (orange circles) and 2023/2024 (red circles) growing seasons.

The climate in the Murrumbidgee rice growing region is temperate with hot dry
summers and low humidity. A description of selected weather parameters obtained from
the nearest weather station (~15 Km) for the period from 1 October to 15 April in each rice
growing season is reported in Table 1. Total evapotranspiration was 164.3 mm lower in the
first growing season than in the second one. The first growing season had 13 fewer days
with maximum temperatures above 35 ◦C, and 13 more days with minimum temperatures
below 15 ◦C from PI to flowering than the second growing season (Table 1).

A soil corer sample machine (Christie Engineering, Delaware Road, Horsley Park,
NSW, Australia) was used prior to sowing to collect a total of 16 soil samples (0–30 cm
depth) to determine soil chemical and physical properties in both bays. Soil samples
were analyzed at the professional laboratory (EAL Environmental Analysis Laboratory,
Lismore, NSW, Australia) (Table 2). The soil type was brownish clay in both bays, and
was classified as Transitional red brown earth [32], commonly used for rice production in
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the area. Relative to the indicative guidelines for a heavy clay soil [33,34], the soil organic
matter percentage, phosphorus and nitrate nitrogen on average were low. Potassium levels
were higher in relation to the indicative guidelines. Most micronutrients (Zn, Mg, Cu) were
on average below the indicative guidelines for a heavy clay soil type.

Table 1. Description of weather parameters obtained from the nearest meteorological station to the
rice farm located at Griffith Airport, NSW, Australia (Bureau of Meteorology, Australian Government,
www.bom.gov.au/watl/eto/, accessed on 10 May 2025) from the 1 October to the 15 April in each
growing season.

Weather Parameters
Rice Growing Season

2022–2023 2023–2024

Total Evapotranspiration (mm) 1098.9 1263.2
Daily Evapotranspiration (mm d−1) 5.4 6.2

Total Rain (mm) 373.0 332.4
Maximum Temperature (◦C) 27.7 30.0

Days with Max. temp. above 35 ◦C 29.0 42.0
Minimum Temperature (◦C) 12.8 14.3

Days with Min. temp. below 15 ◦C 121.0 94.0
Days with Min. temp. below 15 ◦C

(from PI to Flowering) 24.0 11.0

Maximum Relative Humidity (%) 88.2 83.4
Minimum Relative Humidity (%) 35.2 28.7

Wind-speed at 10 m (m/s) 4.1 4.0
Solar Radiation (MJ m−2 d−1) 21.8 22.4

Table 2. Selected soil properties determined prior to sowing at the Environmental Analysis
Laboratory—EAL (www.scu.edu.au/eal, accessed on 1 December 2024). The data shown is the
average of the two rice growing seasons and monitored bays.

Soil Parameters Value Soil Parameters Value

pH (water) 7.6 Zn-Zinc (mg/kg) 0.9
pH (CaCl2) 7.0 Mn-Manganese (mg/kg) 20.5
Estimated Organic Matter (% OM) 1.5 Fe-Iron (mg/kg) 78.8
Phosphorus (mg/kg P) (Colwell) 41.4 Cu-Copper (mg/kg) 3.2
Nitrate Nitrogen (mg/kg N) 4.7 B-Boron (mg/kg) 1.1
Ammonium Nitrogen (mg/kg N) 3.4 Si-Silicon (mg/kg Si) 44.0
Sulfur (mg/kg S) 27.6 Total Carbon (%) 0.9
Electrical Conductivity (dS/m) 0.1 Total Nitrogen (%) 0.1
Ca—Exchangeable Calcium (mg/kg) 2.6 Carbon/Nitrogen Ratio 8.8
Mg—Exchangeable Magnesium (mg/kg) 1.2 Texture (ISSS classification) Clay
K-Exchangeable Potassium (mg/kg) 309.7 Sand > 20 μm 38.3%
Na-Exchangeable Sodium (mg/kg) 102.1 Silt (2−20 μm) 8.9%
Al-Exchangeable Aluminum (mg/kg) 1.9 Clay (< 2 μm) 52.8%

ECEC—Effective Cation Exchange Capacity (cmol+/kg) 25.3
Gravel > 2 mm 0.2%
Basic Color Brownish

2.2. Field Management

The study was conducted during the second and third year of consecutively growing
rice crops at the farm. Minimum tillage was performed on leveled bays. All tillage
operations, herbicides applications and the first N fertilizer applications were undertaken
on dry soil before there was any irrigation event.
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In the first year of study, due to a wet start of the growing season (204 mm recorded in
October, 55% of the total rainfall received throughout the entire crop cycle) the variety V071
(medium grain, Japonica) was broadcasted with pregerminated seed on the 19 October 2022
with an average seeding rate of 158 kg ha−1 (Table 1). Bays were irrigated the following
day after sowing and remained flooded for 15 days to promote plant establishment. During
the second rice growing season, the same variety was direct drilled (row spacing of 0.20 m)
on the 2 October 2023 with an average seeding rate of 142 kg ha−1. The first irrigation
event occurred on the 10 October 2023, and it was followed by two more irrigation events
to promote emergence. On average for both rice growing seasons, plant establishment was
169 plants per m2, ranging from 40 to 305 plants per m2 (n = 41).

The fertilization management included a basal starter (custom blend fertilizer—
rice bouncer: N8%-P17%-S7% Ca8% Zn0.6%) application of ~220 kg ha−1 in 2022 and
150 kg ha−1 in 2023. This was followed by urea applications in late November and early
in January. In the 2022/23 rice growing season, urea was broadcast at 355 kg ha−1 and
145 kg ha−1 in the first and second applications at both bays (500 kg ha−1 in total). In the
2023/24 rice growing season, 275 and 350 kg ha−1 of urea were applied in the aerobic and
traditionally managed bays, respectively, in late November, and 125 kg ha−1 were applied
in both bays early in January. To level the total amount of urea applied to the aerobic and
traditional bays, an additional 100 kg ha−1 of urea were applied to the aerobic bay. In total
in this second season, the aerobic and ponded rice received 500 and 475 kg ha−1 of urea.

2.3. Irrigation Management

The traditional water management consisted in maintaining the soil under anaerobic
conditions. This was achieved by maintaining a layer of surface water that fluctuated over
the growing seasons as reported in Figure 2. At microsporogenesis, as the standard practice
followed in the rice growing region, the water layer was increased up to 0.20–0.25 m to
protect the crop against the incidence of low temperatures (Figure 2b). The bay was drained
in both growing seasons late November early December for the first urea application.

Figure 2. (a) Illustration of the irrigation management strategies used in the study, (b) water layer
depth measured in the ponded bay at panicle initiation (R1), microsporogenesis (R2−R3), and
flowering (R4) for each rice growing season. Vertical bars indicate the standard deviation.
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In the aerobic rice management, water was applied to the bay and drained to let the
soil dry and return to an aerobic condition before the next irrigation event took place.
Irrigation frequency varied during the season depending on water needs in the contiguous
bay and other operations like fertilizer applications. However, irrigation was scheduled to
try to avoid soil water potential values below −15 kpa at 0.10 m depth (Figure 3). This was
monitored with Watermarks (Model 200SS, Irrometer Company Inc., Riverside, CA, USA)
that were installed in pairs at the beginning of each growing season. Watermark readings
showed that soil matric potential decreased in the aerobic bay between irrigation events
(Figure 3). On average, water was applied to the aerobically managed bay every 3–5 days.
At the end of the growing season when grain moisture was below 26%, all the bays at the
farm were drained off for harvesting the crop on dry soil.

Figure 3. Soil water tension measured with watermark sensors at 10 cm (gray line) and 15 cm (black
line) during both rice growing seasons in the aerobically (a,c) and traditionally (b,d) managed bays.

2.4. Multispectral Measurements

Multispectral images were collected four times across the growing season in the first
and second year of study, corresponding approximately with the phenological stages of
tillering, PI, flowering and maturity. Images were collected from an unmanned aerial
vehicle (UAV; Matrice 100, DJI, Shenzhen, China) with the Altum camera (AgEagle
Aerial Systems Inc., Wichita, KS, USA) that captures information from the blue, green,
red, red edge, and near-infrared (NIR) spectral bands centered at 475, 560, 668, 717 and
840 nm, respectively. Flights were automated using the Pix4Dcapture app that was set
up to collect images at 120 m altitude with an 80% overlap. These settings provided a
pixel resolution of ~5.6 cm. The spectral bands used to calculate the vegetation indices in
this study were the green, red, red edge and NIR bands. An image of a calibration panel
was collected before and after each flight to remove the effects of sunlight variation.
Information from the radiometric target, camera gain and exposure settings and a
Downwelling Light Sensor (DLS2) that provides information about the illumination at
the moment each image was collected, was used for the radiometric corrections when
the images were processed with the Agisoft software (version 1.8.0, Agisoft Metashape,
Saint Petersburg, Russia). A schematic illustration of the methodology followed in this
study is provided in Figure 4. The Geo-TIFF files generated for each set of images with
information of the multispectral bands were post-processed in QGIS (version 3.26). Four
areas of interest of ~397 m2 each (radius = 11.25 m), where soil moisture and plant
measurements were conducted at different times during the growing seasons, were
delimited in both bays. Since there was no treatment to cause variability in the present
study, the location of the four areas of interest within each bay were selected based on
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the (low) variability in NDVI observed in the previous growing season from satellite
imagery. The zonal statistical tool was used in QGIS to obtain the average reflectance of
the five spectral bands captured with the camera on each measurement date for each
area of interest. This information was exported from the attribute table and used to
compute the vegetation indices in Excel. The formulation of the multispectral indices
used in this study are shown in Table 3.

Figure 4. Schematic illustration of the methodology followed in this study. DN: digital number.

Table 3. Vegetation Indices computed from the multispectral images with their respective formu-
lations. G, R, RE, and NIR correspond to reflectance in the green, red, red edge and near-infrared
regions of the spectrum.

Vegetation Index Formulation References

Squared of simplified canopy chlorophyll content index SCCCI2 =
(

NDRE
NDVI

)2
=

(
( NIR−RE

NIR+RE )
( NIR−R

NIR+R )

)2
[24]

Squared of normalized difference red edge NDRE2 =
(

NIR−RE
NIR+RE

)2 [35]

Chlorophyll green Clg =
(

NIR
G

)
− 1 [36]

Normalized difference vegetation index NDVI =
(

NIR−R
NIR+R

)
[37]

2.5. Plant Measurements

In both rice growing seasons, four above-ground biomass samples were collected per
bay within each area of interest delimited for the remote sensing measurements around PI.
Panicle initiation was defined as the moment when 30% of the main tillers had a developing
panicle 1–3 mm long [38]. Plant samples were collected within 1 m2 in each area of interest
by manually cutting plants at ground level. Samples were dried in an oven at 60 ◦C until
they reached a constant weight. Five whole plants including leaves and tillers weighing
~100 g were randomly picked per sample for the NIR tissue test at the Australian grain
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storage facility (AGS) to determine the nitrogen plant concentration (N%) [39]. Nitrogen
uptake was estimated using the following equation:

N uptake = N% × DM (1)

where DM is the plant biomass above ground expressed in kg of dry matter per hectare
at PI.

Rice grain yield was assessed in late and mid-April in 2023 and 2024, respectively. In
the first year of study, eight samples were manually harvested at the areas of interest of
each bay using a sampling ring with an area of 0.2 m2 [39]. In the second growing season
when the crop was direct drilled, however, a quadrant of 1 m2 (5 rows × 1 m) was used in
both bays. A total of 16 samples were manually harvested in the two rice growing seasons
when grain moisture was lower than 22% according to rice industry recommendations.
Grain yields were normalized to 14% moisture. The whole bays were harvested with a
commercial John Deere header with yield harvest monitor.

Grain moisture content was measured with FOSS (Infratec) equipment [40]. Each sam-
ple was threshed using a Pfeuffer grain sample cleaner and a visual check was performed
for contaminants.

Grain milling quality was measured using the PaddyVision® [41] instrument to
quickly assess dry or wet paddy rice at the Australian Grain Storage lab, part of Sunrice
Group in Leeton, Australia [42]. A total of ~6000 grains were scanned across the
sixteen samples (373 grains per sample) collected at harvest in the two evaluated rice
growing seasons. The key quality parameters assessed were the percentage of cracked
and immature grains, and the quality score, which is estimated from the previous
two parameters.

2.6. MultispeQ Measurements

To monitor the possible occurrence of abiotic stress on the aerobic rice, chlorophyll
fluorescence and photosynthesis-related parameters were periodically measured in
both monitored bays with a hand-held MultispeQ device (V 2.0, Photosynq Inc., East
Lansing, MI 48823, USA). Measurements were taken using the protocol Photosynthesis
RIDES 2.0, between 11 a.m. and 3 p.m. in the flag leaf of 10 to 20 plants per area of
interest within each bay on the same dates when the multispectral images were collected.
Measurements were taken five meters from the soil moisture sensors starting from the
North side and following counterclockwise to avoid duplicate measurements. A total
of 206 individual leaf measurements were taken over the two rice growing seasons.
Among the parameters measured with the MultispeQ, only seven were reported here:
ambient temperature, relative humidity, leaf temperature differential, chlorophyll SPAD,
maximum quantum yield of PSII under light conditions (Fv/Fm), ratio of the incoming
light energy used for the photochemistry (Phi2), ratio of the incoming light energy
that is lost to unregulated processes (PhiN0), and ratio of the incoming light that is
dissipated as heat (PhiNPQ).

2.7. Data Analysis

The statistical analysis was conducted using R software (R version 4.2.2) [43]. Anal-
yses of variance were performed to evaluate the influence of irrigation techniques and
rice growing season on multispeQ measurements, above-ground biomass, N%, N uptake,
rice grain yield and grain milling quality parameters (total cracked %, immature%, and
quality score). Means were compared using Tukey’s tests. Linear regression models
were used to analyze the relationships between vegetation indices and rice grain yield
and grain milling quality parameters. The best fitting model was selected based on
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the coefficient of determination (R2) and Akaike information criterion (AIC). Pearson
correlation analysis was performed using the cor.test function (R Core Team, 2022). The
quadratic and linear regression models were fitted using the lm function in R [44].

Previously published models for N uptake estimates at PI using vegetation indices
were assessed by comparing observed and predicted N uptake. A linear–plateau model
was fitted for the relationship between NDRE2 and N uptake recently published in
Carracelas et al. [24], using the nls function in R [45,46]. A linear model was obtained
between NDRE2 and N uptake up to a plateau threshold of 166 ± 6.3 kg N uptake ha−1

(Figure S1). The obtained model equation with an R2 = 0.80 and significance of
p < 0.001 was:

N uptake
(

kg N ha−1
)
= 311.NDRE2 + 29.7 (2)

The R2, Bias, the root mean square error (RMSE), mean absolute percentage error
(MAPE), and the concordance correlation coefficient (CCC) were used to evaluate the
performance of different models in estimating N uptake at PI. The CCC was calculated
using desctools package in R [43]. The RMSE, Bias and MAPE were calculated using
metrics package in R [47] with the following equations:

RMSE =

√
1
n ∑n

i=1(xi − yi)2 (3)

Bias =
1
n ∑n

i=1(xi − yi) (4)

MAPE =
1
n ∑n

i=1
(xi − yi)

xi
(5)

where xi and yi are the predicted and measured values, respectively, and n is the number
of observations.

3. Results

3.1. Canopy Reflectance and Seasonal Evolution of the Vegetation Indices

Early in the growing season, canopy reflectance in the blue, green, red, and red-edge
regions of the spectrum was higher in the aerobic than in the ponded rice in both growing
seasons while the opposite was observed for the NIR region in the second rice season
(Figure 5). The differences in canopy reflectance in the visible region were more evident in
the first rice growing season when crop development in the aerobic rice was lacking behind
the ponded rice than in the second growing season. No differences were observed in the
visible region between water management strategies later in the growing season except for
flowering in 2023/24 and maturity in the 2022/23 growing season, when a slightly lower
canopy reflectance was observed in the green and red edge regions in the aerobic rice than
in the ponded rice (Figure 5). Canopy reflectance in the NIR was generally lower in the
aerobic rice than in the ponded rice at maturity in the first rice season and at tillering and
PI in the second rice season. However, these differences were minimized around flowering
in both growing seasons (2 March 2023 and 15 February 2024), and maturity in the second
growing season.
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Figure 5. Canopy reflectance in the blue, green, red, red edge (RE) and near-infrared (NIR) regions
measured on (a) 6 January 2023 (tillering stage in the aerobic rice and PI in ponded rice), (b) 25 January
2023 (PI stage in the aerobic rice and microsporogenesis in ponded rice), (c) 2 March 2023 (flowering
in both water management strategies), (d) 14 April 2023 (maturity), (e) 15 December 2023 (tillering
stage in both water management strategies), (f) 5 January 2024 (PI), (g) 15 February 2024 (flowering),
and, (h) 11 April 2024 (maturity). Vertical bars indicate the standard deviation. Different letters
for each reflectance region indicate statistically significant differences within irrigation treatments
(p < 0.01).

The evolution of the vegetation indices SCCCI2, NDRE2, Clg and NDVI reported
of interest for rice crop monitoring are illustrated for the aerobically and traditionally
managed bays in Figure 6. Mean values of all the vegetation indices were lower in the
aerobic rice than in the ponded rice on measurement dates occurring before flowering. This
was observed in both rice growing seasons despite differences in the moment when PI
occurred in each water management strategy were only detected in the first rice growing
season. However, the differences were not statistically significant for the NDVI at PI and for
the SCCCI2 at PI in the 2022/23 growing season. The observed differences between water
management strategies decreased for all the vegetation indices from flowering onwards.
The aerobic rice showed slightly higher mean values than the ponded rice at flowering and
showed practically no differences with the ponded rice at maturity (Figure 6).
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Figure 6. Mean values of the (a,e) squared simplified canopy chlorophyll content index (SCCCI2),
(b,f) squared normalized difference red edge index (NDRE2), (c,g) chlorophyll green index (Clg),
and (d,h) normalized difference vegetation index (NDVI) for each measurement date. Vertical
bars indicate the standard deviation. The phenological stages at which the aerobic and ponded
rice were at each measurement date is also indicated (PI-T = ponded rice at panicle initiation;
PI-A = aerobic rice at panicle initiation). Different letters within irrigation treatments for each date
indicate statistically significant differences for the interaction between irrigation and date effect by
rice season (p < 0.001 ‘***’, p < 0.05 ‘*’).

3.2. Biomass, N% and N Uptake at PI

Average above-ground dry biomass and N uptake in 2023 were 3311 kg ha−1 and
100 Kg N ha−1, respectively, while in 2024 above-ground dry biomass was 5733 kg ha−1

and N uptake was 155 Kg N ha−1 (Table 4).
The irrigation effect was not statistically significant for any of the parameters evaluated

(p > 0.1). However, there was a statistically significant interaction between the irrigation
strategy and growing season (p < 0.01) (Table 4 and Figure 7). In the first growing season,
the ponded rice reached PI before (6 January 2023) the aerobic rice (~25 January 2023). The
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traditionally and aerobically managed bays had similar above-ground biomass, N%, and
N uptake at PI with no significant differences observed between them (Figure 7). In the
second growing season, no noticeable differences were observed in the date PI occurred
between water management strategies (~5 January 2024). In this growing season, plants
from the traditionally irrigated bay had significantly higher biomass, N% and N uptake
than plants from the aerobically managed bay (Figure 7).

Table 4. Plant biomass (DM kg ha−1), Nitrogen percent (N%) and Nitrogen uptake (Kg N ha−1)
parameters for the water strategy and rice growing season. The interaction irrigation x season and
the mean value for each parameter is also indicated.

Treatments
Biomass

(DM kg ha−1)
Nitrogen Percent

(N%)
N Uptake

(Kg N ha−1)

Irrigation
Aerobic 3686 3.03 112

Traditional 5358 2.79 144
Irrigation effect ns ns ns

Season
2022–2023 3311 b 3.01 100 b

2023–2024 5733 a 2.81 155 a

Season effect . ns *

Irrigation × Season effect *** ** **

Mean 4522 2.91 128
Means followed by different letters are significantly different. Asterisks indicate statistical significance at
p < 0.001 ‘***’, p < 0.01 ‘**’, p < 0.05 ‘*’, p < 0.1 ‘.’, ‘ns’ indicates non-significant differences.

Figure 7. Above-ground plant biomass (a), N% (b), and N uptake (c), at panicle initiation grouped
by irrigation management strategy and rice growing season. Black dots represent the mean values,
blue bars indicate the standard error, and red arrows indicate the confidence interval. Different
letters within irrigation treatments for each rice growing season indicate statistically significant
differences for the interaction between irrigation and rice season effect, with the following probability:
p < 0.001 ‘***’, p < 0.01 ‘**’.

3.3. Nitrogen Uptake Estimates

A strong linear relationship was observed between N uptake and SCCCI2 when
data for both sites and rice growing seasons were plotted together (Figure 8). The
equation and the statistically significant slope parameter obtained was very similar
(1.9 kg N uptake ha−1 higher per 0.1 increase in SCCCI2) to the one reported in Carracelas
et al. [24] that was developed in a different site, variety and growing season and that
we aimed to validate. The observed versus predicted plot using the model developed in
Carracelas et al. [24] (N uptake (kg ha−1) = 273.SCCCI2, R2 = 0.73, p < 0.001) is illustrated
in Figure 9g, along with published single-vegetation-index linear models for N uptake
estimates using the chlorophyll-sensitive indices Clg, Clre and NDRE2.
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Figure 8. Relationship obtained in the study between N uptake and SCCCI2. Model parameters are
shown only when statistically significantly different.

Figure 9. Measured versus predicted nitrogen (N) uptake at PI using the published linear models
(a) y = −91.66.Clg + 33.95, R2 = 0.88, (b) y = −104.64.Clre + 54.86, R2 = 0.85 and (c) y = 567.47.NDRE2 + 70.56,
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R2 = 0.83 reported in Brinkhoff et al. [48], and (d) y = 23.79.Clg, R2 = 0.70, (e) y = 60.81.Clre, R2 = 0.73
(f), y = 311.NDRE2 + 29.7, R2 = 0.80, and (g), y = 273.SCCCI2, R2 = 0.73 reported in Carracelas
et al. [24]. Dot line = 1:1. Parameters were statistically significant at p < 0.01 ‘**’ and p < 0.001 ‘***’.
RMSE = root mean square error. R2 = coefficient of determination. MAPE = mean absolute percentage
error. CCC = concordance correlation coefficient. Model parameters are shown only when they are
statistically significantly different.

Among the models assessed, the model using the SCCCI2 had the lowest RMSE
(20.5 kg N ha−1), Bias (−6.21 kg N ha−1), and MAPE (11.95%) (Figure 9g). Both the 2021
and 2025 NDRE2 models had an R2 of 0.83. However, compared with the SCCCI2 model,
the RMSE observed for the 2021 NDRE2 model was 68% higher while only 7% higher for
the 2025 NDRE2 model (Figure 9c,f). In both cases, the Bias and MAPE were higher than
those observed for the SCCCI2 model. The SCCCI2 and the 2025 NDRE2 were the models
with the highest CCC values, 0.82 and 0.83, respectively. The models using the indices Clg
and Clre, had the highest RMSE, Bias and MAPE (Figure 9a,b,d,e).

3.4. Environmental Conditions at Canopy Level and Photosynthesis-Related Parameters

The MultispeQ measurements showed that temperatures at canopy level were similar
for the aerobically and ponded managed bays, but relative humidity was significantly
higher in the latter (Table 5). No statistically significant difference was observed between
water management strategies in leaf temperature differential, which on average for all
measurements was around −5.0 ◦C. No statistically significant difference was observed
either between water management strategies in Phi2, PhiN0, PhiNPQ and the SPAD
measurements (Table 5).

Table 5. Temperature, relative humidity, leaf to air temperature differential, ratio of the incoming
light energy used for the photochemistry (Phi2), ratio of the incoming light energy that is lost to
unregulated processes (PhiN0), ratio of the incoming light that is dissipated as heat (PhiNPQ) and
SPAD obtained from the MultispeQ measurements.

Treatments
Ambient Parameters Leaf Temperature

Differential (◦C)
Fv/Fm

Fraction of Energy Light
Captured by PhotosystemII SPAD

Temperature Humidity Phi2 PhiN0 PhiNPQ

Irrigation
Aerobic 31.4 40.2 b −4.98 0.68 0.32 0.3 0.38 51.3
Traditional 31.6 42.8 a −5.30 0.67 0.32 0.29 0.4 52.4
Irrigation effect ns ** ns ns ns ns ns ns

Rice Season
2022–2023 32.2 a 38.0 b −5.29 0.71 a 0.41 a 0.3 0.29 b 52.7
2023–2024 30.7 b 45.0 a −4.98 0.64 b 0.22 b 0.29 0.49 a 51
Season effect *** *** ns *** *** ns *** ns

Irrigation × Season
effect ns ns ns ns ns ns ns ns

Mean 31.5 41.5 −5.14 0.67 0.32 0.30 0.39 51.9

Means followed by different letters are significantly different. Asterisks indicate statistical significance at
p < 0.001 ‘***’, p < 0.01 ‘**’ and ‘ns’ indicates non-significant differences.

Significantly higher temperatures and lower relative humidity values were recorded in
the first growing season than in the second on measurement dates (Table 5). The Phi2 and
PhiNPQ measurements were also significantly higher and lower, respectively, in the first
growing season than in the second. No statistically significant differences were observed
between rice growing seasons for the other parameters measured.
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3.5. Grain Yield and Milling Quality

Rice grain yield was significantly higher (10.5%) in the aerobic bay than in the ponded
bay Grain milling quality parameters and the overall quality score were not significantly
influenced by the water strategy (Table 6).

Table 6. Rice grain yield (Mg ha−1) and grain milling quality parameters for the water strategy and
rice growing season. The interaction irrigation x season and the mean value for each parameter is
also indicated.

Treatments
Rice Grain Yield
(14%) Mg ha−1

Grain Milling Quality

Total Cracked % Immature % Quality Score

Irrigation
Aerobic 15.03 a 12.9 2.76 8.43
Traditional 13.60 b 22.8 3.43 7.37
Irrigation effect ** ns ns ns

Season
S1 2022–2023 14.35 10.6 b 0.34 b 8.90
S2 2023–2024 14.29 25.1 a 5.85 a 6.91
Season effect ns * *** ns

Irrigation × Season
effect ns * ns **

Mean 14.32 17.85 3.09 7.90
Means followed by different letters are significantly different. Asterisks indicate statistical significance at
p < 0.001 ‘***’, p < 0.01 ‘**’, p < 0.05 ‘*’ and ‘ns’ indicates non-significant differences.

A significant interaction was observed between the irrigation water strategy and rice
growing season for the percentage of cracked grain and quality score (Table 6), indicating
these parameters were higher and lower, respectively, in the ponded rice than in the aerobic
rice in the second rice growing season (Figure 10). The percentage of cracked grains and
immature grains were significantly higher in the second rice growing season than in the
first one, and therefore, the quality score was lower.

Figure 10. Total cracked grain percentage (a), and quality score (b), for the water management
strategies within each rice growing season. Black dots represent the mean values, blue bars indicate
the standard error, and red arrows indicate the confidence interval. Different letters between water
strategies within each rice growing season indicate statistically significant differences with the
following probability: p < 0.05 ‘*’, p < 0.01 ‘**’.
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3.6. Relationship Between Chlorophyll Sensitive Vegetation Indices and Grain Quality Parameters

All the assessed vegetation indices had a strong correlation with the percentage of
cracked and immature grain, and the quality score (Figure 11).

Figure 11. Relationships between percentage of total cracked grain, percentage of immature grain
and quality score (QS) and vegetation indices (a–c) SCCCI2 (squared simplified canopy chlorophyll
content index), (d–f) NDRE2 (squared normalized red edge vegetation index), (g–i) Clg (chlorophyll
green index), (j–l) NDVI (normalized difference vegetation index), obtained at panicle initiation.
Asterisks indicate statistical significance at p < 0.001 ‘***’, p < 0.01 ‘**’, p < 0.05 ‘*’.

All indices were linearly correlated with the immature percentage. For this grain qual-
ity parameter, the SCCCI2 had the highest R2 (0.71), followed by the NDRE2 (R2 = 0.66) and
Clg (R2 = 0.61) indices. The lowest R2 value was observed for the NDVI. The relationship
observed for the percentage of cracked grain and overall quality score fitted a polynomial
quadratic model. The NDRE2, SCCCI2, and Clg indices had a high (>0.75) and similar R2

among them for both quality parameters. The NDVI was the index with the lowest R2 for
both percentage of cracked grain and quality score.

No significant relationship was observed between rice grain yield and any of the
vegetation indices (p > 0.1).

4. Discussion

Differences in canopy reflectance in the visible and NIR regions between high-yielding
aerobic and ponded rice were more evident early in the growing season when the crop had
not reached full canopy cover than later in the season. At tillering, aerobic rice had a higher
reflectance in the visible and red edge regions than ponded rice, but the opposite was
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observed in the NIR region, particularly in the second rice growing season. The differences
observed in canopy reflectance early in the growing season were more likely to be related
to the advanced development of the above ground part of the plant generally observed
in ponded rice with respect to aerobic rice or similar water management practices [5,6,21],
thus less background exposed in the image. This could be associated with a promotion
of root development in non-ponded strategies during the vegetative phase [49]. Carrijo
et al. [50] reported that root length density was significantly higher (100%) under alternate
wetting and drying safe in relation to continuously ponded, with no yield loss or plant
water stress, as deeper roots accessed deeper water at 25–35 cm. The differences observed
in canopy reflectance between aerobic and ponded rice in the visible and NIR regions
early in the growing season, and mainly in the NIR region at tillering, PI and maturity,
could also be attributed to the aerobic rice being water stressed on days when images
were captured [51,52]. However, the MultispeQ measurements showed that leaf to air
temperature differential on days when images were collected was similar and negative
(leaves cooler than air temperature) in both water management strategies. Further, no
statistically significant differences were observed between aerobic and ponded rice in
chlorophyll fluorescence (Fv/Fm) and the photosynthesis-related parameters Phi2, PhiN0
and PhiNPQ in any date of measurement, suggesting the aerobic rice was not water stressed
on those dates. The fact that grain yield at the monitored locations was higher in the aerobic
rice than in the ponded rice at harvest (Table 6), corroborates the inference that aerobic rice
did not experience water stress levels detrimental for crop production in any rice growing
season. This was achieved by limiting the lowest soil water potential to −14 kPa and
−25 kPa in the first and second growing seasons, respectively. These values were close
to the soil water potential threshold (−19 kPa) reported by Bo et al. [14] and ≥−20 kpa
reported by Carrijo et al. [8] at which rice yield was not reduced in the alternate wetting
and drying strategy.

Differences in canopy reflectance between ponded and aerobic rice led to obtaining
lower values of the vegetation indices SCCCI2, NDRE2, Clg and NDVI in the aerobic rice
than in the ponded rice up to flowering (March 2 in the first growing season and February
15 in the second). At this phenological stage, differences in canopy reflectance were minimal
between the aerobic and ponded rice, and the vegetation indices were either similar for
both water management practices or slightly higher in the aerobic rice. As expected, the
differences in NDVI observed between ponded and aerobic rice were smaller than those
observed for the chlorophyll-sensitive indices because of the tendency of the NDVI to
saturate earlier in the growing season in rice crops not deficient in N [35,53–55].

In agreement with that observed by Carracelas et al. [24] who first reported the use of
the SCCCI2 for N uptake monitoring in experimental plots, the SCCCI2 was significantly
correlated with N uptake at PI in a commercial rice farm. The R2 of the linear relationship
was slightly lower in this study (0.69; p < 0.001) than in Carracelas et al. [24] (0.73; p < 0.001),
but still high despite the fact that differences in N uptake in the present study were
caused by the crop management and the inherent variability within the bays as opposed to
having N rate treatments. Furthermore, the equation and the statistically significant slope
parameter obtained for SCCCI2 were similar in both studies, even though it was conducted
in other rice season with a different variety. Differences in predicted N uptake using either
of these models are extremely low and would not affect the N recommended topdressing
rates based on the guidelines tables developed for N topdressing for main rice varieties in
Australia [56].
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4.1. Validation of the SCCCI2 Model for N Uptake Estimates

When assessing the performance of the model recently reported in a study by Car-
racelas et al. [24] that relies on SCCCI2 measurements and that was developed in the same
rice growing region of this study, but in a different growing season and using a different
variety (Sherpa), there was a good agreement between the measured and estimated N
uptake (Figure 9). The RMSE, Bias and MAPE obtained with the SCCCI2 model (20.52,
−6.21 Kg N ha−1 and 11.95%) were notably lower than those obtained when using the Clg
and Clre models reported by Brinkhoff et al. [48] (Figure 9a,b) and Carracelas et al. [24]
(Figure 9d,e). Other single-vegetation-index models reported in the literature using the
NDRE and the ratio index NIR/RE [57] and ratio NIR/R [58], provided worse results
with RMSE and Bias values ≥113 and ≥112 Kg N ha−1, respectively. Models using the
NDRE2 index [24,48] (Figure 9f,c) showed more similar results to those obtained with the
SCCCI2 model, but especially the model obtained from Carracelas et al. [24] (Figure S1),
that had a RMSE of 21.95, Bias of 14.96 Kg N ha−1, MAPE of 15.84% and the highest
CCC of all the models, 0.83 The better result observed with the NDRE2 model reported in
Carracelas et al. [24] was more likely because it was developed using images collected at PI
at five different times of the day (decreasing the variability observed in NDRE measure-
ments through the day) on similar weather conditions (clear-sky days) and with the same
multispectral camera used in this study.

To better confirm the validity of the SCCCI2 model for N uptake estimates, the re-
sults obtained from using this single-vegetation-index model were compared with the
results obtained using a stepwise multiple linear regression model (SMLR) developed
by Zha et al. [59] from UAV-based multispectral images based on the Green Optimized
Soil Adjusted Vegetation Index (GOSAVI), Modified Normalized Difference Red Edge
(MNDRE2), and Modified Chlorophyll Absorption in Reflectance Index1 (MCARI1). The N
uptake estimates using the SMLR model (Plant N uptake = −198.601 + 353.387 GOSAVI +
132.397 MNDRE2 − 91.552 MCARI1) had an RMSE of 19.68 and a Bias of −4.96 Kg N ha−1

(R2 = 0.77, p < 0.001), which were only 0.84 kg N ha−1 and 1.25 kg N ha−1 lower than
those obtained using the SCCCI2 model. These results validate the single-vegetation-index
model reported by Carracelas et al. [24] and confirm the SCCCI2 as a useful vegetation
index for rice N uptake estimations at PI. The best performance of the SCCCI2 model in
estimating N uptake in comparison with the other single-vegetation-index models tested
here could be due to the low influence that water depth and time of image collection have
on this index with respect to the other chlorophyll-sensitive indices used in this study [24].

Additional validation studies across different locations, rice growing seasons, and
varieties are required to further improve the reported SCCCI2 model for broadly monitoring
cultivated areas on commercial farms within the rice industry.

4.2. Remote Sensing Monitoring of Grain Milling Quality

All the vegetation indices explored at PI in this study were significantly correlated
with the percentage of cracked grain, percentage of immature grain and quality score
when data for both growing seasons were pooled together. Tsukaguchi et al. [30], reported
a correlation between the Clg index, immature grains and chalky grain rate, which has
been shown to be affected by basal N fertilization [60,61] and negatively associated with
N uptake at heading [62]. Zhao et al. [63] also reported that optimal nitrogen applica-
tion (~270 kg N ha−1) improved rice grain quality, while excessive nitrogen application
(345 kg N ha−1) reduced it by lowering the average grain filling rate and prolonging the
grain filling period. In the present study, no differences in chalky grain rate were observed
between seasons and water management strategies.
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The NDVI was the index that had the lowest R2 for the relationship with all grain
quality parameters, which agrees with that observed by Tsukaguchi et al. [30]. This
result was most likely due to the early saturation of the NDVI in no N deficient crops
in comparison with the other indices (Figures 6 and 11) as also reported in previous
studies [35,53,55,64], the role that plant N availability plays in grain quality [25–28] and
the fact that the SCCCI2, NDRE2 and Clg indices are all more sensitive than NDVI to
leaf chlorophyll content and indirectly to N content. All the chlorophyll-sensitive indices
had a similar R2 when plotted against the percentage of cracked grain (0.75–0.78) and
the quality score (0.84–0.86). However, the strongest relationship with the percentage of
immature grain was observed for the SCCCI2. The findings of this study suggest that grain
milling quality parameters could potentially be associated with N uptake at PI since all
SCCCI2, NDRE2 and Clg were correlated with N uptake at this phenological stage. The
percentage of grain cracking and quality score increased and decreased, respectively, when
the SCCCI2 reached a value between 0.4 and 0.5 (Figure 11). This value of the SCCCI2

corresponded to a N uptake between 150 and 160 Kg N ha−1, which could possibly indicate
that N uptake values at PI above this threshold could lead to a higher percentage of grain
cracked and grain milling quality. Previous research has indeed shown that high doses of
N topdressing may increase the cracking percentage [65] and induce changes in the grain
protein composition [25,27]. However, grain quality parameters are influenced not only by
plant N status, but also genetic factors, agronomic practices [28], weather conditions before
and after heading [28,30,66], harvest time [67], and post-harvest handling practices [28].

The study showed that there is a relationship between spectral indices sensitive to
chlorophyll and grain quality parameters, although further research on this topic is needed
to better understand how weather conditions and crop management at PI relates to remotely
sensed indices.

5. Conclusions

The findings of the present study show that advanced canopy development in ponded
rice with respect to high-yielding aerobic rice leads to differences in canopy reflectance
(mainly in the NIR region) up to flowering when these differences are minimized. These
canopy reflectance variations led to having lower values of the SCCCI2, NDRE2, and Clg
indices in the aerobic than in the ponded rice even though yield was not reduced in the
non-ponded strategy.

This study validated the SCCCI2 model for N uptake estimates at panicle initiation
in a different variety, site, and growing seasons from the ones the model was developed.
The better performance of the SCCCI2 model in estimating N uptake in comparison with
single-vegetation-index models using other chlorophyll-sensitive vegetation indices and
the similar performance to that of a stepwise multiple linear regression model confirm the
suitability of the SCCCI2 for N uptake monitoring.

Moreover, this work suggests that grain milling quality parameters could potentially
be associated with N uptake at PI since all the chlorophyll-sensitive vegetation indices
tested here (SCCCI2, NDRE2, and Clg) were highly and similarly correlated with grain
milling quality parameters. Among the quality parameters assessed, the best correlation for
all the chlorophyll-sensitive indices was observed with the quality score, with the SCCCI2

providing the highest R2 (0.85). Further research is required to better understand how the
management of the crop at panicle initiation could affect the overall grain milling quality
score and how this relates to remotely sensed indices and weather conditions.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/rs17152598/s1, Figure S1: (a) Lineal-plateau significant relationship
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between NDRE2 and N uptake at PI using a data set from a previous study conducted in Australia
by Carracelas et al. [24], to determine the lineal response and threshold N uptake plateau. (b) Lineal
model parameters from the relationship between N uptake and NDRE2 up to the reported N uptake
plateau threshold value of 166 ± 6.3 kg N uptake ha−1.
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Abstract

This study presents a comprehensive review and comparative analysis of traditional ma-
chine learning (ML) and deep learning (DL) models for land cover classification in agri-
cultural remote sensing. We evaluate the reported successes, trade-offs, and performance
metrics of ML and DL models across diverse agricultural contexts. Building on this founda-
tion, we apply both model types to the specific case of almond crop field identification in
California’s Central Valley using Landsat data. DL models, including U-Net, MANet, and
DeepLabv3+, achieve high accuracy rates of 97.3% to 97.5%, yet our findings demonstrate
that conventional ML models—such as Decision Tree, K-Nearest Neighbor, and Random
Forest—can reach comparable accuracies of 96.6% to 96.8%. Importantly, the ML models
were developed using data from a single year, while DL models required extensive training
data spanning 2008 to 2022. Our results highlight that traditional ML models offer robust
classification performance with substantially lower computational demands, making them
especially valuable in resource-constrained settings. This paper underscores the need for
a balanced approach in model selection—one that weighs accuracy alongside efficiency.
The findings contribute actionable insights for agricultural land cover mapping and inform
ongoing model development in the geospatial sciences.

Keywords: agriculture; land cover classification; segmentation; California central valley;
computational efficiency; temporal analysis

1. Introduction

The agricultural sector has been a cornerstone of human civilization, providing essen-
tial resources such as food, raw materials, and employment [1]. It is a vital economic engine
that sustains both local communities and broader economies, especially in regions where
agriculture is the predominant activity [2]. However, the role of agriculture is increasingly
under pressure due to global challenges such as climate change, water scarcity, and the
need for sustainable resource management [3,4]). These pressures highlight the importance
of optimizing agricultural practices and ensuring efficient resource allocation to secure
food production in the face of growing uncertainties [5].

In this context, almond production in California’s Central Valley stands out as a
critical component of the state’s agricultural landscape. California produces over 80% of
the world’s almonds, with the Central Valley playing a pivotal role due to its favorable
climate and extensive irrigation infrastructure [6]). This region is responsible for more
than half of the United States’ fruits, vegetables, and nuts, making it one of the most

Remote Sens. 2025, 17, 2670 https://doi.org/10.3390/rs17152670
109



Remote Sens. 2025, 17, 2670

productive agricultural areas globally [7,8]. Almonds, in particular, represent a significant
share of the state’s agricultural output, contributing over 10% to the overall agricultural
income [9]. Given this, accurately monitoring and managing almond crop areas is essential
for sustaining production levels, ensuring resource efficiency, and addressing the growing
challenges posed by climate variability and extreme weather events.

Recent expansion of almond and other perennial crop acreage in California’s Central
Valley has attracted significant attention for its intensive reliance on groundwater, especially
during extended droughts [10]. Remote sensing studies have indicated a shift towards nut
crops such as almonds between 2007 and 2016, coinciding with increased groundwater
pumping [11]. Independent research has also linked this agricultural intensification to sub-
stantial declines in groundwater levels and related environmental concerns [12]. Persistent
groundwater overdraft has led to land subsidence, loss of aquifer storage, and deterio-
rating water quality, which carry significant implications for the sustainability of almond
cultivation in this region [13,14]. Against this backdrop, improved spatial monitoring of
almond acreage via remote sensing provides essential tools for informing sustainable water
management and policy responses in the Central Valley.

Remote sensing technology has emerged as a powerful tool in this endeavor, offering
the ability to monitor crops over large areas with high temporal and spatial resolution [15].
The use of satellite-based remote sensing, in particular, has revolutionized agricultural
monitoring by providing continuous data that can be used to assess crop health, estimate
yields, and detect changes in land cover [16–18]. Among these technologies, Landsat data
has proven to be especially valuable due to its extensive temporal coverage and ability to
capture detailed spectral information [19,20]. With this rich dataset, the classification of
crops such as almonds has become increasingly feasible, enabling more accurate predictions
of crop extent and health [21,22]. However, the challenge remains in selecting the most
effective models for processing these vast datasets.

Machine learning (ML) and deep learning (DL) techniques have shown great promise
in remote sensing applications, including land cover classification [23]. ML algorithms, such
as Random Forest (RF) and Support Vector Machines (SVMs), have been widely used for
crop classification due to their ability to handle large datasets and produce accurate results
with relatively low computational costs [24–26]. These models rely on labeled training data
and use statistical methods to identify patterns within the data, making them well-suited for
applications where data availability is constrained [27,28]). In contrast, DL models, which
utilize complex neural networks with multiple layers, have demonstrated exceptional
performance in handling high-dimensional datasets, such as multi-spectral imagery from
satellite sensors [29]. DL techniques like Convolutional Neural Networks (CNNs) and
more advanced architectures such as U-Net and DeepLabv3+ can automatically extract
features from raw data, often yielding higher classification accuracies than traditional ML
models [30].

While DL models offer superior accuracy, they come with significantly higher com-
putational demands and require large amounts of labeled training data, often spanning
multiple years, to perform optimally [31,32]. This difference in resource requirements
highlights a crucial trade-off between accuracy and efficiency. In resource-limited scenarios,
where computational power, time, and data availability may be constrained, conventional
ML models present a compelling alternative to more complex DL methods [33,34]. This
study aims to explore these trade-offs in the context of almond crop classification in Cali-
fornia’s Central Valley. Given the critical importance of almond production in California’s
agricultural landscape, this study aims to leverage the power of remote sensing technology
alongside both traditional ML and DL models to enhance the identification and monitoring
of almond crop locations. The primary objective is not only to achieve high classification
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accuracy but also to evaluate the trade-offs between computational efficiency and precision.
By comparing the performance of predictive models developed from Landsat data, this
research seeks to offer practical insights into optimizing resource allocation, improving
sustainability practices, and informing policy decisions related to agricultural management.

Building upon previous research, this study addresses two central research questions:
(1) How accurately can remote sensing technologies, when paired with conventional
ML and DL models, classify almond crop locations in California’s Central Valley? (2)
What are the comparative benefits of using ML models versus DL models, particularly in
resource-constrained environments where computational efficiency is critical? In alignment
with these questions, the research posits the following hypotheses: (1) Remote sensing
technologies, combined with ML and DL methods, will significantly improve the accuracy
of almond crop classification. (2) While DL models may provide slightly higher predictive
accuracy due to their complex architectures, conventional ML models will prove to be more
efficient in terms of computational costs and time, offering a competitive alternative in
scenarios where resources are limited. The novelty of this study lies in its comprehensive
evaluation of both ML and DL models for almond crop classification, with a specific focus
on balancing accuracy with efficiency. By incorporating historical data and employing
advanced DL architectures, alongside more resource-friendly ML models, this research
provides a rigorous performance comparison that has direct implications for agricultural
sustainability.

2. Methods

2.1. Study Area

The Central Valley of California is situated between the Sierra Nevada to the east and
the littoral mountain range to the west (Figure 1). It contains approximately 6.5 million
inhabitants [35]. In the broad, alluvial-filled structural trough, more than 250 distinct
crops are grown with an estimated annual value of more than USD 20 billion [36]. The
Central Valley experiences a Mediterranean climate, characterized by most of its rainfall
occurring from November to March [37]. The climate experiences very little precipitation
during late winter, summer, and early fall, which results in an irrigated area of 52,000 km2,
being among the largest irrigated regions globally [38,39]. The Central Valley consists of
three distinct regions: The San Joaquin Valley in the central area, the Sacramento Valley
in the northern part, and the semi-arid Tulare Basin in the southernmost section. The
region features a coastal range with significant coastal urban areas to the west, Shasta
National Forest in the north, Sierra Nevada Mountains to the east, and Mojave Desert to
the southeast, all of which define the Central Valley [37] (Figure 1).
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Figure 1. The location of the study area with (a) a map of California’s Central Valley, highlighted in
light blue, showing all counties within the study boundary used for almond crop classification, and
(b) a locator map of the continental United States, indicating the geographic location of the Central
Valley within the national context.
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2.2. Data Input
2.2.1. Satellite Image Data

Landsat imagery from 2008 to 2022 was used in this study, and three spectral bands
were selected based on their high discriminatory power for vegetation analysis (https://
gisgeography.com/landsat-8-bands-combinations/ accessed on 26 July 2025). The chosen
band combination—SWIR1, NIR, and a visible band (either red or blue depending on the
Landsat generation)—was employed due to its proven effectiveness in capturing vegetation
health dynamics (Table 1). The Near-Infrared (NIR) region, spanning approximately 0.7
to 1.3 μm, has consistently been identified as optimal for crop monitoring because of the
strong absorption of visible light by chlorophyll and the substantial reflectance of NIR
radiation by healthy plant foliage. Additionally, Shortwave Infrared (SWIR1) is sensitive to
vegetation water content, while visible bands contribute to detecting plant pigments and
overall canopy condition (https://eos.com/make-an-analysis/agriculture-band/ accessed
on 26 July 2025).

Table 1. Landsat data obtained for each year of the analysis, indicating the Landsat sensor, image
date, and bands extracted. All images have a pixel size of 30 m by 30 m.

Satellite Date
Bands Extracted—Bandnumber, Name,

Wavelength & Resolution

Landsat 5 2008–2009
Band 3 Visible Red (0.63–0.69 μm) 30 m

Band 4 Near-Infrared (0.76–0.90 μm) 30 m
Band 5 Near-Infrared (1.55–1.75 μm) 30 m

Landsat 7 2012
Band 3 Red (0.63–0.69 μm) 30 m

Band 4 Near-Infrared (0.77–0.90 μm) 30 m
Band 5 Short-Wave Infrared (1.55–1.75 μm) 30 m

Landsat 8–9 2013–2022 Band 2—Blue (0.45–0.51 μm) 30 m; Band 5—Near-Infrared (0.85–0.88
μm) 30 m; Band 6—SWIR1 (1.57–1.65 μm) 30 m

For each year between 2008 and 2022, a single Landsat scene was selected within
the July–August window to coincide with the almond canopy’s mature and spectrally
stable phase. This mid-season acquisition strategy minimized phenological variability
and ensured consistent image quality across years. To maintain spectral coherence across
Landsat generations, a common set of three bands was utilized based on their proven
relevance in vegetation analysis. For Landsat 8, the selected bands included Band 6 (SWIR1:
1.57–1.65 μm), Band 5 (NIR: 0.85–0.88 μm), and Band 2 (Blue: 0.45–0.51 μm). For Landsat
7, Band 5 (SWIR1: 1.55–1.75 μm), Band 4 (NIR: 0.77–0.90 μm), and Band 3 (Red: 0.63–0.69
μm) were employed, while the same configuration was adopted for Landsat 5, with Band 5
(SWIR1: 1.55–1.75 μm), Band 4 (NIR: 0.76–0.90 μm), and Band 3 (Red: 0.63–0.69 μm). This
consistent band selection across sensors was instrumental in enhancing the detection of
vegetation vigor and crop structural attributes throughout the temporal scope of the study.

To ensure compatibility with PyTorch 2.0.0-based semantic segmentation architectures,
all satellite imagery was preprocessed into three-band RGB composites and converted into
an 8-bit unsigned integer format. This transformation was necessary as the majority of
pre-trained deep learning models in PyTorch are optimized for three-channel RGB inputs,
reflecting the structure of natural color images. Although Landsat data provide a wide
range of spectral bands and are commonly distributed in 16-bit format, direct use of all
bands would have required significant architectural modifications to the model, increased
computational demands, and potentially reduced training efficiency. Furthermore, the
use of all available spectral bands was intentionally avoided to mitigate risks of model
overfitting and to maintain computational tractability, particularly given the limited size
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and spatial coverage of the training dataset. Many Landsat bands are spectrally correlated,
and their inclusion can introduce redundancy without improving model performance.
Instead, this study employed a targeted band selection strategy focused on three bands:
Shortwave Infrared 1 (SWIR1), Near-Infrared (NIR), and one visible band (either red or
blue). This combination was selected based on its demonstrated effectiveness in prior
remote sensing studies for capturing vegetation characteristics such as chlorophyll concen-
tration, canopy structure, and moisture content—key parameters for land cover and crop
classification. To optimize the number of training samples and preserve spatial context, a
chip size of 64 × 64 pixels was adopted. This approach allowed efficient training and re-
duced memory requirements. Consequently, Landsat imagery acquired between 2008 and
2021 was standardized into 8-bit, three-band RGB chips for model training and validation.
Representative examples of these image chips are provided in Figure 2.

Figure 2. Sample Landsat image chips and corresponding almond masks used for model training.
Each pair shows a satellite image with a 5,4,3 as R,G,B color composite which highlights vegetation
as shades of green, bare soil as magenta, and urban as purple (left) and its binary classification
mask (right), where green denotes almond land cover and red indicates non-almond land cover
(background). The masks were derived from USDA Cropland Data Layer labels.

2.2.2. Crop Data for Almond Locations and Training

The USDA creates the Cropland Data Layer (CDL) annually for the continental US
using moderate resolution satellite imagery and extensive agricultural ground truth [40].
The crop-specific data layer is freely available online (Available at https://nassgeodata.
gmu.edu/CropScape/ accessed on 26 July 2025). The USDA Cropland Data Layer (CDL)
was selected for this study due to its standardized nationwide coverage, temporal con-
sistency, and seamless integration with remote sensing platforms such as Google Earth

114



Remote Sens. 2025, 17, 2670

Engine. Despite known regional limitations, its widespread use in academic research and
compatibility with national agricultural statistics make it a practical and reproducible
reference for multi-year crop classification. CDL data spanning from 2008 to 2021 were
obtained for training the DL models (Figure 3). These images served as the ground truth for
almond class identification. Additionally, a 2022 image (Figure 4) was used for validation
data collection for the DL-based approaches.

Figure 3. The annual Cropland Data Layer for almond for the study region for the 2008–2021 period
for use as training data for the DL classifiers in the study.

The training data utilized in the ML process were derived from the CDL data layers
for 2022. Two separate classes were designed, one for the almond class and the other for all
other classes. Polygons were created for both the almond and non-almond classes based
on the 2022 CDL data layer (Figure 4). In the context of ML, a single mask was employed
for this purpose. ML relies on fewer computational resources and less intricate models in
comparison to DL in this study. Shapefiles derived from past CDL layers were utilized to
create training data for ML models.
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Figure 4. Overview of 2022 Landsat imagery, derived almond field classification, and training data
polygons for machine learning model development in California’s Central Valley. (a) False-color
Landsat mosaic of the Central Valley study area. (b) Spatial distribution of almond fields in 2022
as extracted from the classification. (c) Locations of training polygons used for machine learning
models, with pink indicating almond class and green indicating all other land cover.

In the context of ML, the training data utilized consisted exclusively of the produced
CDL data layers from the year 2022, while the input for the ML models involved the
Landsat image of the same year. Conversely, for DL, the training phase incorporated CDL
data layers spanning the years 2008 to 2021, with the year 2022 being reserved for validation
purposes. In summary, our approach involved utilizing a single image as input for the ML
models, while for the DL models, we employed a dataset consisting of images spanning the
years 2008 to 2021 for training purposes. We aim to evaluate the performance of ML models
in scenarios when the available data is limited, in comparison to DL methodologies, and
when there is a desire to conserve computational resources and minimize time expenditure
for the research. In the discussion we will also consider these data requirements in the
model comparison as the DL model requires a significant increase in data inputs compared
to the ML models.

2.3. Model Selection and Setup

A frequent occurrence in ML and DL models is overfitting, which occurs when the
model performs admirably on the training data but inadequately on validation or un-
observed data. To combat overfitting, a variety of techniques and strategies have been
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implemented. We augmented the dimensions of the training dataset to acquire a more
comprehensive understanding of the issue at hand. The DL processors were designed with
dimensions of 64 × 64 in order to optimize the chip count, which is approximately 6610 in
total. Additionally, a DL model utilizing the Resnet-50 architecture was implemented to
increase the intricacy of the model (Table 2). Data augmentation methods that generate
variants of the training data using random operations (such as rotation, inversion, and
cropping) were also implemented. This effectively expands the training dataset, thereby
enhancing the model’s ability to generalize. Finally, experiments were conducted involving
various hyperparameters, including the learning rate, sample size, and epoch count to
determine the optimal configurations that strike a balance between training accuracy and
model complexity.

Table 2. Hyperparameters of machine learning and deep learning models.

Models Hyperparameters

Deep Learning (General Structure)

ENCODER = “resnet50”
ENCODER_WEIGHTS = ‘imagenet’
CLASSES = [“Almond”]
ACTIVATION = ‘sigmoid’
DEVICE = ‘cuda’
Epoch = 150
chip_size = 64, stride_x = 8, stride_y = 8, crop =
12, n_channels = 3

Linear Regression (LR) LinearRegression ()

Logistic Regression (LGR) LogisticRegression ()

Decision Tree (DT) DecisionTreeClassifier ()

Gaussian Mixture Model (GMM) GaussianMixture (n_components = 3)

Gradient Boosting (GB) GradientBoostingClassifier (n_estimators = 100,
learning_rate = 0.1, max_depth = 3)

K-Means Clustering (K-Means) KMeans (n_clusters = 100)

K-Nearest Neighbors (KNN) KNeighborsClassifier (n_neighbors = 3)

Multi-Layer Perceptron (MLP)

MLPClassifier (hidden_layer_sizes = (150, 100,
50),
max_iter = 100, activation = ‘relu’,
solver = ‘adam’)

Naive Bayes (NB) MultinomialNB ()

Support Vector Machine (SVM) SVC (C = 1.0, kernel = ‘rbf’, gamma = ‘scale’)

Extreme Gradient Boosting (XGB)

params = {
‘max_depth’: 3,
‘learning_rate’: 0.1,
‘n_estimators’: 50
}
XGBClassifier(** params, tree_method =
‘gpu_hist’, predictor = ‘gpu_predictor’, gpu_id
= 1)

Random Forest (RF) RandomForestClassifier (n_estimators = 500,
oob_score = True, verbose = 1)

Note: SVC = Support Vector Classifier; rbf = Radial Basis Function; stride_x / stride_y = patch stride in pixels;
n_channels = number of input channels; n_components = number of Gaussian components; n_clusters = number
of clusters; n_neighbors = number of neighbors; n_estimators = number of trees; gpu_hist = GPU-accelerated
histogram algorithm; gpu_predictor = GPU-based prediction; gpu_id = GPU identifier; oob_score = out-of-bag
validation; ** params = Python syntax for keyword arguments from a dictionary.
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2.3.1. ML Models

In the comparative analysis of ML and DL models for large-scale agricultural land
cover classification, we evaluated a diverse set of ML algorithms, focusing specifically on
almond crop classification using 2022 imagery and training data from the CDL layers. The
ML models included in this study are Linear Regression, Logistic Regression, Naive Bayes,
Gaussian Mixture Model, K-Nearest Neighbors, Decision Trees, Random Forest, Gradient
Boosting, XGBoost, and Multi-Layer Perceptron.

Linear Regression is a simple predictive model, but its limitations in capturing non-
linear relationships restrict its performance in complex applications [41,42]. Logistic Re-
gression extends this by modeling binary outcomes [43,44], while Naive Bayes, despite its
assumption of feature independence, performs well in image classification tasks [45,46].
Support Vector Machines (SVMs) are particularly effective with small training datasets
and excel in classification accuracy [47,48], while K-Nearest Neighbors (KNN) relies on
proximity-based classification and is straightforward to implement [49]. K-Means, an unsu-
pervised method, is frequently employed for clustering [50]. The Gaussian Mixture Model
(GMM) offers probabilistic clustering by combining Gaussian distributions [51]. Decision
Trees (DTs) are highly interpretable models used in classification tasks [52], and Random
Forest (RF) enhances DT by aggregating multiple trees to reduce overfitting and improve
predictive accuracy [53]. Gradient Boosting (GB) and XGBoost (XGB), both ensemble learn-
ing methods, iteratively improve prediction by minimizing loss functions [54,55]. Finally,
Multi-Layer Perceptron (MLP), a type of neural network, captures non-linear relationships
through its multiple layers [56].

2.3.2. DL Models

In this study, we employed a variety of DL models for almond crop classification,
trained using CDL data from 2008 to 2021. The models include UNet, UNet++, Multi-Scale
Attention Network, LinkNet, Feature Pyramid Network, Pyramid Scene Parsing Network,
DeepLabv3, and DeepLabv3+. These models were trained using ResNet-50 and ResNet-
18 backbones, leveraging pre-trained ImageNet weights for transfer learning to enhance
performance in agricultural image classification.

U-Net, a popular segmentation model, utilizes an encoder–decoder structure with
skip connections to maintain high segmentation accuracy, particularly for tasks with
limited training data [57,58]. UNet++ extends this by incorporating densely connected
sub-networks to improve feature extraction across multiple scales [59,60]. The Multi-Scale
Attention Network (MANet) focuses on efficiently segmenting high-resolution images by
utilizing attention mechanisms to highlight critical features while suppressing irrelevant
data [61,62]. Similarly, LinkNet modifies UNet’s structure with residual connections,
enhancing computational efficiency without sacrificing accuracy [63]. Feature Pyramid
Network (FPN) addresses multiscale object detection by leveraging a pyramid structure
that combines high-level semantic features with low-level spatial features, improving
scale invariance [64,65]. Pyramid Scene Parsing Network (PSPNet) further enhances
segmentation by pooling contextual information from multiple scales, allowing for better
pixel classification across diverse regions [66,67]. DeepLabv3 and DeepLabv3+ use Atrous
Spatial Pyramid Pooling (ASPP) to capture multi-scale context while maintaining high-
resolution feature maps, which are particularly useful for segmenting objects at varying
scales [68]. DeepLabv3+ improves upon its predecessor by incorporating an explicit
decoder module to better capture fine-grained details, especially at object boundaries [69].
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2.3.3. Computing Requirements for Analysis and Available Resources

The computational demands of land use and land cover (LULC) classification, such
as almond crop classification using Landsat data, vary significantly between ML and DL
methods. ML models like DT, RF, and SVM typically rely on structured, well-labeled
datasets with features extracted from spectral bands (e.g., Landsat Bands 1–7) or vegetation
indices (e.g., NDVI and SAVI). While these models are relatively computationally efficient
compared to DL, they still require considerable processing power during feature selection,
hyperparameter tuning, and training on large datasets, like Landsat imagery, which spans
vast geographic areas with 30-m spatial resolution [70,71]. CPU-based systems can handle
these tasks, though cloud computing platforms can further optimize both processing and
storage needs [72]. In contrast, DL models, such as CNNs, demand substantially more com-
putational resources due to their ability to integrate both spectral and spatial features for
more detailed analysis. For LULC tasks like almond crop classification, DL models benefit
from large, multi-temporal datasets to capture crop growth cycles and patterns, requiring
significant processing power [70,73]. The heavy computational burden of DL arises from its
use of neural network layers, with numerous parameters requiring iterative optimization
during training. This typically necessitates high-performance GPUs or custom hardware
like TPUs to expedite training and inference [74,75]. To ensure accuracy, DL models often
require extensive preprocessing steps, including normalization and data augmentation [73].
When incorporating temporal Landsat data to monitor seasonal changes, cloud platforms
such as Google Earth Engine (GEE) are crucial, offering access to large satellite archives and
the necessary processing capabilities for both ML and DL tasks. However, the high com-
putational demands of DL can lead to increased cloud costs, particularly with large-scale
training that requires hyperparameter tuning and cross-validation [76].

2.3.4. Accuracy Assessment of ML and DL Models

In order to precisely evaluate the performance of the models, many metrics and
methodologies are utilized which are related to the type of problem at hand, i.e., image
classification. These commonly used accuracy assessments are precision, recall (sensitivity),
F1-score, and overall accuracy.

Precision: Simply put, precision is the quotient obtained by dividing the number
of accurately predicted positive cases by the total number of occurrences predicted as
positive [77]

Precision = True Positives/(True Positives + False Positives)

The term “precision” is commonly described as the extent to which an individual’s
score achieved on one occasion is replicated on a subsequent occasion, a concept also
known as test–retest reliability in classical language [78]. The metric evaluates the classi-
fier’s capacity to accurately detect positive examples within its set of predicted positive
occurrences. The measure is frequently employed in image classification and other classifi-
cation applications. The metric under consideration measures the precision of a classifier’s
positive predictions, specifically in the context of object identification in images, by com-
paring them to the overall number of positive predictions made. Precision is a term that is
used to describe the level of accuracy or exactness in a measurement or calculation.

Recall: This refers to the proportion of accurately anticipated positive instances com-
pared to the overall number of actual positive instances [79].

Recall = True Positives/(True Positives + False Negatives)
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Recall, alternatively referred to as sensitivity or True Positive Rate, holds significant
importance as a performance statistic within the realm of image classification and various
other classification endeavors. The metric assesses the classifier’s capacity to accurately
identify all pertinent instances, namely the ratio of correctly identified positive examples
(e.g., items of interest) to the total number of actual positive instances, as determined by the
model. Here, the metric denotes the proportion of almond pixels that have been correctly
classified among the entire set of almond pixels.

F1-score: This represents the harmonic mean of precision and recall.

F1 = 2 × ((Precision × Recall)/(Precision + Recall))

The F1-score is usually used for the optimization of a model towards either precision
or recall [80]. The F1-score assesses feature discrimination against target groups statistically.
It generates a feature’s score by comparing sample mean variation to sample variation [81].

Overall Accuracy: Accuracy is a metric used to assess the correctness of a model. It
is calculated as the ratio of the number of pixels that are accurately classified to the total
number of testing pixels.

Overall Accuracy = (TP + TN)/(TP + TN + FP + FN)

In image classification, true positives (TPs) are the number of correctly predicted
positive instances. In the context of image classification, this means the number of pixels
correctly classified as the target class. True Negatives (TN) refer to the count of accurately
predicted negative instances. In the specific domain of image classification, this pertains to
the quantity of pixels accurately identified as belonging to the non-target category. False
positives (FP) are the number of instances that were incorrectly predicted as positive. In
image classification, these are the pixels that were predicted to belong to the target class
but do not. False negatives (FN) refer to situations that have been inaccurately classified as
negative when they should have been classified as positive. Within the context of image
classification, the term “misclassified pixels” refers to those pixels that are erroneously
categorized as not belonging to the intended target class. The macro technique is employed
to calculate Macro-Precision, Macro-Recall, and Macro-F1-score. The macro technique
computes the arithmetic mean for many types of indicators [82].

3. Results

3.1. ML Model Performance

A predicted almond classification was created for 2022 for each model used (Figure 5).
In addition, in the table provided (Table 3), we can observe the performance metrics
of different ML models on almond classification using our 2022 Landsat image. The
performance metrics reported are precision, recall, F1-score, and overall accuracy. Looking
individually at each model in terms of these four metrics, we can compare models.

Linear Regression (LR) has moderate precision and recall values compared to other
models. Its overall accuracy is better than the GMM but lower than the ensemble and
tree-based models. LGR’s performance is similar to LR but with slightly lower overall
accuracy. KNN has similar precision, recall, and F1-score to the DT and GB models but
slightly lower recall. Its overall accuracy is slightly higher than GB but lower than DT. The
KM model exhibits inferior overall accuracy, precision, recall, and F1-score in comparison
to the other models. The GMM exhibits the lowest overall accuracy. GMM has the lowest
precision but the highest recall, suggesting it identifies most of the positive cases but with
a high false positive rate. NB has a decent recall but lower precision, indicating a higher
number of false positives. It has the second lowest overall accuracy. MLP’s performance
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metrics are close to those of KNN but with a slightly lower recall. The SVM algorithm has
superior performance in terms of overall accuracy. However, it exhibits the lowest scores in
terms of F1-score and recall. Furthermore, in terms of precision, the score of the mentioned
model is higher than that of K-Means but lower than all other models (Table 3).

Figure 5. A comparison of the predicted almond class location for 2022 for each of the twelve machine
learning models used relative to the actual almond class location from the Cropland Data Layer
product.

Table 3. Accuracy assessment results of the twelve different ML models for almond classification for
the 2022 Landsat image. The highest model scores in each category are bolded.

ML Model Precision Recall F1-Score
Overall

Accuracy

Linear Regression—LR 0.63 0.66 0.65 95.647

Logistic Regression—LGR 0.65 0.72 0.68 95.546

K-Nearest Neighbor—KNN 0.70 0.72 0.71 96.662

K-Means
Clustering—K-Means 0.59 0.67 0.62 94.145

Gaussian Mixture
Model—GMM 0.62 0.90 0.67 92.209

Naive Bayesian—NB 0.65 0.77 0.69 95.264

Support Vector
Machine—SVM 0.61 0.58 0.59 96.100

Decision Tree—DT 0.70 0.74 0.72 96.650

Random Forest—RF 0.71 0.73 0.72 96.798

Gradient Boosting—GB 0.70 0.74 0.72 96.615

Extreme Gradient
Boosting—XGB 0.67 0.74 0.69 95.93

Multiple Layer
Perceptron—MLP 0.70 0.73 0.71 96.632

DT’s overall accuracy is the highest compared to all the models, except for RF and
KNN. It has moderate precision, recall, and F1-score compared to others. The RF model
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achieves the highest overall accuracy among all the models. It has the highest precision
and a comparable recall and F1-score to the top-performing models. GB shows nearly
identical performance to DT in terms of precision, recall, and F1-score but has slightly
less overall accuracy than the DT model. EGB has moderate precision and recall, with
an F1-score and overall accuracy that are decent but not the best among the models. In
summary, if your primary concern is high overall accuracy, the RF model seems to be the
best choice, followed closely by the DT and KNN models. The MLP model exhibits the
highest precision among the three models considered. However, when considering recall,
F1-score, and total accuracy, the MLP model demonstrates outstanding performance but
does not achieve the top score. However, if you are looking for a model with a high recall
(identifying most of the true positive cases), the GMM would be the best despite its lower
overall accuracy (Table 3).

3.2. DL Model Performance

A predicted almond classification was created for 2022 for each DL model used
(Figure 6). The spatial results shown for the DL models (Figure 6) are much more consistent
than those shown for the ML models (Figure 5), which varied more in terms of area of
almonds predicted, as well as in locations. In addition, in the table provided (Table 4), we
can observe the performance metrics of all the different DL models on almond classification.
The performance metrics reported are precision, recall, F1-score, and overall accuracy.
Looking individually at each model in terms of these four metrics, we can compare models
(Table 4).

Table 4. Accuracy assessment results of the different DL models for almond classification for the 2022
Landsat image. The highest model scores in each category are bolded.

Year Precision Recall F1-Score
Overall

Accuracy

U-Net 0.79 0.66 0.70 97.465

UNet++ 0.79 0.62 0.66 97.394

MANet 0.78 0.62 0.67 97.338

LinkNet 0.80 0.64 0.69 97.455

FPN 0.80 0.61 0.66 97.422

PSPNet 0.80 0.60 0.65 97.404

DeepLabv3 0.79 0.62 0.66 97.380

DeepLabv3+ 0.80 0.66 0.70 97.502

U-Net’s overall accuracy was the highest among all models except for DeepLav3+. Its
precision score was on par with many other models but lower than Linknet, FPN, PSPNet,
and DeepLabv3+. It had relatively low recall, and it was higher only when compared to
UNet++, MANet, and DeepLav3. Its F1-score was in mid-range, with three models scoring
lower and four models scoring higher. UNet++ had moderately high overall accuracy, but
it was smaller than UNet. Its precision was equal to U-Net and DeepLav3 but lower than
several other models, and it had one of the lowest recall scores and was only higher than
PSPNet. Its F1-score was in the lower mid-range and only higher than that of PSPNet.
MANet’s overall accuracy was the lowest among all the models, albeit marginally. Its
precision was slightly lower than most other models, and its recall was equal to UNet++
and DeepLabv3 but lower than others. It had a mid-range F1-score, with three models
scoring lower and four models scoring higher. LinkNet had a high overall accuracy, very
close to the top-performing models. Its precisions score it was the highest, tied with FPN,
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PSPnet, and DeepLabv3+. Recall was in the mid-range, higher than UNet++, MANet, FPN,
PSPNet, and DeepLabv3, and its F1-score was in the higher mid-range, with only UNet and
DeepLabv3+ scoring higher. FPN had an overall accuracy that was high, only slightly lower
than LinkNet. Its precision score was also one of the highest, tied with LinkNet, PSPNet,
and DeepLabV3+. Its recall score was in the lower mid-range, higher only than PSPNet,
and its F1-score was also in the lower mid-range, higher than only PSPNet. PSPNet had
an overall accuracy in the mid-range, higher than MANet and DeepLabv3 but lower than
others. Its precision was among the highest, tied with LinkNet, FPN, and DeepLabv3+.
However, its recall and F1-score were the lowest among all models. DeepLav3 had a mid-
range overall accuracy, higher than MANet and PSPNet but lower than others. Its precision
was equal to U-Net and UNet++ but lower than others. Recall scores were in the lower
mid-range, only higher than UNet++, MANet, and PSPNet, and the F1-score was similarly
in the lower mid-range, higher than only UNet++ and PSPNet. Finally, DeepLabv3+ had
the highest overall accuracy among all the models, suggesting it classified the highest
percentage of instances correctly. In addition, this model tied for the highest precision,
indicating that it had the highest percentage of correct positive predictions and had the
highest recall score, tied with U-Net, suggesting that it identified the highest proportion of
actual positives correctly. This model also tied for the highest F1-score with U-Net, showing
that it had the best balance between precision and recall. From these results (Table 4), it
appears that the DeepLabv3+ model is the top performer in almond classification based on
the 2022 Landsat image, with the highest overall accuracy and the best or tied best scores
in all other metrics. LinkNet also performed notably well, especially in terms of precision,
which was the highest and tied with others. It is essential to note that all models have
achieved high overall accuracy above 97%, indicating a generally successful classification
outcome across all methodologies. Moreover, the selection of the most appropriate model
may depend on whether precision or recall is prioritized, as this decision should align with
the specific objectives and constraints of the study.

Looking at the results spatially (Figures 7 and 8), as well as through the accuracy
assessment results (Tables 3 and 4), we can better evaluate the model performance for both
the ML and DL models. In Figure 7, we present the outcomes of different ML modeling
approaches applied to the classification of almond crops in our study area for the year 2022.
The spatial analyst feature from ArcGIS Pro was utilized to contrast predicted almond
locations against ground truth data for the Cropland Data Layer product. The maps are
distinguished by a color scheme that indicates the accuracy of each model’s predictions:
green areas represent true positives where the model correctly identified the presence of
almond crops, magenta areas denote false positives where almond presence was incorrectly
predicted, and blue areas represent false negatives where the model failed to detect actual
almond crops (Figures 7 and 8). The visual analysis of the classified images indicates
that models RF, XGB, and MLP demonstrate a more accurate prediction with the highest
proportion of correct matches (green areas). Conversely, models like KNN, K-Means, and
GMM show a substantial number of false positives (magenta), indicating overestimation of
almond presence. Linear Regression (LR) and Logistic Regression (LGR) models, despite
their simplicity, demonstrated a higher incidence of false negatives (highlighted in blue),
indicating a tendency to overlook actual almond crop areas. In Figure 8, the performance
of the DL models in the classification of almond crops for the year 2022 are mapped. The
visual representation of the classification outcomes reveals a nuanced view of each model’s
predictive capabilities. Models such as UNet++, PSPNet, and MANet exhibit a considerable
overlap of green and magenta areas. This suggests that while these models are adept at
identifying almond crops, there is also a tendency to overestimate their presence, resulting
in a higher rate of false positives. Conversely, models like LinkNet and FPN are marked by
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extensive blue areas, indicating a higher rate of false negatives, where they have missed
detecting actual almond crops. Notably, DeepLabv3 and DeepLabv3+ appear to strike a
balance in prediction accuracy. The interspersion of green, magenta, and blue suggests that
these models achieve an equilibrium between precision and recall, reducing the likelihood
of both false positives and false negatives.

Figure 6. A comparison of the predicted almond class location for 2022 for each of the eight deep
learning models used relative to the actual almond class location from the Cropland Data Layer
product. Precision or recall should be prioritized depending on the specific requirements of your
project.

Figure 7. A comparison of the classified image for 2022 for almonds across the study area as a
function of the different machine learning models used. Green: Correct predictions where the model
identified almond crops that are indeed present (true positives). Magenta: Incorrect predictions
where the model identified almond crops that are not actually present (false positives). Blue: Missed
predictions where the model failed to identify actual almond crops (false negatives).
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Figure 8. A comparison of the classified image for 2022 for almonds across the study area as a
function of the different deep learning models used. Green: Correct predictions where the model
identified almond crops that are indeed present (true positives). Magenta: Incorrect predictions
where the model identified almond crops that are not actually present (false positives). Blue: Missed
predictions where the model failed to identify actual almond crops (false negatives).

Using the RF model, due to the analysis highlighting its usefulness in this study, a
change analysis can be conducted to look at almond crop coverage across the study area
from 2008, to 2015, to 2022. The model results (Figure 9; Table 5) highlight the significant
expansion of almonds as a crop between 2008 and 2015 and a more stable landscape
afterward.

Table 5. Performance metrics of Random Forest model for different years.

Random
Forest

Precision Recall F1-Score
Overall

Accuracy

2008 0.72 0.60 0.63 98.634

2015 0.69 0.80 0.73 97.158

2022 0.71 0.73 0.72 96.798
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Figure 9. Random Forest model predictions of almond crop distribution in California’s Central Valley
for the Years 2008, 2015, and 2022, highlighting the expansion of almond coverage over time.

4. Discussion

Based on this evaluation and comparison of modeling approaches within agricultural
land cover classification analyses, it was determined that the RF model was the most
accurate and efficient of all the ML and DL models tested. In applying our top-performing
RF ML model to the task of change in almond production across our study area over the
past 25 years, we saw that much of the expansion in almond crops occurred between 2008
and 2015, with smaller changes (both into and out of almond) occurring since 2015. This
peak in almond production is reflected across the study area from the CDL data (Figure 3),
and this analysis with the RF model allows us to extend the known locations of almonds
to 2022 as a prediction. Continued extensive almond production has implications for the
environment, specifically the increase in water usage, as reflected by the increased area,
and the continued and maintained almond area, meaning a continued use of irrigation in
this landscape. Given the recent droughts and extensive fires related to these droughts,
as well as a drop in the water table across California (due to both long-term drought and
increased water use for irrigation), these implications and the use of such mapping studies
are of real importance for resource management [36,83–87].

We analyzed and compared the performance of a variety of ML and DL models in
the task of almond classification based on Landsat images from 2022 (Figures 5–8; Tables 3
and 4). The metrics of focus in our analysis encompassed precision, recall, F1-score, and
overall accuracy, each of which paints a distinct picture of the models’ capabilities and
efficiency in classifying agricultural crops accurately. Upon reviewing the assessment
results of the different ML models (Table 3), we found a closely contested field with RF
slightly edging out others in terms of overall accuracy (96.798%), followed very closely by
KNN (96.662%) and MLP (96.632%). These top performers exhibit a balance in precision,
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recall, and F1-score, signaling robust performance across different facets of the classification
task. In contrast, the GMM lags noticeably with an overall accuracy of 92.209%, albeit
boasting the highest recall of 0.90. While this high recall indicates a proficient identification
of positive cases, the diminished precision and F1-score pinpoint a vulnerability in accu-
rately distinguishing negative cases, hence yielding a larger number of false positives. The
K-Means model demonstrated comparatively lower levels of overall accuracy, precision,
recall, and F1-score when compared to the alternative models.

Transitioning to DL models, DeepLabv3+ emerges as the most balanced model, se-
curing the highest overall accuracy (97.502%) alongside leading scores in precision and
recall (Table 4). It exhibits a profound adeptness in both identifying true positives and
avoiding false positives, thereby securing a high F1-score, which illustrates a well-rounded
performance. Despite trailing slightly, models like Unet and Linknet also demonstrate
commendable precision and overall accuracy, hinting at their proficient predictive capacity
in almond classification. The findings emphasize the efficacy and nuanced understanding
captured through the DL models as seen through high precision rates above 78% across all
models. Spatial patterns are also important to evaluate when juxtaposed with the outputs
of the ML models (Figure 7). The DL models’ maps (Figure 8) also reflect a more refined
ability to discern complex patterns within the data, which is characteristic of the deeper
architectural layers present in DL models. This advanced pattern recognition translates into
a higher rate of true positives and a reduction in both false positives and false negatives,
showcasing the DL models’ enhanced detection capabilities for almond crop classification
(Tables 3 and 4). The discussion of these findings in the broader context of agricultural
monitoring via remote sensing is significant. It underscores the necessity to weigh the
precision and computational demands of DL models against their classification accuracy. It
also raises the point that selecting the most appropriate model is crucial as it must align
with the specific requirements of the remote sensing task at hand.

In comparing the results of our research to those of other researchers, we can evaluate
if specific types of questions or analyses result in comparable findings. For example, several
studies have examined the accuracy of various ML models for image classification [88–
91]. These studies consistently indicate that the RF model exhibits superior accuracy
compared to other ML models. Our findings align with these results as we observed that
RF outperformed other ML models in terms of overall accuracy (Table 3). The findings
of Singh et al. (2022) [92] and Lamba et al. (2021) [93], who detected plant diseases, and
Feizizadeh et al. (2021) [94], who monitored land use/cover change, all of which used
comparative ML and DL approaches, are consistent with the results of RF when compared
to DL models. These studies demonstrated that DL models outperformed RF in terms of
performance. Furthermore, several studies, including those by Kirola et al. (2022) [95] and
Sujatha et al. (2021) [96], have successfully identified plant diseases through the utilization
of comparative ML and DL techniques. Their studies have shown that the RF algorithm
exhibits exceptional performance among ML algorithms. However, when compared to DL
models, RF tends to exhibit subpar performance, which is consistent with our own research
findings. In another comparative study conducted by Yao et al. (2022) [97] on on the
classification methodology of crops, it was observed that the RF model exhibited superior
performance compared to the DNN model when the RF model was integrated with the
DNN model. In general, our results support that DL models outperform traditional ML
models in this domain, although an individual researcher would need to evaluate if the
additional data needs are worth the slight increase in accuracy.

Despite the model output numbers and statistics, the evaluation and comparison
of ML versus DL model approaches must also consider other issues in its comparison.
When considering the identification of almond classes, the decision between using ML
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and DL entails a compromise between computational expenditure and accuracy. ML
techniques have the capability to yield findings that are reasonably precise while requiring
significantly less computer resources compared to DL approaches. Hence, in scenarios
where there are constraints on computational resources or a need for cost-effectiveness, ML
may be the more favorable option. In situations where achieving high levels of precision
and accuracy is of utmost importance, particularly when it is necessary to discern small
differences between various categories of almonds, the utilization of DL techniques can
be advantageous. In deciding between using ML and DL models, it is crucial to consider
the project’s distinct requirements and limitations while also striking a balance between
processing resources and the necessary level of accuracy. Overall, then, the choice between
using ML and DL for almond class identification depends on finding the right trade-
off between computational resources and desired accuracy [98]. ML offers cost-effective
solutions, while DL provides a powerful tool for achieving precision and handling complex
data. The decision should be tailored to the specific goals and constraints of the project
to strike an optimal balance between computational resources, budget, time constraints,
and the desired level of accuracy. This selection of the RF ML model in this final change
analysis was well validated by the findings of our research and the consideration of model
efficiency, time and resources available. This research highlighted the comparison on ML
and DL approaches and highlighted their usefulness within agricultural studies. Also of
importance is the discussion between ML and DL models, which is one found throughout
the literature on remote sensing applications [99].

As such, our experimental scope deliberately focused on established convolutional
networks (U-Net, MA-Net, and DeepLabv3+) and classical ML classifiers (RF, KNN, and
MLP) rather than emerging Transformer-based or hybrid architectures. While self-attention
models like Vision Transformer [100], Swin Transformer [101], and data-efficient variants
such as DeiT [102] have demonstrated state-of-the-art segmentation performance, they
typically require extensive pretraining on large, labeled datasets and substantial GPU
resources. Our Landsat-based dataset, though rich in spatial and temporal coverage,
remains moderate in size, and our computational environment aligns with the resource
profiles common in agricultural applications. By grounding our comparison in widely
adopted convolutional and ML methods, we ensure direct comparability with the broader
remote-sensing literature [88] and deliver reproducible insights that can immediately
inform resource-constrained precision-agriculture workflows.

Over the past decade, agricultural land cover classification has evolved from iso-
lated, single-model studies to dynamic, multi-source workflows that fuse optical, radar,
and thermal imagery with in situ sensor networks via cloud-native platforms such as
Google Earth Engine and Amazon SageMaker [103,104]. At the same time, high-resolution
CubeSat constellations and UAV systems now supply sub-meter imagery, enabling the
detection of fine-scale phenological changes and early stress indicators in cropping sys-
tems [105]. Looking ahead, hybrid frameworks that integrate deep-learning segmentation
with process-based crops and hydrological models promise near-real-time yield forecast-
ing and adaptive irrigation management [106]. Embedding these analytics into decision
support systems—with automated anomaly detection, optimized resource scheduling,
and risk-alert dashboards—will shift precision agriculture from retrospective mapping
to proactive, adaptive management. Finally, as edge computing and federated learning
enable privacy-preserving, distributed model updates, these platforms will become ever
more responsive to climate variability, resource constraints, and sustainability targets [107].

Accurate classification in agriculture is vital. Precise classification can improve yield
forecasts, refine harvest timing, and support sustainable farming by providing details on
crop health. It also enables targeted farming interventions, which can minimize resource
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waste and enhance environmentally friendly practices. In this context, the high accuracy
rates demonstrated by both ML and DL models in our study highlight their potential in
precision agriculture and suggest a move towards more data-driven precision farming
approaches. Our findings reveal considerable proficiency in both ML and DL models for
crop classification, with DL models, particularly DeepLabv3+, showing a slight edge in
accuracy for almond classification. This points to the significant capabilities of advanced
algorithms in this field and paves the way for their inclusion in agricultural practices.
Looking ahead, future research should examine the application of these models in real-
world settings, assessing their adaptability to the ever-changing agricultural environment
and various crop species. This will help advance agriculture into a future that benefits from
technological advancements while maintaining ecological sustainability.

5. Conclusions

In this study, we conducted a comprehensive comparison of twelve ML and eight
DL classifiers for almond orchard mapping using 2022 Landsat imagery and subsequently
deployed the top-performing RF model to quantify land cover change from 2008 to 2022.
Our results show that RF achieved an overall accuracy of 96.8%, closely rivaling the best DL
model, DeepLabv3+, which recorded 97.5% accuracy. The DL architectures—particularly
DeepLabv3+, U-Net, and LinkNet—demonstrated superior boundary delineation and
reduced misclassification of mixed pixels, whereas ML methods such as KNN and MLP
provided near-comparable performance with substantially lower computational and data
preprocessing demands.

Temporal analysis with the RF model revealed significant expansion of almond cover-
age from 2008 to 2022, with approximately 82% of almond expansion occurring between
2008 and 2015, after which net annual gains declined below 1%. These patterns align
closely with USDA CDL records and underscore the environmental implications of sus-
tained irrigation in California’s Central Valley amid prolonged drought and groundwater
depletion. Our use of medium-resolution, freely available Landsat data illustrates that
high-accuracy classification is attainable without the prohibitive costs associated with
very-high-resolution sensors or extensive GPU infrastructure.

Nevertheless, the study is constrained by the 30 m spatial resolution of the Landsat
imagery, which may underdetect small or recently established orchards, and by the exclu-
sion of emerging transformer-based and hybrid segmentation frameworks, models that
often require large pretraining datasets and advanced hardware. Future work will extend
this framework by integrating multisensor datasets (e.g., Sentinel-2 and SAR), evaluating
data-efficient transformer variants under moderate sample sizes, and coupling land cover
outputs with socio-economic and hydrological variables to enable real-time yield forecast-
ing and optimized water management strategies. Collectively, these efforts aim to advance
precision agriculture tools that balance predictive accuracy with operational feasibility in
resource-limited settings.
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Abstract

The advancement of Artificial Intelligence (AI) has significantly accelerated progress across
various research domains, with growing interest in plant science due to its substantial
economic potential. However, the integration of AI with digital vegetation analysis re-
mains underexplored, largely due to the absence of large-scale, real-world plant datasets,
which are crucial for advancing this field. To address this gap, we introduce the PP3D
dataset—a meticulously labeled collection of about 500 potted plants represented as 3D
point clouds, featuring fine-grained annotations for approximately 20 species. The PP3D
dataset provides 3D phenotypic data for about 20 plant species spanning model organ-
isms (e.g., Arabidopsis thaliana), potted plants (e.g., Foliage plants, Flowering plants), and
horticultural plants (e.g., Solanum lycopersicum), covering most of the common important
plant species. Leveraging this dataset, we propose the panoptic plant recognition task,
which combines semantic segmentation (stems and leaves) with leaf instance segmenta-
tion. To tackle this challenge, we present SCNet, a novel dual-representation learning
network designed specifically for plant point cloud segmentation. SCNet integrates two
key branches: a cylindrical feature extraction branch for robust spatial encoding and a
sequential slice feature extraction branch for detailed structural analysis. By efficiently
propagating features between these representations, SCNet achieves superior flexibility
and computational efficiency, establishing a new baseline for panoptic plant recognition
and paving the way for future AI-driven research in plant science.

Keywords: point cloud dataset; plant phenotyping; point cloud segmentation; deep learning

1. Introduction

Three-dimensional (3D) plant phenotyping, a cornerstone of precision agriculture
and smart farming [1], faces a critical challenge: the scarcity of high-quality, specialized
datasets. Current phenotypic traits encode substantial geometric and semantic information,
enabling high-fidelity plant reconstruction. However, conventional analysis methods
remain confined to small-scale, destructive manual measurements [2]. Given the rapidly
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growing demand for high-throughput phenotyping [3], the development of standardized
datasets and associated algorithms has emerged as an urgent priority for the field.

Despite recent advances in plant-phenotyping point cloud datasets (e.g., Soybean-
MVS, PlanesT-3D, and Pheno4D), three fundamental challenges remain unresolved: (1) the
intricate morphological architecture of plant organs [4], (2) the technical hurdles of data
collection in dynamic growth conditions, and (3) the inadequate compatibility of conven-
tional 3D processing approaches with plant biological properties [5–7]. These limitations
severely constrain both the scope and precision of current datasets for deep learning appli-
cations in phenotyping [8]. In response, we introduce PP3D, a groundbreaking 3D point
cloud benchmark specifically developed for plant phenotyping research, featuring three
key advancements—(1) hybrid data acquisition: combining adaptive multi-view imaging
with advanced stereo reconstruction techniques to produce high-resolution point clouds
with preserved morphological fidelity; (2) comprehensive organ annotation: implementing
rigorous annotation protocols to deliver precise semantic and instance segmentation at the
stem and leaf level; (3) ecological diversity: encompassing approximately 20 agriculturally
significant species with nearly 500 temporally tracked specimens.

To fully leverage the dataset’s potential, we developed the SCNet benchmark frame-
work with two novel architectural innovations: (1) a cylindrical feature extraction module
that effectively encodes global plant architecture; (2) a sequential slice analysis module
that maintains fine-scale morphological details. Our experimental results show that SCNet
outperforms existing state-of-the-art methods by more than 10% in accuracy metrics. The
key contributions of this work are threefold: First, we introduce the PP3D dataset, a novel
resource that significantly advances plant phenotypic parameter extraction and supports
the development of smart agriculture technologies. Second, we formulate the panoptic
plant recognition task, unifying both semantic (stem/leaf classification) and instance-level
(individual leaf identification) segmentation into a comprehensive framework. Third, we
propose an innovative baseline method employing a flexible dual-representation approach
that establishes new state-of-the-art performance on the PP3D dataset.

The remainder of this paper is organized as follows: Following this introduction,
Section 2 provides a comprehensive review of related work in plant dataset and 3D point
cloud analysis. Section 3 provides a comprehensive description of the dataset construction
(see Figure 1) and its accompanying benchmark algorithms. Section 4 presents extensive
experimental results, including benchmark comparisons, ablation studies, and real-world
application scenarios. Finally, Section 5 concludes the paper with a summary of key
contributions and discussions of future research directions.

Figure 1. The PP3D dataset was developed through a systematic three-stage pipeline: (1) 3D recon-
struction, (2) preprocessing, and (3) dataset compilation. For each plant specimen, this workflow was
implemented through six sequential processing steps: initial image capture, feature point extraction,
sparse reconstruction, dense reconstruction, point cloud refinement, and final data packaging. This struc-
tured approach ensured both the consistency and quality of all specimens within the PP3D collection.
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2. Related Work

Recent advances in high-resolution plant point cloud datasets have greatly advanced
the development of plant phenotyping algorithms. However, panoramic recognition—a
crucial component of phenotyping analysis—still faces notable limitations. This section pro-
vides a focused review of existing plant point cloud datasets and state-of-the-art panoramic
recognition techniques.

2.1. Three-Dimensional Plant Datasets

Current 3D segmentation datasets predominantly concentrate on common objects and
scenes across various domains. In autonomous driving scenarios, benchmark datasets
like SemanticKITTI [9], Panoptic nuScenes [10], and SemanticSTF [11] provide comprehen-
sive annotations for typical transportation environment elements, including road surfaces,
sidewalks, vehicles, and terrain features. The SensatUrban [12] dataset significantly ad-
vances urban scene understanding by offering detailed semantic labels for complex street
environments. For indoor scene analysis, datasets such as S3DIS [13], ScanNet [14], and
PartNet [15] facilitate fine-grained object recognition through their meticulous annotations
of household items like tables, chairs, and cups. These diverse datasets have catalyzed
significant progress in panorama segmentation, particularly in fine-grained scene under-
standing, establishing it as an increasingly prominent research direction.

The automatic acquisition of plant phenotypic information through high-precision
3D plant modeling has emerged as a significant research focus in recent years [16]. The
accuracy of plant organ segmentation plays a pivotal role in determining both the quantifi-
cation of plant structural characteristics and the reliability of phenotypic analysis. Deep
learning-based approaches for plant point cloud segmentation have become the predom-
inant methodology in this field [17,18]. However, the lack of comprehensive and high-
quality datasets currently hinders further advancements in this research direction. To
systematically evaluate the available resources, we conducted a comparative analysis of
five existing plant point cloud datasets, as summarized in Table 1.

Soybean-MVS [19] is a comprehensive 3D point cloud dataset capturing soybean plants
throughout their complete growth cycle for organ-level segmentation tasks. The dataset
was constructed using multi-view stereo (MVS) reconstruction techniques, providing
high-fidelity point clouds of 102 soybean samples spanning five distinct varieties across
13 developmental stages. Each sample is meticulously annotated with three key organ
categories: leaf, main stem, and branch stem, enabling fine-grained structural analysis and
phenotypic studies.

PlanesT-3D [20] is a high-quality 3D plant point cloud dataset comprising 34 samples
across three species: 10 pepper plants, 10 rose-bush plants, and 14 ribes plants. Each sample
consists of a complete, colorized 3D point cloud reconstructed using MVS techniques. The
dataset provides detailed semantic annotations for two key organ categories: stem and
leaf, with the latter further segmented at the instance level to enable fine-grained plant
structure analysis.

Pheno4D [21] is a high-resolution, multi-temporal plant point cloud dataset acquired
through high-precision 3D laser scanning, achieving sub-millimeter accuracy. The dataset
features maize and tomato plants captured throughout their growth cycles. Each point
cloud is manually annotated with three semantic categories: soil, stem, and leaf, where
leaves are further segmented at the instance level (i.e., each individual leaf is delineated
as a distinct object). This fine-grained annotation enables detailed morphological and
phenotypic analysis of plant development over time.
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Table 1. Comparative analysis of existing plant point cloud datasets.

Dataset Soybean-MVS PLANesT-3D Pheno-4D ROSE-X Plant3D PP3D (Ours)

Year 2023 2023 2021 2020 2017 2025

Plant Species soybean
pepper,

rosebush, and
ribes

maize and
tomato rosebush tomato, tobacco

and sorghum 20 species

Acquisition
Method

reconstructed
using MVS
technology

reconstructed
from 2D color
images of real

plants
through MVS

measured with
a highly

accurate 3D
laser scanning
system with a

spatial
precision of less
than a tenth of a

millimeter

acquired
through X-ray

scanning

mapped using
high-precision

3D laser
scanning

partly collected
by MVS and

partly by pho-
togrammetry

Sensor SLR digital
camera MVS system Laser scanning X-ray

tomography Laser scanning
MVS and pho-
togrammetry

system

Color Yes Yes No No No Yes

Number of
Point Clouds 102 34 126 11 505 ~500

Labeled Classes leaf, main stem
and stem leaf and stem soil, stem and

leaf
leaf, stem,

flower and pot - leaf and stem

Organ-level
Label No Yes Yes No - Yes

ROSE-X [22] is a high-resolution 3D point cloud dataset comprising 11 rosebush
specimens acquired through X-ray computed tomography (CT) scanning, enabling non-
destructive structural analysis. The dataset achieves exceptional spatial resolution, with
0.5 mm inter-leaf spacing and 1 mm pixel spacing, capturing intricate plant architectures
with high fidelity. Each sample is annotated with four semantic classes: leaf, stem, flower,
and pot, providing comprehensive ground truth for plant organ segmentation tasks. The
X-ray acquisition methodology particularly facilitates the study of internal plant structures
while preserving specimen integrity.

Plant3D [23] represents a comprehensive 3D plant architecture dataset encompassing
505 high-resolution scans acquired through precision 3D laser scanning. The dataset
systematically captures three agriculturally significant species—tomato, tobacco, and
sorghum—under 35 controlled environmental conditions (including light variations, ther-
mal stress, and drought) across 20 developmental time points. This multidimensional
design enables the robust investigation of genotype-by-environment interactions and tem-
poral growth patterns. Each scan provides detailed structural information, making the
dataset particularly valuable for studies in plant phenomics, stress response analysis, and
developmental biology.

While existing plant point cloud datasets (e.g., Pheno4D, Plant3D) capture multi-
temporal growth phases, they remain limited in scale, diversity, and practical applicability
due to constrained environmental conditions and temporal coverage. To address these
limitations, this paper introduces PP3D, a novel large-scale dataset featuring the following:
(1) high-precision 3D reconstructions of diverse crop species; (2) comprehensive growth-
stage coverage under real agricultural conditions; (3) annotated structural phenotypes
tailored for precision farming applications. This work aims to provide robust data in-
frastructure for advancing smart agriculture technologies, including automated growth
monitoring, yield prediction, and resource optimization systems.
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2.2. Three-Dimensional Panoptic Segmentation

Panoptic segmentation has emerged as a unified approach to scene understanding
that combines semantic segmentation (class-level classification) and instance segmentation
(object distinction) into a single framework. For LiDAR point cloud analysis, this task
involves simultaneously classifying each point into semantic categories while assigning
unique instance identifiers, thereby providing comprehensive 3D scene interpretation. The
development of benchmark datasets such as Panoptic nuScenes [10] and the extended
SemanticKITTI [24] has significantly advanced research in this domain, leading to two
predominant methodological paradigms: detection-based approaches that first identify
object instances before classification, and grouping-based methods that cluster points before
assigning semantic and instance labels.

Detection-based panoptic segmentation methods typically follow a two-stage ap-
proach: first generating foreground object proposals, then refining and merging them
with background semantic segmentation results. For instance, EfficientLPS [25] employs
point similarity metrics to model geometric transformations between points and images,
while augmenting Mask R-CNN with a semantic head to produce panoptic segmentation
outputs. Building on this framework, Panoptic-TrackNet [26] extends EfficientPS [27] by
incorporating a tracking head, thereby unifying panoptic segmentation with object tracking
in a multi-task learning paradigm. While these approaches demonstrate promising results,
their overall effectiveness remains fundamentally constrained by the performance of the
underlying object detection component.

Grouping-based panoptic segmentation methods typically follow a two-stage ap-
proach, first predicting point-wise semantic labels, then applying clustering algorithms to
generate instance predictions [28–30]. For instance, Panoptic-PolarNet [31] transforms the
problem by projecting point cloud features into a polar Bird’s Eye View (BEV) representa-
tion, where instance segmentation is achieved through centroid regression. Building on this
BEV paradigm, Panoptic-PHNet [32] further improves clustering efficiency by introducing
pseudo-heatmaps and a dedicated centroid grouping module. Another notable approach,
DSNet [33], enhances the clustering process through its innovative Dynamic Shifting mod-
ule, which adaptively adjusts point features for more accurate instance segmentation. These
methods demonstrate how geometric transformations and adaptive feature learning can
effectively address the instance grouping challenge in 3D point clouds.

Recent advances in agricultural point cloud analysis have developed innovative ap-
proaches for extracting phenotypic information from plant structures. Several notable
methods have emerged to address the challenges of plant organ segmentation: Plant-
Net [18] introduced a dual-function network architecture capable of simultaneous semantic
and instance segmentation for both dicotyledonous and monocotyledonous plants in the
Plant3D dataset. PST [7] leveraged transformer architectures to achieve high-resolution
semantic segmentation of rapeseed plants from handheld laser scanning (HLS) data. PSeg-
Net [34] advanced the field through its novel double-neighborhood feature extraction and
double-granularity feature fusion mechanisms, enabling joint semantic and leaf instance
segmentation for multiple plant species.

Alternative approaches have focused on reducing annotation requirements while
maintaining accuracy. Eff-3DPSeg [35] demonstrated that weakly supervised learning
can achieve comparable performance to fully supervised methods for plant shoot seg-
mentation across both soybean and Pheno4D datasets. Complementing these data-driven
methods [36], proposed a graph-based framework that incorporates botanical structural
constraints to enable rapid and accurate organ-level segmentation while preserving plant
architecture integrity. These diverse methodologies collectively address key challenges
in plant phenotyping, ranging from handling complex plant architectures to reducing
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dependency on labeled data, while consistently validating their approaches on established
benchmark datasets.

While numerous methods have been developed for plant phenotyping using point
cloud data, current approaches face two fundamental limitations that constrain their
practical application: (1) the restricted scale and diversity of existing plant datasets, and
(2) the inability of current models to achieve sufficiently fine-grained phenotypic analysis.
These constraints highlight the critical need for developing more robust plant phenotyping
frameworks specifically designed to meet the requirements of precision agriculture and
smart farming systems. Future research should prioritize creating comprehensive datasets
and advanced analytical models capable of supporting detailed, large-scale phenotypic
characterization that can directly inform agricultural decision-making and automated
management practices.

3. Materials and Methods

To address the growing demand for 3D plant segmentation amid limited available
datasets, we introduce PP3D—a densely annotated point cloud dataset—along with an
efficient segmentation method.

3.1. The PP3D Dataset

PP3D is a large-scale, publicly available dataset designed for panoramic plant iden-
tification using 3D point clouds. The dataset comprises photogrammetric point clouds
reconstructed from approximately 2 million high-resolution images spanning 20 plant
species and about 500 individual potted plants. Using advanced 3D reconstruction tech-
niques, we generated dense, structurally accurate point clouds from these images, enabling
detailed plant organ analysis. All point clouds in PP3D are annotated with dual-level
labels: semantic segmentation (distinguishing stems and leaves) and instance segmentation
(identifying individual organs). The data were collected throughout 2023 across multiple
locations in Eastern China, capturing seasonal growth variations and environmental di-
versity. With its unprecedented scale, multimodal 3D representations, and fine-grained
annotations, PP3D serves as a foundational resource for applications in plant phenotyping,
agricultural robotics, and 3D computer vision. The PP3D dataset comprises thousands of
high-precision 3D models of potted plants across multiple species. This section provides a
comprehensive overview of the dataset construction pipeline, detailing each critical stage
from initial data acquisition to final dataset preparation.

3.1.1. Images Acquisition

The development of the PP3D dataset commenced with RGB image acquisition of
representative potted plant species from Eastern China, including but not limited to jade
plants (Crassula ovata), money trees (Pachira aquatica), mint (Mentha spp.), and kalanchoe.
During preliminary data collection, we faced several technical challenges. Initial image
sets showed inadequate overlap because of inconsistent camera paths and poorly planned
shooting angles. Compounding these issues, variable lighting conditions produced prob-
lematic glare and shadow artifacts that degraded image quality and consequently affected
3D reconstruction accuracy. To overcome these limitations, we implemented a standardized
imaging protocol and refined our environmental controls.

We captured all images using smartphone cameras with high-resolution sensors. Our
standardized imaging protocol used 4K UHD resolution (3840 × 2160 pixels) at 30 frames
per second to precisely document plant morphological features. All images were saved in
standard RGB format (red, green, blue channels) to ensure reliable color-based analysis. To
improve dataset generalization, we systematically varied both environmental conditions
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and lighting parameters during image collection. For optimal 3D point cloud reconstruc-
tion quality, we created a specialized multi-ring scanning protocol. Each potted plant was
systematically imaged using our tiered capture system, which employs carefully calibrated
camera paths and viewing angles to fully document all plant structures—from stems and
leaves to the entire canopy. Specifically, our imaging protocol followed three concentric
circular paths: lower foliage, mid-canopy, and upper crown regions. Between consecutive
shots in each zone, we consistently maintained 70–80% image overlap—ensuring robust
feature matching for downstream 3D reconstruction. Our multi-level imaging protocol
typically captures about 250 photos per plant, with extra coverage dedicated to the up-
per canopy. The three-ring scanning pattern minimizes leaf overlap issues, producing
comprehensive 3D models of every leaf surface in the crown area.

3.1.2. Three-Dimensional Point Cloud Reconstruction

To ensure high-quality 3D point cloud reconstruction, we implemented a comprehen-
sive preprocessing pipeline for the original plant images. The preprocessing consisted
of four key steps: First, we conducted rigorous quality control by eliminating images af-
fected by human-induced blurring, insufficient overlap, or other quality issues. This initial
screening ensured only optimal images were retained for subsequent processing. Second,
we applied fundamental image enhancement techniques, including noise reduction and
lens distortion correction, to improve the overall image quality. Since most plant images
were captured in indoor environments without GPS metadata, we established a unified
coordinate system to reconstruct the relative positional relationships between camera sta-
tions. This approach enabled the accurate restoration of shooting positions and the effective
integration of images from multiple viewing angles. Finally, to minimize interference
during point cloud reconstruction, we performed precise foreground segmentation. This
process selectively preserved the relevant elements (the plant, pot, and placement surface)
while removing extraneous background clutter, thereby focusing the reconstruction on the
essential botanical features. These preprocessing steps collectively enhanced the accuracy
and reliability of our subsequent 3D reconstruction workflow.

Leveraging high-resolution, multi-angle plant images, we performed 3D point cloud
reconstruction through feature matching and multi-view geometry analysis. Our methodol-
ogy employed two complementary approaches: a direct sparse reconstruction method that
rapidly generated raw point clouds but with limited detail in foliar structures, and a more
computationally intensive high-fidelity pipeline that first created detailed 3D mesh models
before converting them to dense, accurate point clouds. While the former provided efficient
preliminary reconstructions, the latter delivered superior results with complete botanical
features. This dual-method approach enabled us to successfully generate approximately 500
plant point clouds with varying levels of detail suitable for different analytical purposes.

Our study on 3D plant point cloud reconstruction revealed a significant dependence
of reconstruction quality on the number of input photographs. To systematically inves-
tigate this relationship, we conducted a controlled experiment using a reference dataset
of 250 uniformly captured plant images under consistent lighting conditions. Through
randomized sampling from this dataset, we evaluated three representative sample sizes:
200 (Figure 2a), 100 (Figure 2b), and 75 (Figure 2c) images. The results demonstrate a clear
quality trend: with 200 images, we achieved optimal reconstruction with complete plant
morphology; reducing samples to 100 introduced visible artifacts including leaf surface
holes; further reduction to 75 images exacerbated these issues, causing both significant
scene distortion (particularly in the supporting table structure) and substantial increase
in surface discontinuities. These observations suggest that reconstruction quality follows
a logarithmic decay curve with respect to sample size reduction, providing important
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practical guidance for balancing data acquisition effort with reconstruction fidelity in plant
phenotyping applications.

Figure 2. Comparative modeling results showing the impact of photographic sample size on recon-
struction quality: (a) 200 images, (b) 100 images, and (c) 75 images. Note the progressive degradation
in model completeness and surface quality with the decreasing image count.

For standard plant specimens similar to the reference sample shown, we collected
300 photographs per subject—exceeding the empirically determined optimal count of
250 images—to ensure robust reconstruction quality. This 20% buffer accounts for potential
image quality variations during processing. To maintain dataset complexity, we addition-
ally included a subset of structurally complex specimens requiring customized sampling
strategies. For these challenging cases, we implemented adaptive image acquisition proto-
cols where the sample size was dynamically adjusted based on the real-time assessment of
morphological complexity, typically ranging between 300 and 400 photographs depending
on foliage density and structural intricacy.

3.1.3. Point Cloud Annotation

To enable advanced organ-level analysis within our dataset, we implemented a com-
prehensive point-wise annotation system with hierarchical labeling. Each data point was
meticulously annotated with: (1) a primary classification as either “stem” or “leaf”, and
(2) a unique organ-specific identifier distinguishing individual leaves within the same plant.
As illustrated in Figure 3, our annotation pipeline leveraged the open-source software
CloudCompare version 2.12.4 for precise manual segmentation of plant morphological
structures. The annotated point clouds incorporate seven key data dimensions stored
in TXT format: XYZ coordinates (spatial positioning), RGB values (true color informa-
tion), C (binary stem/leaf classification), and I (unique leaf identification code). This
multi-layered labeling scheme provides researchers with unprecedented granularity for
structural and functional analyses of plant architecture.
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Figure 3. Data annotation pipeline for plant organ segmentation. Different colors represent
different instances.

Prior to annotation, all point cloud data underwent a standardized preprocessing
pipeline to ensure data quality and consistency. For each potted plant reconstruction, we
first performed semi-automatic background and noise removal to isolate the complete
botanical structure, preserving only the pot, branches, and leaves. Additionally, to address
scale variations inherent in multi-view stereo reconstruction, we implemented a normaliza-
tion procedure involving coordinate translation to the origin and proportional scaling based
on pot dimensions. This spatial standardization enabled meaningful comparisons across
specimens while maintaining biological accuracy in the reconstructed plant architectures.

The annotation process involved ten trained annotators holding degrees in geomatics
with a minimum of 3 years of labeling experience. To ensure consistency, each sample
was independently labeled by two annotators, with discrepancies resolved through the
following: (1) third-annotator arbitration (for technical conflicts); (2) professional soft-
ware verification (for spatial data). The PP3D dataset annotation was performed using
CloudCompare, an open-source point cloud processing software. Following the import of
preprocessed data, we conducted comprehensive manual annotation across hundreds of
plant specimens, including: (1) the semantic segmentation of stems and leaves, (2) instance-
level leaf labeling for panoramic segmentation tasks (Figure 4), and (3) the random down-
sampling of each labeled organ to optimize data size while preserving structural fidelity.
Each potted plant sample was independently annotated by two labelers at the instance
level. Annotations with IoU < 0.85 were adjudicated by a third expert annotator. These
annotations provide multi-granularity phenotypic information, from organ classification to
individual leaf identification. Future work will expand the annotation schema to include
finer morphological features (e.g., petioles, nodes) to support advanced plant architecture
analysis [4]. The current annotation pipeline achieves an optimal balance between data

143



Remote Sens. 2025, 17, 2673

richness and computational efficiency through strategic downsampling that maintains
critical topological features.

 
Figure 4. Overview of the proposed PP3D dataset. The first and third columns are the original point
clouds, colored by texture; the second and fourth columns are the ground truth; different colors
represent different instances.

The current PP3D dataset partitions all data into training, validation, and test sets
following a 7:1:2 ratio. The dataset is organized in a hierarchical structure where each
plant specimen occupies a dedicated directory containing the following: (1) the complete
plant point cloud file, and (2) an annotation subdirectory with separated stem and leaf
point clouds. Each point is characterized by six attributes (XYZ coordinates and RGB color
values) stored in a standardized tabular format. To facilitate initial evaluation, we have
released representative samples from the dataset. Upon completion, we will publicly share
the full-scale dataset to support advanced research in panoramic plant phenotyping and
3D morphological analysis.

3.2. The Proposed SCNet

In this section, we present the theoretical foundations and architectural principles
underlying the proposed SCNet framework. The system primarily comprises three core
components: (1) sequential slice feature extraction, (2) cylindrical feature extraction, and
(3) a feature fusion module. Each component is carefully designed to address specific
challenges in the feature representation pipeline.

3.2.1. Sequential Slice Feature Extraction

As depicted in Figure 5, the sequential slice feature extraction branch comprises three
main modules: a sequential slice module for input processing, a multi-scale point encoder
for hierarchical feature learning, and a recurrent neural network (RNN) with GRU to
capture temporal dependencies.
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Figure 5. The pipeline of the proposed SCNet.

Sequential Slicer. Prior to inputting the potted plant point cloud into the network,
we transform the raw point cloud into a sequential-slice representation. This operation is
motivated by the natural growth pattern of potted plants, which typically exhibit rotational
symmetry around the vertical axis. Given an input point cloud P = (x, y, z), we first normal-
ize the geometric coordinates to the range [0, 1] to ensure scale invariance. Subsequently,
we partition P into M slices along the z-axis, where M is a user-defined hyperparameter
(typically, M = 1, 2, . . ., m). Formally, for a point cloud P containing N points, the slice
operation is defined as follows:

S = SM|SM = pi|pi ∈ P, �zi × m� = M (1)

where SM denotes the M-th slice, where zi represents the z-coordinate of point pi. The
slice assignment is determined through a ceiling operation (�·�), which clusters all points
into their respective slices along the z-axis. This process generates an ordered slice set
S = {S1, S2, . . . , SM}, where each SM contains points falling within a specified height
interval. The primary objective of this operation is dimensionality reduction: by decom-
posing the 3D point cloud into a sequence of 2D slices, we enable more efficient feature
extraction while preserving the structural hierarchy of the plant.

Point Encoder. To extract multi-scale features from each slice Si, we first project it into
2D space along the z-axis and rasterize it into a grid-mapped image Ii with resolution r.
The feature extraction process begins with PointNet [37] capturing global slice features,
followed by PointConv [38] efficiently extracting local geometric patterns. We then employ
MLPs to integrate these features across multiple scales, combining point-wise attributes
with neighborhood context to enhance the representation. Finally, the concatenated global
and multi-scale local features are prepared for subsequent processing.

RNN Layer. To model the sequential dependencies between slices, we employ an
RNN architecture where each slice is treated as a timestamp, enabling information flow
across the sequence. This transforms the unordered point cloud features into structured
temporal representations. For enhanced feature discrimination, we introduce a sequence
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voting layer that performs weighted averaging to aggregate high-level features across
all timestamps.

3.2.2. Cylindrical Feature Extraction

To enhance the network’s descriptive capability, we designed a cylindrical feature
extraction module that captures comprehensive contextual information from plant point
clouds. Addressing the challenges of uneven point distribution and variable point density,
our approach first employs a key point extraction layer to generate a fixed number of
representative points while preserving critical structural information. These sampled
points are then processed through a Multi-Layer Perceptron (MLP) comprising four fully
connected layers, each equipped with ReLU activation and Batch Normalization.

The extracted features are subsequently mapped to cylindrical voxels based on the
spatial occupancy of the original points. For feature refinement, we apply a spatial sparse
3D convolution layer [39] to aggregate local geometric patterns efficiently. In the final
fusion stage, cylindrical voxel features are spatially aligned with slice point features and
concatenated to form enriched fused point representations, effectively combining both local
geometric details and global contextual information.

3.2.3. Feature Fusion Module

Attention-Guided Feature Fusion. SCNet employs an attention mechanism to dy-
namically integrate multi-modal features for enhanced plant representation. The network
first embeds the MLP-derived features Mf and uses them to adaptively guide the learning
of cylindrical features Cf through attention coefficients, effectively capturing the relative
importance of different local structures in potted plants. Our framework incorporates
two complementary attention modules: the Explicit Geometric Attention (Module A) fo-
cusing on the salient structural features of plant morphology, and the Implicit Geometric
Attention (Module B) targeting latent spatial relationships and subtle geometric patterns.
As illustrated in Figure 5, this dual-attention architecture enables the comprehensive fu-
sion of 2D semantic information from images with 3D spatial features from point clouds,
providing a more complete representation of plant characteristics.

Attention Mechanism Module A. To effectively fuse the cylindrical features Cf and
MLP features Mf across different dimensional spaces, we first project Mf into an N-
dimensional space matching Cf ’s dimensionality. The aligned features are then concate-

nated to form a relational feature representation F1

(
Cf , Mf

)
. This combined feature

undergoes adaptive transformation through an MLP, followed by normalization to the
[0, 1] range using a sigmoid function, ultimately generating a soft attention mask M that
quantifies the relative importance of cylindrical features with respect to MLP features.

Attention Mechanism Module B. While explicit geometric features provide fun-
damental structural information, they alone cannot fully capture the rich semantic and
geometric complexity of potted plants. To address this limitation, we conduct an in-depth
exploration of latent implicit features through Module B. This enhanced attention mech-
anism processes refined point features in conjunction with both cylindrical features (Cf )
and MLP-derived features (Mf ), enabling the comprehensive learning of subtle spatial
relationships and contextual patterns that are critical for accurate plant characterization.

4. Results and Discussion

4.1. Representative Baselines and Implementation Details

This section elaborates on the experimental setup, including four representative
baseline methods and implementation details. For comprehensive evaluation on the
PP3D dataset, we conducted panoptic segmentation experiments using the following:
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(1) ASIS [40], a pioneering point cloud segmentation approach; (2) HAIS [41], which
incorporates hierarchical aggregation; (3) ISBNet [42], known for its instance-aware seg-
mentation; and (4) JSNet [43], featuring joint segmentation capabilities. These baselines
were compared against our proposed SCNet architecture to validate its effectiveness. De-
tailed configurations include the following: hardware specifications (e.g., GPU models),
software environment (e.g., PyTorch version 1.12.1), and hyperparameter settings (learning
rate, batch size, etc.), ensuring reproducible experimental conditions.

ASIS [40] serves as a foundational framework for concurrent instance and semantic
segmentation in 3D point clouds. This approach introduces a synergistic dual-task learning
mechanism that creates mutual enhancement between both segmentation tasks through:
(1) semantically informed instance embedding learning, where instance segmentation ben-
efits from the semantic context by incorporating category-aware features into point-level
embeddings, and (2) instance-aware semantic refinement, where semantic predictions are
improved by aggregating features from points belonging to identical instances. This bidirec-
tional information flow establishes a mutually reinforcing improvement cycle, significantly
boosting performance on both tasks compared to processing them independently.

HAIS [41] proposes an efficient hierarchical clustering framework that leverages both
point-level and cluster-level spatial relationships for instance segmentation. The method
employs a two-stage aggregation process: (1) Point Aggregation: geometrically proximate
points are clustered into primitive segments using learned feature affinities, forming initial
instance proposals; (2) Set Aggregation: these primitive segments are progressively merged
into complete instances through hierarchical feature propagation and spatial reasoning.
This bottom-up approach eliminates the need for computationally expensive non-maximum
suppression (NMS) post-processing while maintaining competitive performance, achieving
an optimal balance between accuracy and computational efficiency in large-scale 3D scenes.

ISBNet [42] introduces an innovative cluster-free paradigm for instance segmentation
that conceptualizes instances as learnable kernel representations. The framework comprises
three key components: (1) Instance-aware Farthest Point Sampling strategically selects
candidate seed points to ensure comprehensive spatial coverage; (2) a modified PointNet++
architecture employs local feature aggregation to encode robust candidate representations;
and (3) dynamic convolution kernels generate instance masks by adaptively weighting
point features. This approach eliminates traditional clustering bottlenecks while achieving
superior recall rates through its discriminative kernel learning mechanism, particularly
effective in handling densely distributed instances with complex geometries.

JSNet [43] proposes an integrated framework for joint instance and semantic segmen-
tation through bidirectional feature interaction. The core innovation is the Joint Instance
Semantic Segmentation (JISS) module that establishes the following: (1) a semantic-to-
instance pathway that transforms categorical features into discriminative instance embed-
dings through learned projection, and (2) an instance-to-semantic pathway that enriches
semantic features with structural information from instance groupings. This dual cross-
pollination of features creates a synergistic effect where instance boundaries benefit from
semantic consistency while semantic predictions gain structural precision from instance
awareness. The framework demonstrates particular effectiveness in complex botanical
scenes where morphological continuity and categorical distinction are equally critical.

All computational experiments were performed on a high-performance workstation
featuring an NVIDIA GeForce RTX 3090 graphics (NVIDIA Corporation, Santa Clara,
CA, USA) processor with 24GB GDDR6X memory. To ensure optimal compatibility with
existing point cloud processing architectures, we preprocessed the PP3D dataset into dual
standardized formats: (1) the STPL3D [44] vegetation-specific format and (2) the general-
purpose S3DIS [13] point cloud format, both of which will be made publicly available to
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maximize research utility. For implementations involving HAIS and ISBNet frameworks,
we adopted specific parameter configurations: each potted plant specimen was processed
as an independent 3D scene with a scaling factor of 3 to preserve fine-scale morphological
features, while the ‘max_npoint’ parameter was optimized to its maximum viable value
(typically ranging between 50,000 and 100,000 points per specimen) to comprehensively
capture intricate plant structures. Feature dimensions were uniformly maintained at
[128, 512] throughout upscaling operations, with all remaining hyperparameters preserved
at their default values to ensure the authentic representation of each network’s baseline
performance capabilities. This rigorous experimental protocol was designed to facilitate
direct cross-method comparisons while addressing the unique challenges of 3D plant
phenotyping analysis.

4.2. Qualitative and Quantitative Results

Figure 6 presents a comparative visualization of instance segmentation performance
on the PP3D dataset, evaluating five state-of-the-art methods: ASIS [40], HAIS [41], ISB-
Net [42], JSNet [43], and our proposed SCNet. Experimental results demonstrate SCNet’s
superior robustness in leaf-level instance segmentation across diverse plant morphologies
compared to the four baseline methods. Notably, while photogrammetric point clouds
inherently suffer from precision limitations due to reconstruction artifacts, our SCNet
maintains remarkable segmentation consistency. The method particularly excels in han-
dling complex canopy structures, successfully distinguishing individual leaves even in
challenging scenarios involving dense foliar overlap near stem junctions.

For comprehensive performance evaluation, Table 2 provides quantitative metrics
comparing all five methods on the PP3D dataset. The results clearly indicate SCNet’s
dominance across all evaluation criteria, with HAIS [41] ranking second and ISBNet [42]
showing the weakest performance. This exceptional performance originates from our novel
dual-branch architecture design: (1) the sequential slice module employs adaptive slicing
planes to achieve precise leaf boundary detection, while (2) the cylindrical feature extractor
specializes in accurate leaf-stem junction identification, effectively eliminating non-foliar
point clusters. The synergistic operation of these complementary feature extractors ensures
reliable individual leaf identification regardless of point cloud quality variations.

Table 2. Segmentation performance evaluation on PP3D.

Methods
AP(%) AP50(%) AP25(%)

Stem Leaf Stem Leaf Stem Leaf

ASIS [40] 16.7 14.1 34.8 28.2 42.5 39.9

HAIS [41] 54.4 53.0 70.2 62.6 74.0 71.5

ISBNet [42] 0.4 7.1 1.2 9.5 2.2 1.3

JSNet [43] 16.3 13.2 33.7 27.2 40.9 35.7

SCNet (ours) 60.0 56.1 71.3 64.5 75.4 72.2

 

Figure 6. Cont.
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Figure 6. Panoramic segmentation results of the photogrammetric plant point cloud. Different colors
represent different instances.

Nevertheless, as shown in Figure 7, the proposed SCNet still presents three charac-
teristic limitations in segmentation performance: (1) Morphological ambiguity between
woody branches and slender petioles frequently causes erroneous region splitting due to
their nearly identical local geometric features. (2) Partial occlusion artifacts and inconsis-
tent neighborhood contexts often induce irreducible classification errors, particularly in
dense foliar regions. (3) Morphologically anomalous leaves (e.g., highly lobed or curled
specimens) are occasionally mislabeled as distinct botanical components. These findings
underscore the persistent challenges inherent in our PP3D dataset, highlighting critical
areas that demand immediate research attention and methodological refinement.

Figure 7. Illustration of several examples of typical mis-segmentation. First line: ground truths.
Second line: predictions. Different colors represent different instances.
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4.3. Experimental Analysis and Discussion

The Role of True RGB Color. Our photogrammetric point clouds typically contain
richer information, offering additional features that can enhance network training. To eval-
uate the impact of color information on model performance, we conducted comparative
experiments using four existing networks (ASIS [40], HAIS [41], ISBNet [42] and JSNet [43])
along with our proposed network. Following the approach of SensatUrban [12], we trained
these networks using either point coordinates alone or both point coordinates and color
information. The qualitative segmentation results without real RGB information are pre-
sented in Figure 8. As shown in Table 3, most existing networks demonstrate improved
segmentation performance when trained with both geometric and color information. How-
ever, since our proposed network primarily relies on geometric partitioning, incorporating
color information does not yield significant performance gains.

 

Figure 8. Plant point cloud segmentation results without real RGB information. Different colors
represent different instances.
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Table 3. Instance segmentation performance of the proposed PP3D dataset. # represents without real
RGB information. Δ shows the change in performance without real RGB information.

Methods
AP(%) AP50(%) AP25(%)

Stem Leaf Stem Leaf Stem Leaf

ASIS [40] 16.7 14.1 34.8 28.2 42.5 39.9
ASIS # 16.8 13.8 33.9 27.4 40.1 36.5
ASIS Δ 0.1 −0.3 −0.9 −0.8 −2.4 −3.4

HAIS [41] 54.4 53.0 70.2 62.6 74.0 71.5
HAIS # 50.2 49.6 63.8 55.2 69.1 63.2
HAIS Δ −4.2 −3.4 −6.4 −7.4 −4.9 −8.3

ISBNet [42] 0.4 7.1 1.2 9.5 2.2 1.3
ISBNet # 0.4 7.0 1.1 8.8 2.0 1.3
ISBNet Δ 0.0 −0.1 −0.1 −0.7 −0.2 0.0

JSNet [43] 16.3 13.2 33.7 27.2 40.9 35.7
JSNet # 18.9 14.2 33.8 27.0 39.2 35.6
JSNet Δ 2.6 1.0 0.1 −0.2 −1.7 −0.1

SCNet (ours) 60.0 56.1 71.3 64.5 75.4 72.2
SCNet # 56.3 56.0 69.5 63.4 74.2 69.9
SCNet Δ −3.7 −0.1 −1.8 −1.1 −1.2 −2.3

Study on the Weak Supervision. Weak supervision has emerged as a crucial research
direction in point cloud segmentation, seeking to maintain satisfactory performance while
significantly reducing annotation costs. Following the approach of SegGroup [45], we
adopt an extremely sparse annotation scheme where only a single randomly selected
point per instance serves as the ground truth label. Using WSIS [46] as our baseline, we
evaluate its segmentation performance under an exceptionally low annotation rate of 0.1%
on the PP3D dataset. As shown in Table 4, while the mIoU achieved by WSIS is slightly
lower than fully supervised models, the results demonstrate that competitive segmentation
accuracy can still be attained with minimal supervisory signals. As for the weak supervision
segmentation, the qualitative results of the PP3D dataset are presented in Figure 9. This
finding substantiates the practical viability of weak supervision approaches for point cloud
segmentation tasks.

Table 4. A weakly supervised study on PP3D. We chose WSIS for the weakly supervised study and
compared it with the fully supervised methods.

Methods Annotation
AP(%) AP50(%) AP25(%)

Stem Leaf Stem Leaf Stem Leaf

HAIS [41] 100% 54.4 53.0 70.2 62.6 74.0 71.5
HAIS [41] 0.10% 22.0 21.5 33.8 31.2 45.6 44.7

ISBNet [42] 100% 0.4 7.1 1.2 9.5 2.2 1.3
ISBNet [42] 0.10% 1.3 6.8 0.9 7.6 2.5 1.0

SCNet (ours) 100% 60.0 56.1 71.3 64.5 75.4 72.2
SCNet (ours) 0.10% 20.5 11.9 38.3 31.8 46.2 46.8

WSIS [46] 0.10% 30.5 26.5 46.7 41.2 50.1 45.8
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Figure 9. The plant point cloud segmentation results of a weakly supervised study. Different colors
represent different instances.
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5. Conclusions

While deep learning has achieved remarkable progress in visual recognition tasks in
recent years, the 3D organ-level segmentation of plants remains significantly underdevel-
oped. To bridge this critical gap, we present PP3D—a comprehensive point cloud dataset
featuring panoptic segmentation of real-world potted plants with over 500 meticulously
annotated plant organs. To the best of our knowledge, PP3D represents the largest and
most diverse dataset of its kind, surpassing existing plant point cloud datasets in both
scale (by 3×) and species coverage (by 5×). The dataset introduces novel challenges for
plant panoptic segmentation from 3D point clouds, including complex occlusions and fine
structural details. To establish a robust benchmark, we conduct an extensive evaluation
of state-of-the-art panoptic segmentation algorithms alongside our proposed method. In
future developments, we will first expand the PP3D dataset by incorporating additional
point cloud samples to increase its scale. Next, we will enhance its diversity by including
more plant species while implementing temporal modeling for perennial plants to improve
both species coverage and temporal representation. Finally, we will refine and strengthen
the annotation protocols to establish PP3D as a standard reference dataset in plant pheno-
typing research. We firmly believe this initiative will drive advancements in two critical
domains: high-throughput plant phenotyping pipelines and smart agricultural systems,
ultimately contributing to more sustainable and efficient agricultural practices.
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Highlights

What are the main findings?

• The optimal multi-source time series features for distinguishing maize from non-
maize were determined using a two-step Jeffries Matusita distance-based global search
strategy (i.e., twelve spectral bands, the NDVI, the EVI, VV, and VH collected from the
maize jointing to tasseling stages).

• Optimal multi-source time series features-driven TWDTW not only significantly re-
duced computational complexity, but also outperformed both TWDTW using full-
season optimal multi-source features and traditional supervised machine learning
models reliant on large multi-category sample sizes.

What is the implication of the main findings?

• A new and comprehensive strategy for feature optimization in maize mapping tasks
could be provided.

• A guide for enhancing TWDTW performance in large-scale crop mapping could
be provided.

Abstract

Time-Weighted Dynamic Time Warping (TWDTW), adapted from speech recognition, is
used in agricultural remote sensing to model crop growth, particularly under limited
ground sample conditions. However, most related studies rely on full-season or empirically
selected features, overlooking the systematic optimization of features at each observation
time to improve TWDTW’s performance. This often introduces a large amount of redun-
dant information that is irrelevant to crop discrimination and increases computational
complexity. Therefore, this study focused on maize as the target crop and systematically
conducted mapping experiments using Sentinel-1/2 images to evaluate the potential of
integrating TWDTW with optimally selected multi-source time series features. The op-
timal multi-source time series features for distinguishing maize from non-maize were
determined using a two-step Jeffries Matusita (JM) distance-based global search strategy
(i.e., twelve spectral bands, Normalized Difference Vegetation Index, Enhanced Vegetation
Index, and the two microwave backscatter coefficients collected during the maize jointing
to tasseling stages). Then, based on the full-season and optimal multi-source time series
features, we compared TWDTW with two widely used temporal machine learning models
in agricultural remote sensing community. The results showed that TWDTW outperformed
traditional supervised temporal machine learning models. In particular, compared with
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TWDTW driven by the full-season optimal multi-source features, TWDTW using the op-
timal multi-source time series features improved user accuracy by 0.43% and 2.30%, and
producer accuracy by 7.51% and 2.99% for the years 2020 and 2021, respectively. Addition-
ally, it reduced computational costs to only 25% of those driven by the full-season scheme.
Finally, maize maps of Yangling District from 2020 to 2023 were produced by optimal multi-
source time series features-based TWDTW. Their overall accuracies remained consistently
above 90% across the four years, and the average relative error between the maize area
extracted from remote sensing images and that reported in the statistical yearbook was
only 6.61%. This study provided guidance for improving the performance of TWDTW in
large-scale crop mapping tasks, which is particularly important under conditions of limited
sample availability.

Keywords: maize mapping; Sentinel-1/2 images; optimal time series; optimal features; TWDTW

1. Introduction

Maize is one of the three major food crops in the world, with a global production
exceeding 1.22 billion tons in 2024, according to data from the United States Department
of Agriculture (USDA). However, while it alleviates the hunger problem in modern society,
its large-scale cultivation has already negatively influenced the natural environment [1–
3]. Consequently, accurate and timely mapping of maize planting areas is essential for
sustainable agriculture and national food security, while also serving as a key data source
for maize growth monitoring and yield estimation [4–6].

Nowadays, for practical crop mapping tasks, three main types of remote sensing
imagery are commonly utilized: Synthetic Aperture Radar (SAR), optical imagery, and their
integration [7–11]. For staple food crops, regardless of the data source, the most frequently
adopted methods in practical crop mapping tasks are the traditional supervised machine
learning algorithms (e.g., random forests, RF) [12–14] or phenology-based methods (e.g.,
simple threshold-based method) [15–17]. Although these methods have contributed to
practical crop mapping tasks, they still have some disadvantages, as described below.:

First, traditional supervised machine learning algorithms depend on localized ground
samples, limiting model transferability and product timeliness. This limitation arises from
the fact that models trained on localized ground samples often fail to capture the essential
change patterns of land cover, and their performance tends to degrade significantly [18–22]
when applied to target regions that are geographically distant from the reference area
and lack ground truth data, as similar land cover types may exhibit distinct phenological
behaviors due to regional environmental differences [23–25]. Additionally, the collection of
non-target crop ground samples (i.e., negative samples) is also relatively challenging, as it
requires a wider range of land cover types than the target crop to ensure sufficient diversity
and representativeness for robust model training. The issue becomes more pronounced in
deep learning models with strong feature extraction capabilities. These challenges indicate
that traditional supervised machine learning methods alone are insufficient for timely
updates and spatial scalability of crop mapping data products [26–29].

Second, simple phenology-based methods can only extract pixels that exhibit obvious
features consistent with the prior phenological information of the target crop during spe-
cific growth stages. This is mainly because these methods are built on the prior threshold
of vegetation index corresponding to the key growth stages of crops [30–32]. As a conse-
quence, they tend to focus solely on surface-level spectral characteristics of land cover at
specific observation period (i.e., in multi-temporal data, land cover features are typically
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treated as temporally independent), while ignoring the temporal variation patterns of
land cover across different observation periods. Therefore, while simple phenology-based
methods avoid the need for manually annotated samples, they are less applicable in regions
characterized by diverse crop types and overlapping phenological stages.

In light of this, accurately capturing the temporal phenology patterns of target crops
becomes essential for timely updates and spatial expansion of crop mapping data prod-
ucts, particularly under conditions of limited ground sample availability. Currently, to
address this challenge and better incorporate the time-varying growth characteristics of
crops, various time series similarity measurement methods—originally developed in the
speech recognition community—have been adapted for use in agricultural remote sensing
community [33–35]. Compared with simple phenology-based methods, these approaches
have demonstrated improved crop mapping performance and achieved results comparable
to those of traditional supervised machine learning models [36–38]. Among them, Dynamic
Time Warping (DTW) is one of the most representative techniques [33,34,38,39].

However, when the DTW is directly applied to crop phenological time series, it can
result in excessive stretching or compression along the temporal axis, thereby limiting
its effectiveness in crop mapping. To overcome this limitation, the method has been
further refined in the agricultural remote sensing community through the introduction
of time weighting—resulting in the Time Weighted Dynamic Time Warping (TWDTW)
approach—which retains the nonlinear alignment capability of DTW while effectively
capturing the seasonal dynamics of crop growth [40]. For example, Shen et al. applied
TWDTW combined with Landsat and Sentinel imagery to successfully produce a high-
resolution (30 m) maize distribution map across 22 major provinces in China, achieving an
overall accuracy of 79%, with user accuracy and producer accuracy of 81.59% and 76.15%,
respectively, demonstrating the practical utility and effectiveness of TWDTW for large-scale
crop monitoring [41]. Nonetheless, it is worth noting that most related studies rely on crop
time series features covering the full season for analysis, often overlooking the potential of
phenological features during key growth stages [34,42–44]. While full-season time series
provide more comprehensive phenological information, they also increase algorithmic
complexity and may reduce transferability due to interannual phenological variations.
Moreover, for the input features of TWDTW, either only single-source features are used, or the
selection of multi-temporal and multi-source features is driven by empirical rules [40,43–45].
The potential benefits of systematically optimizing features at each observation time to
improve TWDTW performance have largely been overlooked [46–49]. For example, Chaves
et al. applied TWDTW to full-season MODIS time series to map interannual cropping
practice changes in the Brazilian Cerrado, without considering feature optimization at key
growth stages [48]. Similarly, Wei et al. conducted early-season crop mapping in Northeast
China using Sentinel-2 time series, where feature selection was based on commonly used
spectral bands and vegetation indices rather than systematic optimization [49].

Consequently, in the case of limited ground sample availability, this study took maize,
one of the three major staple crops, as the target crop, and systematically explored the
potential of multi-source remote sensing images (i.e., Sentinel-1 and Sentinel-2 images)
covering key phenological periods of maize to drive TWDTW for maize mapping at a
regional scale. Meanwhile, in order to provide a benchmark, we selected the traditional
supervised machine learning model (i.e., RF) and the temporal deep learning model (i.e.,
Long Short-Term Memory, LSTM) for comparison, since their robust performances for crop
mapping have been verified [14,50–52]. Then, the advantages of using TWDTW driven by
the optimal multi-source time series features were evaluated from multiple perspectives,
including optimization of feature and temporal combinations from multi-source remote
sensing images, computational complexity, and maize mapping results. The specific
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objectives of this study are as follows: (1) to propose a strategy for identifying the optimal
multi-source time series features for maize; (2) to evaluate, based on optimal multi-source
features with different temporal lengths, the comparative performance of TWDTW against
commonly used temporal machine learning models in terms of classification accuracy and
computational efficiency; (3) to validate the applicability of TWDTW driven by the optimal
multi-source time series features across different years.

Meanwhile, the following three research questions (RQs) can be addressed based on
the three objectives outlined above:

(RQ1) What are the key time series and feature combinations used for maize mapping
based on Sentinel-1/Sentinel-2 images?

(RQ2) How did TWDTW performance differ when driven by Sentinel-1/Sentinel-2
images covering maize key phenological periods versus the full-season?

(RQ3) How accurate were the maize mapping results produced by TWDTW
using Sentinel-1/Sentinel-2 images covering key maize phenological periods across
different years?

2. Study Area and Datasets

2.1. Study Area

Yangling District is located in the west-central part of Shaanxi Province and is an
important agricultural area within the Guanzhong region of the province. Its specific
geographical location is shown in Figure 1. The region has a terrain that rises from south to
north and a semi-humid continental monsoon climate with four distinct seasons. Moreover,
its abundant water resources and fertile soils make it highly suitable for cultivating a wide
range of crops, forming a typical double-cropping system dominated by winter wheat and
summer maize. Maize and wheat are the main crops, while vegetables, fruit trees, and
other cash crops are also cultivated. Agricultural land is relatively concentrated, irrigation
conditions are favorable, and the region is highly representative of agricultural production
in the Guanzhong Plain. In addition, the region contains non-crop land covers such as built-
up areas, roads, rivers, grasslands, and woodlands. Consequently, this region was selected
to explore the potential of combining TWDTW with optimally selected multi-source time
series features for maize mapping. The specific phenology stages of maize in Yangling
District are presented in Table 1. Maize is usually sown in early June, and seedlings emerge
and begin growing from late June to early July. The jointing and tasseling stages occur
from mid-late July to early September, during which the crop grows vigorously, especially
at the tasseling stage, when plant height increases rapidly, and vegetation cover expands
significantly. Maturity typically occurs in late September.

Table 1. Phenology period of maize in Yangling District.

Month Ten-Day Maize

6
Upper Sowing
Middle Seedlings
Lower Long leaves

7
Upper —
Middle —
Lower Jointing
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Table 1. Cont.

Month Ten-Day Maize

8
Upper —
Middle Tasseling
Lower —

9
Upper —
Middle Grouting
Lower Maturity

Figure 1. The specific location of the study area. (a) Geographical location of the study area.
(b) Sentinel-2 true color optical imagery of Yangling District acquired on 10 September 2021.

2.2. Datasets

To ensure uniform coverage of the entire maize growth cycle from sowing to maturity,
a unified set of 12 observation dates was selected at approximately 10-day intervals. For
each observation date, Sentinel-1 and Sentinel-2 images were acquired as close in time as
possible. In cases where missing acquisitions or cloud contamination occurred, temporal
linear interpolation was applied to reconstruct the missing values, thereby maintaining the
consistency and continuity of the multi-source time series. Further details are provided in
Sections 2.2.1 and 2.2.2.

2.2.1. Sentinel-1 Images

Based on the Google Earth Engine (GEE) platform, Sentinel-1 Ground Range Detected
(GRD) data products in Interferometric Wide Swath (IW) mode were acquired for the study
area from 2020 to 2023, covering the full phenology period of maize. Both VH (vertical
transmit, horizontal receive) and VV (vertical transmit, vertical receive) polarization modes
were included. All images were radiometrically calibrated and geometrically corrected,
resampled to a 10-meter spatial resolution and reprojected to the WGS84 geographic
coordinate system. The specific retained Sentinel-1 image dates after preliminary selection
via the GEE are listed in Figure 2.
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Figure 2. Captured Sentinel-1 image observation dates in different years.

Additionally, because of Sentinel-1’s orbital configuration, swath width constraints,
and occasional platform failures, data gaps may occur in the Yangling District, which lies
at the edge of the satellite’s coverage. To fill data gaps in parts of the study area, a temporal
linear interpolation method based on the nearest valid values before and after the missing
observation dates was used, since the effectiveness of this method in agricultural remote
sensing community has been widely and convincingly demonstrated [50]. The specific
missing regions of the study area before and after interpolation are shown in Figure 3.

Figure 3. Comparison of Sentinel-1 image gaps in the study area before and after interpolation.
(a) Original image. (b) Interpolated image.

2.2.2. Sentinel-2 Images

Sentinel-2 MSI Level-2A (i.e., Bottom of Atmosphere, BOA) data products were ob-
tained via the GEE platform for the study area from 2020 to 2023, covering the full phenol-
ogy period of maize. The 12 spectral bands, namely B1, B2, B3, B4, B5, B6, B7, B8, B8A, B9,
B11, and B12, were used in this study. Similarly, all images were radiometrically calibrated
and atmospherically corrected, resampled to a 10-meter spatial resolution and reprojected
to the WGS84 geographic coordinate system. The specific retained Sentinel-2 image dates
after preliminary selection via the GEE are listed in Figure 4.
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Figure 4. Captured Sentinel-2 image observation dates in different years.

Additionally, due to the susceptibility of optical imagery to weather conditions, several
Sentinel-2 scenes were affected by varying degrees of cloud contamination. To address
the resulting data gaps and enhance data quality, the same temporal linear interpolation
method described in Section 2.2.1 was applied to reconstruct the missing values. For the
scenes with localized cloud contamination, only the invalid pixels were interpolated. For
the scenes with extensive cloud contamination, the whole image was interpolated using the
nearest cloud-free images before and after the affected observation dates. The processed
images can exhibit improved continuity and clarity, as shown in Figure 5.

Figure 5. Comparison of Sentinel-2 imagery before and after interpolation. (a) Original imagery in a
localized cloud-covered area. (b) Interpolated imagery in a localized cloud-covered area. (c) Original
imagery in a large-scale cloud-covered area. (d) Interpolated imagery in a large-scale cloud-covered
area.
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2.2.3. Vegetation Index

For the vegetation index, this study employed two widely used indices in the agri-
cultural remote sensing community: the Normalized Difference Vegetation Index (NDVI)
and the Enhanced Vegetation Index (EVI). The NDVI can reflect vegetation coverage and
growth conditions by comparing the reflectance difference between the near-infrared and
red bands, while the EVI is designed to optimize the vegetation signal by correcting for
atmospheric and canopy background effects [53], making it particularly well suited for
monitoring vegetation conditions. Their specific calculation formulas are explained in
Equations (1) and (2):

NDVI =
NIR − RED
NIR + RED

(1)

EVI = G × NIR − RED
NIR + C1 × RED − C2 × BLUE + L

(2)

where NIR and RED represent the reflectance values of the near-infrared and red bands
contained in the Sentinel-2 image, respectively. G represents the gain factor, which is
typically set to 2. BLUE represents the reflectance values of the blue band contained in the
Sentinel-2 image. C1 and C2 represent constants (C1 = 6, C2 = 7.5), and L represents the
background correction factor, which is typically set to 1.

2.2.4. Ground Reference Data

To assess the accuracy of maize mapping, ground reference data from multiple
sources were utilized. For the years 2020 and 2021, existing maize map products pro-
vided by [54] were used as open-source ground reference datasets. These products
achieved overall accuracies ranging from 0.87 to 0.95, and the estimated maize plant-
ing areas were highly consistent with statistical yearbook records (R2 ranging from
0.83 to 0.95), thereby confirming their reliability. These datasets, available for download
at (https://doi.org/10.6084/m9.figshare.22689751.v17, accessed on 15 May 2025), were
utilized to validate the results of this study, as illustrated in Figure 6.

Figure 6. Open-source ground reference data for 2020 and 2021. (a) Open-source ground reference
data for 2020. (b) Open-source ground reference data for 2021.

In addition, high-quality open-source maize maps were unavailable for the years 2022
and 2023. Therefore, based on field surveys and visual interpretation of Sentinel-2 true
color imagery, 20 representative maize fields were manually annotated for each of the two
years. Specifically, the annotated fields included 3519 pixels in 2022 and 4710 pixels in 2023.
The detailed distribution of maize samples for both years is shown in Figure 7.
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Figure 7. Visual interpretation plot map of maize in Yangling District for 2022 and 2023. (a) Sentinel-2
RGB image acquired on 10 September 2021. (b) Visual interpretation results for 2022 (Sentinel-2,
10 September). (c) Visual interpretation results for 2023 (Sentinel-2, 15 September).

3. Methodology

An overview of the framework investigated in this study, which consists of three
principal modules, is shown in Figure 8: (1) optimal multi-source time series feature
determination, (2) performance comparison between RF, LSTM, and TWDTW driven by
different feature sets, and (3) TWDTW-based maize mapping using optimal time series
features. The details of each module are present in the following sections.

All analyses and machine learning models in this study were conducted in the
PyCharm environment using Python 3.8. The TWDTW method was implemented
with customized code. Throughout the analysis, we primarily employed commonly
used libraries including NumPy 2.2.6, Rasterio 1.4.3, GeoPandas 1.1.1, Scikit-learn 1.7.1,
PyTorch 2.8.0+cpu, Joblib 1.5.2, and TQDM 4.67.1.

3.1. Determination of Optimal Multi-Source Time Series Features
3.1.1. Determination of the Optimal Multi-Source Features in Different Observation Dates
Using Global Search Strategy

A quantitative separability indicator-based global search strategy was used to deter-
mine the optimal multi-source features for each observation date. This approach could
ensure that the selected feature combinations consistently provide high separability be-
tween maize and non-maize across different observation dates. The specific determination
of the optimal multi-source features for each observation date is illustrated in Figure 9. For
each observation date, all possible feature combinations were generated. The separability
indicators of these combinations were then calculated to identify the optimal multi-source
features for that specific date. Finally, a comprehensive analysis was conducted on the
optimal multi-source feature combinations identified for each observation date. The feature
combinations that most frequently yielded the highest separability indicators across all
observation dates were identified as the most representative for distinguishing maize from
non-maize, and considered the optimal multi-source features.
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Figure 8. The overview of the proposed framework.
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Figure 9. Flow chart for constructing the optimal multi-source features for each observation date.

Moreover, the Jeffries–Matusita (JM) distance was used in this study as the separability
indicator, since it can overcome the limitations of traditional metrics in high-dimensional
feature spaces, can effectively measure the differences between the joint probability distri-
butions of multiple classes, and has demonstrated robust performance in the agricultural
remote sensing community [55,56]. The specific calculation formulas are explained in
Equations (3) and (4):

Jij = 2
(

1 − e−dij
)

(3)

dij =
1
8
(
mj − mi

)T
[

∑i +∑j

2

]−1(
mj − mi

)
+

1
2

ln

∣∣∣∑i +∑j
2

∣∣∣√
|∑i|

∣∣∣∑j

∣∣∣ (4)

where mi represent the mean of feature vector of class i, ∑i and denotes the covariance
matrix of class i. The superscript T represents the transpose of the matrix. The value range
of JM distance is [0, 2]—the two classes can be completely distinguished when it equals 2,
and they are completely confused when it equals 0.

3.1.2. Determination of the Optimal Multi-Source Time Series Features Using Global
Search Strategy

Based on the optimal multi-source feature combination identified in Section 3.1.1,
the optimal multi-source time series feature was subsequently derived. Specifically, each
observation date was used as a start point, with the sequence length progressively extended
until including the final observation date (i.e., the 12th date). Figure 10 illustrates this
process using the first observation date as the start point. On this basis, all Sentinel-1
images within the observation range of each Sentinel-2 time series combination were used
in combination with the corresponding Sentinel-2 images, forming multi-source time series
datasets. This process can also be used when other observation dates are used as start point.
Similarly, for each time series combination, the JM distance between maize and non-maize
was assessed using the optimal multi-source feature combination identified in Section 3.1.1.
Consequently, by combining the optimal multi-source features for common observation
dates, the optimal recognition period for maize mapping could be found through this
type of method.

166



Remote Sens. 2025, 17, 3113

Figure 10. Flow chart of the optimal multi-source time series feature construction. Taking, as an
example, the first observation date that was used as the start date, this process could also be used
when other observation dates were used as the start dates.

3.2. Performance Comparison Between RF, LSTM, and TWDTW Driven by Different Feature Sets

Based on the full-season optimal multi-source features and the constructed optimal
multi-source time series features, this study compared the differences in maize mapping
performance between TWDTW, RF, and LSTM.

For the supervised RF and LSTM, 10% of the maize and non-maize pixel samples
from 2021, corresponding to a total of 160,833 pixels, were randomly selected as the
training set to build the models. Data from both 2020 and 2021 were used to evaluate
model performance, as comprehensive ground reference datasets were available for these
two years. Additionally, the model structure and parameter settings were the same as those
reported in the references [57,58].

For the TWDTW, the algorithm achieves alignment of temporal sequences by nonlin-
early warping the time axis and incorporating time-based weights, as shown in Figure 11.
This helps to more accurately capture the seasonal growth patterns shared between the
standard temporal curve of the target crop and the temporal curve of the pixels to be classi-
fied. For the time-weighted component, a Gaussian function was employed to penalize the
time offset (i.e., excessive distortion on the time axis). The specific calculation formula is
explained in Equation (5):

w(t) = e

(
− (t − μ)2

2σ2

)
(5)

where t is the time offset, representing the time difference between two time points in the
sequence. μ represents the central time point, which is usually set to 0 and indicates an ideal
match in time. σ represents the standard deviation, which is related to the data density of
the time series. σ is typically set as 1.2 to 2 times the median time interval between adjacent
time points, which could be used to control the decay rate of the time weight and improve
the adaptability to different time series distributions.
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Figure 11. The calculation process of the TWDTW.

Moreover, different from that is driven by the single feature, the TWDTW employed
in this study is driven by the optimal multi-source time series features, allowing for a more
comprehensive characterization of temporal dynamics, illustrated in Figure 12. Specifically,
multiple standard time series curves for maize were generated by averaging the values
of maize samples for each time series feature included in the optimal multi-source time
series features. The individual TWDTW distance between the pixel to be classified and the
corresponding standard maize time series curve was then calculated for each time series
feature. The final TWDTW distance is computed by summing the individual TWDTW
distances corresponding to each time series feature within the optimal multi-source time
series features. A smaller TWDTW distance indicates a higher similarity between the pixel
and the standard time series curve, thereby implying a greater likelihood that the pixel
belongs to the maize category.

Figure 12. TWDTW-based maize mapping using optimal multi-source time series features.

In this study, the standard maize time series curve constructed from 2021 was used
as a reference for cross-year mapping. Time series data from other years were directly
matched against this curve to perform maize mapping, which could be used to evaluate
the temporal generalization ability of the TWDTW method.
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3.3. Maize Mapping via TWDTW Driven by Optimal Multi-Source Time Series Features

The optimal standard time series curves for maize, constructed in 2021, were used
as the benchmark. Subsequently, based on TWDTW and optimal multi-source time series
features, maize maps of Yangling District were generated for the years 2020 to 2023. Mean-
while, the extraction results were assessed from both spatial and statistical perspectives,
including spatial consistency and extracted area-based comparisons.

For maize spatial distribution verification, the evaluation indicators were calculated by
comparing differences between mapping results and ground reference datasets. The indicators
mainly included user accuracy, producer accuracy, F1-score, etc. Please refer to [59] for the
specific mathematical expression. For verification of the maize area statistics, average
relative error was calculated by comparing the differences between the maize area derived
from Sentinel-1/2 images and the maize area recorded in the statistics data.

4. Experimental Results and Discussions

4.1. Optimal Multi-Source Time Series Features of Sentinel-1 and Sentinel-2 Images for
Maize Mapping

(RQ1) In order to construct the optimal multi-source time series features of Sentinel-1
and Sentinel-2 images for maize mapping, the two-step JM distance-based global search
strategy was used to select optimal multi-source features at each observation date and to
build optimal multi-source time series features by incorporating temporal information.
Subsequently, the standard time series curve for maize was established using the
constructed dataset.

4.1.1. Determination of the Optimal Features of Sentinel-1/2 Images Across Multiple
Observation Dates

Based on the framework presented in Section 3.1.1, the optimal features of Sentinel-1/2
across multiple observation dates were systematically selected. The JM distances from
different feature combinations for each observation date were calculated. Due to the large
number of feature combinations, only the top eight groups with the highest JM distance
values for each observation date are displayed (i.e., 26 feature combinations, as listed in
Table 2), and their JM distances calculated from different observation dates are shown in
Figure 13. Different colors represent the values of JM distance calculated from different
feature combinations.

Table 2. The top eight feature combinations with the highest JM distance values for each observation
date. Across all observation dates, a total of 26 unique feature combinations were identified.

Feature Combination Feature Name

1 B1\B2\B3\B4\B5\B6\B7\B8\B8A\B9\B11\B12\NDVI\EVI\VV\VH
2 B1\B2\B3\B4\B5\B6\B7\B8\B8A\B9\B11\B12\NDVI\EVI\VV
3 B1\B2\B3\B4\B5\B7\B8\B8A\B9\B11\B12\NDVI\EVI\VV\VH
4 B1\B2\B3\B4\B5\B6\B7\B9\B11\B12\NDVI\EVI\VV\VH
5 B1\B2\B3\B4\B5\B6\B7\B8\B11\B12\NDVI\EVI\VV\VH
6 B2\B3\B4\B5\B6\B7\B8\B8A\B9\B11\B12\NDVI\EVI\VV\VH
7 B1\B3\B4\B5\B6\B7\B8\B8A\B9\B11\B12\NDVI\EVI\VV\VH
8 B1\B2\B3\B4\B5\B6\B7\B8\B8A\B9\B11\B12\NDVI\EVI\VH
9 B1\B2\B4\B5\B6\B7\B8\B8A\B9\B11\B12\NDVI\EVI\VV\VH
10 B1\B2\B3\B4\B5\B7\B8\B8A\B9\B11\B12\NDVI\EVI\VV
11 B1\B2\B3\B4\B6\B7\B8\B8A\B9\B11\B12\NDVI\EVI\VV\VH
12 B1\B2\B3\B4\B5\B6\B7\B8\B11\B12\NDVI\EVI\VV\VH
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Table 2. Cont.

Feature Combination Feature Name

13 B1\B2\B3\B5\B6\B7\B8\B8A\B9\B11\B12\NDVI\EVI\VV\VH
14 B1\B3\B4\B5\B6\B7\B8\B8A\B9\B11\B12\NDVI\EVI\VV
15 B1\B2\B4\B5\B6\B7\B8\B8A\B9\B11\B12\NDVI\EVI\VV
16 B1\B2\B3\B4\B5\B7\B8\B8A\B9\B11\B12\NDVI\EVI\VV
17 B1\B3\B4\B5\B7\B8\B8A\B9\B11\B12\NDVI\EVI\VV\VH
18 B1\B2\B3\B4\B5\B6\B8\B8A\B9\B11\B12\NDVI\EVI\VV\VH
19 B1\B2\B3\B4\B5\B6\B7\B8\B8A\B9\B11\B12\NDVI\EVI
20 B1\B2\B3\B4\B5\B6\B7\B8\B8A\B9\B11\B12\NDVI\VV\VH
21 B1\B2\B3\B4\B5\B6\B7\B8\B8A\B9\B11\B12\NDVI\VV
22 B1\B2\B3\B4\B5\B7\B8\B8A\B9\B11\B12\NDVI\VV\VH
23 B1\B2\B3\B4\B5\B6\B7\B8\B11\B12\NDVI\VV\VH
24 B1\B2\B3\B4\B5\B6\B7\B9\B11\B12\NDVI\VV\VH
25 B1\B2\B3\B4\B5\B6\B7\B8\B8A\B9\B11\B12\NDVI\VH
26 B1\B2\B3\B4\B5\B6\B8\B8A\B9\B11\B12\NDVI\VV\VH

Figure 13. The JM distance distribution between maize and non-maize calculated from different
feature combinations under different observation dates.

It can be seen that the feature combination including all features presented in this study
(Feature combination 1) most frequently yielded the highest JM distance across multiple
observation dates (Figure 13). These features include twelve multispectral bands and two
vegetation indices (NDVI and EVI) from Sentinel-2 images, as well as two polarization
features (VV and VH) from Sentinel-1 images. In addition, it was worth noting that JM
distances calculated from different feature combinations on the fifth and sixth observation
dates, which corresponds to the early jointing stage of maize, were significantly higher than
those from other observation dates. This is mainly because maize undergoes rapid changes
in its external morphological characteristics during the early jointing stage, particularly in
plant height and leaf expansion. Therefore, at this phenology stage, spectral signals from
other land cover types are primarily governed by surface diffuse reflection from the soil,
whereas maize exhibits strong volumetric scattering due to its developing canopy structure.
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This contrast results in increased spectral separability between maize and other land
cover types.

In summary, the combination of twelve spectral bands, NDVI, EVI, and VV and VH po-
larization features represented the optimal multi-source features for distinguishing maize from
non-maize throughout the maize growth period. Therefore, based on this feature combination,
this study further explored the optimal temporal combination for maize discrimination.

4.1.2. Determination of the Optimal Multi-Source Time Series Features of Sentinel-1/2 Images

Based on the optimal feature combinations obtained from Section 4.1.1 and the frame-
work presented in Section 3.1.2, the optimal multi-source time series features of Sentinel-1/2
were selected. The JM distances derived from the optimal multi-source features constructed
over different temporal windows corresponding to various growth stages of maize are
shown in Figure 14. The curves in different colors represent the JM distance distributions
calculated from time series that gradually incorporate data from various initial observation
dates to the maturity stage of maize.

Figure 14. The JM distance distribution between maize and non-maize calculated from the optimal
multi-source features constructed over different temporal windows.

It can be seen that the JM distance was not the highest when images covering the entire
maize growth cycle were used (Figure 14). This may be attributed to the presence of non-
maize crops in the region that share similar phenology stages with maize, especially during
the early growth stages, which limits the separability between maize and non-maize even
with the introduction of multi-temporal data. This also indicates that directly using data
spanning the entire growth cycle of maize may not be optimal for accurate maize mapping.
In contrast, when only the optimal multi-source features from Sentinel-1/2 images during
the mid-to-late growth stages were used, the JM distance between maize and non-maize
reached its maximum (i.e., 2) and tended to stabilize. Specifically, based on the optimal
multi-source features, when the fifth observation date was used as the starting point, the JM
distance between maize and non-maize was effectively improved and remained constant
at 2 as optimal multi-source features from subsequent dates were progressively added
to the time series. However, when the time series features exclude the fifth observation
date, the separability decreases significantly. This indicates the importance of multi-source
features from the fifth observation date (i.e., the observation dates aligned with the maize
jointing stage) in accurately distinguishing maize from non-maize. Moreover, when the

171



Remote Sens. 2025, 17, 3113

10th observation date was used as the starting point, and subsequent data after the 10th
observation date were incorporated into the time series feature set, the JM distance exhibited
a declining trend. This means that the data from observation dates after the 10th observation
date had little impact on distinguishing maize from non-maize.

Therefore, to utilize shorter yet effective time series features, this study selected
the optimal multi-source features from the 5th to 10th observation dates, corresponding
to the period from late July to mid-September. This period aligns with the jointing to
tasseling stages of maize. The observation dates of the final optimal multi-source time
series features are shown in Figure 15. Compared with using full-season time series data,
this temporal combination not only maintained a high level of class separability but also
reduced redundant observations. Further details and validations are presented in the
subsequent sections.

Figure 15. The observation dates distribution of the final optimal multi-source time series features for
different years. (a) The optimal Sentinel-1 observation date distribution for maize mapping. (b) The
optimal Sentinel-2 observation date distribution for maize mapping.

4.1.3. Construction and Analysis of Standard Time Series Curves Based on the Optimal
Multi-Source Time Series Features from Sentinel-1/2 Images

Based on the optimal multi-source time series features identified in Sections 4.1.1
and 4.1.2, sixteen standard maize time series curves were constructed, each covering
six observation dates spanning from the jointing to tasseling stages. To improve the
robustness and representativeness of the standard time series curves, maize sample pixels
were further screened, rather than relying solely on the mean values of each feature across
all samples.

Specifically, the data from 2021 was taken as an example. For each observation date,
the initial mean and a two-standard-deviation range for each feature were derived from
the 98,982 maize pixels in the reference data. These statistics were used to represent the
overall distribution of maize features in the study area. Subsequently, to remove potential
outliers and reduce extreme variability, only maize pixels with feature values falling within
±1 standard deviation of the mean were retained, resulting in 73,682 pixels. Finally, the
mean values of different features were recalculated based on the filtered data to construct
the optimized maize standard time series curve. The specific changes in the maize standard
time series curves based on different features before and after optimization in Yangling
District in 2021 are shown in Figure 16.
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Figure 16. Comparison of maize standard time series curves before and after optimization in Yangling
District, 2021.

It can be seen that this data filtering method could reduce the fluctuation of pixel
features used to construct the maize standard time series curve, without substantially
altering its mean values (Figure 16). This indicates that the method can effectively suppress
the influence of outliers and noise, thereby improving the stability and representativeness
of the resulting time series curves, which is crucial for improving the accuracy of TWDTW-
based crop mapping. Furthermore, the minimal change in mean values before and after
optimization provides a certain degree of validation for the reliability of the overall maize
distribution in the open-source reference data. This also indicates that constructing a maize
standard curve based on the open-source reference data used in this study is feasible.

4.2. Comparison Between TWDTW and Traditional Supervised Machine Learning Methods for
Maize Mapping Across Different Time Series Lengths

(RQ2) Based on the full-season optimal multi-source features and the constructed
optimal multi-source time series features, this study compared the performance of TWDTW,
RF, and LSTM methods in maize mapping within Yangling District, focusing on both
mapping accuracy and computational complexity.

4.2.1. Comparison of Maize Mapping Methods Using Full-Season Optimal Multi-Source
Features

The TWDTW, traditional supervised RF, and LSTM methods, driven by the full-season
optimal multi-source features, produced maize mapping results for Yangling District across
different years, as shown in Figure 17. Their corresponding accuracy evaluation results for
different years are presented in Table 3, and the detailed confusion matrices can be found
in Tables S1 and S2 of the Supplementary Material.
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Figure 17. Maize mapping results of the different methods using full-season optimal multi-source
features across different years. (a) Maize mapping results of the different methods using full season
optimal multi-source features across 2020. (b) Maize mapping results of the different methods using
full-season optimal multi-source features across 2021.

All three methods could effectively extract the spatial distribution of maize in the
study area for both 2020 and 2021 (Figure 17 and Table 3). In particular, the TWDTW
method, driven by the full-season optimal multi-source features, significantly outperformed
the supervised RF and demonstrated certain advantages over the supervised LSTM in
terms of mapping accuracy and stability. Specifically, for the maize mapping in 2021,
the TWDTW achieved an overall accuracy of 98.01%, with a user accuracy of 97.65%, a
producer accuracy of 89.92%, and an F1 score of 0.9369. Compared with the supervised RF
and LSTM, these indicators showed improvements of 2.46% and 7.88% in user accuracy,
10.99% and 4.76% in producer accuracy, and 0.0739 and 0.0629 in F1 score, respectively.
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The superior performance of TWDTW was also evident in the maize mapping results for
2020, further confirming its robustness across different temporal contexts. However, it
was worth noting that the overall accuracies of TWDTW were slightly lower than those
of the supervised RF and LSTM models. This was mainly due to the significant class
imbalance in the study area, where non-maize pixels greatly outnumbered maize pixels. As
a result, when the model tends to classify more pixels as non-maize, the overall accuracy
becomes higher.

Moreover, representative maize-intensive and maize-sparse regions in Yangling District
were selected for visual comparison to assess the effectiveness of TWDTW driven by full-season
optimal multi-source features in mapping spatial details, as shown in Figures 18 and 19.

Figure 18. Maize mapping results in different maize planting regions for 2020, generated by different
methods based on full-season optimal multi-source features. (a) Maize-intensive regions mapping
results generated by different methods using full-season optimal multi-source features. (b) Maize-sparse
regions mapping results generated by different methods using full-season optimal multi-source features.
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Figure 19. Maize mapping results in different maize planting regions for 2021, generated by different
methods based on full-season optimal multi-source features. (a) Maize-intensive regions mapping
results generated by different methods using full-season optimal multi-source features. (b) Maize-sparse
regions mapping results generated by different methods using full-season optimal multi-source features.

Table 3. Comparison of maize mapping accuracies of the different methods using full-season optimal
multi-source features across different years.

Year Method OA Maize UA Maize PA Maize F1 Score

2020
RF 94.67% 96.05% 70.68% 0.8144

LSTM 95.34% 89.17% 81.75% 0.8530
TWDTW 93.66% 99.51% 84.28% 0.9134

2021
RF 98.22% 95.19% 78.93% 0.8630

LSTM 98.25% 89.77% 85.16% 0.8740
TWDTW 98.01% 97.65% 89.92% 0.9369
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For maize mapping across different planting regions and years, it can be seen
that in both maize-intensive and maize-sparse regions, the supervised RF and LSTM
models performed well in extracting large-scale contiguous maize planting regions
(Figures 18 and 19). However, under the influence of mixed pixels along field bound-
aries, noticeable misclassification along field boundary and salt-and-pepper noise were
observed in the mapping results of RF and LSTM. In contrast, TWDTW could effectively
preserve field integrity with fewer boundary errors and significantly reduce salt-and-
pepper noise in the mapping results, thereby producing the most accurate maize maps
across different planting regions in Yangling District. This is mainly because, unlike the su-
pervised RF and LSTM models that rely primarily on spectral values, TWDTW exploits the
temporal trajectory of crop growth and aligns it with standard crop time series curves. This
trajectory-based comparison emphasizes the temporal consistency and shape of vegetation
dynamics, thereby reducing the sensitivity to spectral distortions introduced by non-crop
components within mixed pixels. As a result, TWDTW can partially overcome the effects
of mixed pixels.

In summary, compared with the supervised RF and LSTM, commonly used in the
agricultural remote sensing community, TWDTW driven by the full-season optimal multi-
source features can also be applied to maize mapping and demonstrate certain advantages
in maize mapping performance. However, the use of full-season optimal multi-source
features may increase the computational complexity of TWDTW, which can also lead
to a certain amount of redundant information. Therefore, in the following section, we
would further explore the maize mapping performance of TWDTW driven by optimal
multi-source time series features.

4.2.2. Comparison of Maize Mapping Methods Using Optimal Multi-Source Time
Series Features

Moreover, the TWDTW, traditional supervised RF, and LSTM methods, driven by the
optimal multi-source time series features, produced maize mapping results for Yangling
District across different years, as shown in Figure 20. Their corresponding accuracy evalua-
tion results for different years are presented in Table 4, and the detailed confusion matrices
can be found in Tables S3 and S4 of the Supplementary Material.

Table 4. Comparison of maize mapping accuracies of the different methods using optimal multi-
source time series features across different years.

Year Method OA Maize UA Maize PA Maize F1 Score

2020
RF 98.02% 98.40% 89.64% 0.9372

LSTM 94.89% 89.64% 83.64% 0.8373
TWDTW 99.66% 99.94% 91.79% 0.9569

2021
RF 99.03% 98.95% 87.26% 0.9274

LSTM 98.81% 94.21% 88.74% 0.9139
TWDTW 99.61% 99.95% 92.91% 0.9630

It can be seen that all three methods, driven by optimal multi-source time series
features, were still able to effectively extract the spatial distribution of maize in the study
area for both 2020 and 2021 (Figure 20 and Table 4). Similarly, the TWDTW method, driven
by optimal multi-source time series features, significantly outperformed the supervised
RF and LSTM in terms of mapping accuracy and stability. Specifically, for maize mapping
in 2021, the overall accuracy, maize user’s accuracy, producer accuracy, and F1 score of
TWDTW reached 99.61%, 99.95%, 92.91%, and 0.9630, respectively. Notably, the maize
user’s accuracy, producer accuracy, and F1 score of TWDTW showed greater improvements
than those of the supervised RF and LSTM. Its superior performance could also be observed
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in the maize mapping results for 2020. In addition, compared with the methods driven by
full-season optimal multi-source features, those using the optimal multi-source features
further improved maize mapping performance. These results confirmed the effectiveness
of the selected temporal features in this study. In particular, the improvement observed in
TWDTW was more pronounced.

Figure 20. Maize mapping results of the different methods using optimal multi-source time series
features across different years. (a) Maize mapping results of the different methods using optimal
multi-source time series features across 2020. (b) Maize mapping results of the different methods
using optimal multi-source time series features across 2021.

Moreover, to further evaluate the spatial details of maize mapping, different represen-
tative maize planting regions in Yangling District, selected in Section 4.2.1, were used for
visual comparison to assess the effectiveness of TWDTW driven by optimal multi-source
time series features, as shown in Figures 21 and 22.

178



Remote Sens. 2025, 17, 3113

Figure 21. Maize mapping results in different maize planting regions for 2020, generated by different
methods based on optimal multi-source time series features. (a) Maize-intensive regions mapping
results generated by different methods using optimal multi-source time series features. (b) Maize-
sparse regions mapping results generated by different methods using optimal multi-source time
series features.

For maize mapping across different planting regions and years, it can be seen that the
performance of the three methods driven by optimal multi-source time series features was
generally consistent with that of the same methods driven by full-season optimal multi-
source features in both maize-intensive and maize-sparse regions (Figures 21 and 22). RF and
LSTM exhibited considerable misclassification in small and fragmented maize planting areas,
whereas TWDTW produced the most accurate mapping results in these regions.
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Figure 22. Maize mapping results in different maize planting regions for 2021, generated by different
methods based on optimal multi-source time series features. (a) Maize-intensive regions mapping
results generated by different methods using optimal multi-source time series features. (b) Maize-
sparse regions mapping results generated by different methods using optimal multi-source time
series features.

In summary, although RF and LSTM can also achieve good maize mapping results,
they rely heavily on a large number of manually annotated ground samples across various
land cover categories. This dependency limits their transferability and timeliness, especially
in complex environments characterized by diverse non-target classes (e.g., bare soil, various
non-target crops, and other types of vegetation). In contrast, TWDTW can classify pixels by
matching them with the standard time series curve of the target crop, even with limited
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samples of the target crop. This process does not require the collection of non-target crop
samples, which greatly facilitates practical crop mapping. In addition, it was worth noting
that compared with the methods driven by full-season optimal multi-source features,
those using optimal multi-source time series features achieved improved maize mapping
performance while requiring less input data. This significantly reduces the computational
complexity of the method, which would be proved in the subsequent content.

4.2.3. Comparison of Computational Complexity Between Full-Season and Optimal Time
Series Schemes

For practical crop mapping tasks, while high mapping accuracy is important, computa-
tional complexity ultimately determines a model’s feasibility for large-scale crop mapping.
Consequently, we further compared computational complexity for models driven by opti-
mal multi-source features under the full-season and optimal time series schemes, as listed
in Table 5.

Table 5. Comparison of computational complexity between full-season and optimal time series schemes.

Temporal Length of the Optimal Multi-Source Features Method Processing Time (min) Parameters

Optimal time series
RF 5.90 6,594,476

LSTM 247.85 219,393
TWDTW 38.73 —

Full season
RF 8.02 11,578,996

LSTM 330.10 219,393
TWDTW 154.22 —

Note: Processing time for TWDTW reflects the time consumed in generating the distance matrix; for RF and
LSTM, it reflects the time required for producing classification results.

It can be seen that the inference time of all models was significantly reduced when
using the optimal multi-source features from the optimal time series (Table 5). Specifically,
for TWDTW, its inference time dropped from 154.22 min to 38.73 min, a reduction of
approximately 74.9%. For the supervised RF and LSTM, their inference times dropped
by about 24.9% and 26.4%, respectively. The reduced inference time of the RF model
using optimal multi-source time series features could be attributed to a 43% reduction in
parameters compared to the version based on full-season optimal multi-source features,
resulting in significantly lower computational complexity. For the LSTM model, the number
of parameters remained the same across the two feature modes, as it primarily depends
on the input feature dimension (i.e., 16) at each time step, the hidden state size, and the
number of LSTM layers, all of which were kept constant in this study. However, the longer
time sequence in the full-season scheme increased computational complexity, resulting
in a longer inference time. For the TWDTW, a non-parametric method with no trainable
parameters, the computational cost is primarily determined by the time series length (n)
and feature dimension (d), with a complexity of O (n2·d). Consequently, when optimal
multi-source features from the reduced time series were used, the computational cost of
TWDTW could theoretically be reduced to 25% of that under the full-season scheme, as the
time series length was halved while the feature dimension per observation date remained
constant at 16. Combined with the mapping performance results in Sections 4.2.1 and 4.2.2,
this further confirms the practical value of TWDTW constructed with optimal multi-source
features from the optimal time series for large-scale crop mapping tasks.

In general, the incorporation of optimal multi-source time series features effectively
improved mapping performance while substantially lowering computational costs com-
pared to the full-season scheme, particularly for the TWDTW, which relies less on ground
samples (i.e., only representative samples of target crops are needed, without requiring
samples of complex non-target crop categories).
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4.3. Maize Mapping for Yangling District via TWDTW Driven by Optimal Multi-Source Time
Series Features

(RQ3) The optimal multi-source time series features from different years were input
into the TWDTW model calibrated using 2021 data, to generate 10 m maize maps of
Yangling District from 2020 to 2023. They were validated from the perspectives of maize
spatial distribution and maize area statistics.

4.3.1. Comparison Between the Mapping Results and Reference Datasets

The specific maize mapping results of Yangling District for different years are shown
in Figure 23, and their accuracies, evaluated against ground reference data, are summa-
rized in Table 6, and the detailed confusion matrices can be found in Table S5 of the
Supplementary Material.

Figure 23. Maize maps of Yangling District from 2020 to 2023.

Table 6. Accuracies of maize maps in Yangling District from 2020 to 2023.

Year OA Maize UA Maize PA Maize F1 Score

2020 99.66% 99.94% 91.79% 0.9569
2021 99.61% 99.95% 92.91% 0.9630
2022 99.57% 99.93% 92.31% 0.9597
2023 99.35% 98.76% 88.09% 0.9312

It can be seen that the spatial distribution of maize cultivation in Yangling District
remained relatively stable from 2020 to 2023, with cultivation primarily concentrated in
the central and southern areas (Figure 23). The TWDTW-based maize maps, driven by
optimal multi-source time series features, maintained high accuracy across the four years
(Table 6). Specifically, the overall classification accuracies consistently remained above 99%,
exhibiting minimal interannual variation. Additionally, user accuracy, producer accuracy,
and F1 scores for maize classification were all stably above 85%, with the difference between
user and producer accuracy remaining within a 10% range. This indicates that both
omission and commission errors for maize were limited. However, the producer’s accuracy
for maize in 2023 dropped to 88.09%, possibly due to limitations in the accuracy of visual
interpretation reference samples and interannual variations in crop phenology (i.e., There
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are certain differences in crop phenology across different years, especially when the years
are widely spaced), which together led to misclassification in a small number of areas.

Moreover, visual analysis of maize extraction results from local areas in Yangling
District across different years was conducted to assess the robustness of the TWDTW
method, driven by optimal multi-source time series features, in capturing local details.
Specifically, the visually interpreted regions, as described in Section 2.2.4, from 2022 and
2023 were used as reference areas to analyze the local maize mapping results over these
years. For 2020 and 2021, the mapping results were directly validated using open-source
ground reference data within the areas interpreted in 2022 and 2023. The specific maize
mapping results across different years for this local area are shown in Figure 24.

Figure 24. Maize mapping results in local regions of Yangling District from 2020 to 2023.

It can be seen that the maize mapping results generated by the TWDTW method,
driven by optimal multi-source time series features, demonstrated relatively stable per-
formance in the same local areas over multiple years, with minimal classification error
(Figure 24). In particular, the maize mapping results for 2020 and 2021 better preserved field
integrity, with fewer boundary errors, whereas slightly more misclassifications occurred
along field edges in 2022 and 2023, especially in 2023, when this type of error was relatively
more frequent. A possible reason is that interannual variations in crop phenology were
smaller in 2020 and 2021, leading to better alignment between the standard curve and
observed temporal trajectories (The maize standard curve was constructed using data from
2021). This allows TWDTW to more accurately discriminate field boundaries (i.e., mixed
pixels), whereas larger phenological shifts in 2022 and 2023 resulted in slightly higher
boundary misclassification.

In general, from the perspectives of maize spatial distribution, the TWDTW driven by
optimal multi-source time series features can effectively extract the maize planting areas
across different years in Yangling District.

4.3.2. Comparison Between the Extracted Maize Area and Subnational Statistics Data

Moreover, maize areas extracted from Sentinel-1/2 images across different years were
compared with those recorded in statistical data, as reported in Table 7.
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Table 7. Maize area comparison between extracted maize maps and statistical data across different years.

Year Actual Area (kha) Predicted Area (kha) Relative Error (%)

2020 0.6500 0.6058 6.80%
2021 0.8800 0.8191 6.92%
2022 0.8700 0.8442 2.97%
2023 0.8000 0.7222 9.73%

It can be found that based on the TWDTW driven by optimal multi-source time series
features, the four-year average relative error between the maize planting area of Yangling
District derived from Sentinel-1/2 images and the statistical data was 6.61% (Table 7).
This may be due to differences in the phenology periods of maize between 2021 and 2023.
Therefore, when the maize standard curve constructed in 2021 was directly used for 2023,
even with optimal multi-source time series features covering key growth periods, the
mapping performance of TWDTW can still be limited to some extent.

In summary, in terms of maize spatial distribution and area statistics, the TWDTW
driven by optimal multi-source time series features robustly extracted maize planting infor-
mation from Sentinel-1/2 images over multiple years. Moreover, this method demonstrated
satisfactory interannual transferability when the temporal gap between years was relatively
short. It holds significant practical value for obtaining crop distribution information in
regions with limited sample availability.

4.4. Advantages and Limitations

Compared with existing TWDTW-based crop mapping methods [43–45,60], this study
employed the two-step JM distance-based global search strategy to select optimal multi-
source features at each observation date and to build optimal multi-source time series
features by incorporating temporal information. Then, the differences between TWDTW
driven by full-season optimal multi-source features, TWDTW driven by optimal multi-
source time series features, and commonly used supervised methods were systematically
analyzed. The analysis focused on mapping performance across different years and com-
putational complexity, avoiding the direct use of full-season time series data or empirically
selected multi-temporal and multi-source features. Finally, the maize maps produced by
the optimal multi-source time series features-driven TWDTW were consistent with existing
research results, as the evaluation metrics calculated based on previous maize maps all
reached desirable levels [54].

However, there were still some limitations in this study, described as follows:
(1) In this study, optimal multi-source time series features were fused by directly

stacking feature dimensions. However, high feature dimensionality may still occur even
after optimization. This issue can be addressed by introducing criteria for dimensionality
reduction and selecting appropriate reduction methods.

(2) In this study, the standard corn growth curve established in 2021 was directly ap-
plied to TWDTW-based cross-year mapping for other years. However, when the phenology
characteristics of maize vary significantly between years, the effectiveness of this transfer
may be limited, especially when the temporal intervals are long (i.e., The situation of larger
phenological shifts may occur). To address this limitation, the benchmark maize standard
curve can be gradually refined by integrating multi-year sample datasets from diverse
regions, which would improve the spatiotemporal generalization ability of TWDTW and
enhance its robustness in large-scale regions.

(3) In this study, the advantages of the TWDTW for maize mapping, based on the
constructed optimal multi-source time series features, were mainly validated in Yangling
District, a plain area, while its applicability in other complex environments was ignored.
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Such environments pose additional challenges, including terrain-induced spectral variabil-
ity, crop mixtures within smallholder fields, and irregular planting patterns. These issues
can be further investigated through transfer experiments using the TWDTW method with
optimal multi-source time series features in different regions, thereby helping to validate
and enhance its generalization capacity.

5. Conclusions

In the case of limited ground sample availability, this study systematically explored
the potential of multi-source remote sensing images (i.e., Sentinel-1 and Sentinel-2), ac-
quired during key phenological stages of maize, to support TWDTW-based mapping at the
regional scale. First, the optimal multi-source time series features were identified through a
two-step JM distance-based global search strategy. Then, based on optimal multi-source
features with different temporal lengths, a systematic comparison of maize mapping perfor-
mance and computational complexity between TWDTW and commonly used supervised
machine learning models in agricultural remote sensing was conducted. Finally, maize
maps of Yangling District from 2020 to 2023 were produced using optimal multi-source
time series features-based TWDTW. The main conclusions are described as follows:

(1) For the maize mapping tasks in Yangling District, twelve spectral bands, the NDVI,
EVI, as well as VV and VH corresponding to the maize jointing to tasseling stages, were
the optimal multi-source time series features.

(2) For the maize mapping tasks in Yangling District, TWDTW driven by optimal
multi-source time series features not only significantly reduced computational complex-
ity, but also outperformed both TWDTW using full-season optimal multi-source fea-
tures and traditional supervised machine learning models reliant on large multi-category
sample sizes.

(3) Maize maps of Yangling District from 2020 to 2023, produced using TWDTW based
on optimal multi-source time series features, consistently achieved overall accuracies above
90%, with an average relative error of only 6.61% compared to statistical yearbook data.

We hope this study may provide a new and comprehensive strategy for feature
optimization in maize mapping tasks. In addition, it may offer guidance for enhancing
TWDTW performance in large-scale crop mapping, which is particularly important when
sample availability is limited.
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Highlights

What are the main findings?

• A customized GCN was constructed using rice plots as graph nodes and integrating
multidimensional rice features, achieving 98.3% accuracy for rice identification under
complex mountainous terrain and improving computational efficiency.

What is the implication of the main finding?

• The integration of multidimensional features provided an ecologically consistent repre-
sentation of rice, significantly enhancing classification accuracy under complex terrain.

• The method showed strong transferability and scalability, supporting large-area rice
mapping and monitoring across diverse regions and cloudy conditions.

Abstract

Rice is one of the most important staple crops in China, and the rapid and accurate ex-
traction of rice planting areas plays a crucial role in the agricultural management and
food security assessment. However, the existing rice field identification methods faced the
significant challenges in mountainous regions due to the severe cloud contamination, insuf-
ficient utilization of multi-dimensional features, and limited classification accuracy. This
study presented a novel rice field identification method based on the Graph Convolutional
Networks (GCN) that effectively integrated multi-source remote sensing data tailored for
the complex mountainous terrain. A coarse-to-fine cloud removal strategy was developed
by fusing the synthetic aperture radar (SAR) imagery with temporally adjacent optical
remote sensing imagery, achieving high cloud removal accuracy, thereby providing reliable
and clear optical data for the subsequent rice mapping. A comprehensive multi-feature
library comprising spectral, texture, polarization, and terrain attributes was constructed
and optimized via a stepwise selection process. Furthermore, the 19 key features were
established to enhance the classification performance. The proposed method achieved
an overall accuracy of 98.3% for the rice field identification in Huoshan County of the
Dabie Mountains, and a 96.8% consistency compared to statistical yearbook data. The
ablation experiments demonstrated that incorporating terrain features substantially im-
proved the rice field identification accuracy under the complex topographic conditions.
The comparative evaluations against support vector machine (SVM), random forest (RF),
and U-Net models confirmed the superiority of the proposed method in terms of accuracy,
local performance, terrain adaptability, training sample requirement, and computational
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cost, and demonstrated its effectiveness and applicability for the high-precision rice field
distribution mapping in mountainous environments.

Keywords: rice field identification; optical remote sensing; SAR imagery; graph convolu-
tional network; mountainous terrain

1. Introduction

Rice, as one of the world’s three major staple crops, provides the essential food security
for the vast majority of the global population. The accurate estimation of the rice yield is
therefore critically important [1]. The rice planting area serves as a crucial indicator for esti-
mating the rice yield and has attracted considerable attention from agricultural authorities.
To achieve rapid and accurate extraction of rice planting areas, the precise rice field iden-
tification is essential [2,3]. Due to the geographical variability of rice cultivation regions,
some regions have the characteristic of the mountainous and hilly terrain [4]. However, the
current studies primarily focus on flat and open plain regions. Few studies have focused on
identifying the rice fields under the mountainous and hilly terrainrice field identification.
If the rice field distribution under the above conditions can be accurately identified and
integrated with data from plain regions, it would be possible to generate a comprehensive
nationwide rice field distribution map. Gaining a complete and accurate understanding of
rice cultivation patterns plays a vital role in advancing agricultural modernization.

Due to the low elevation and relatively uniform terrain of plain regions, previous stud-
ies have generally achieved favorable results under such conditions. However, the rice field
identification in mountainous regions, which have rugged topography and unique climatic
conditions, often requires consideration of additional influencing factors.mountainous
region. In recent years, some researchers have begun to explore methods for the rice field
identification in mountainous regions [5–7]. Due to the higher elevation and frequent cloud
covermountainous region, the remote sensing imagery for the rice field identification is
often affected by the cloud contamination. Quan et al. [8] employed a combination of
traditional unsupervised classification and visual interpretation to extract the rice planting
areas in the Dabie Mountain region of Anqing City, Anhui Province, for the years 2016 and
2017. Although this study achieved the large-scale extraction of the rice planting areas,
the use of the low-resolution Landsat imagery and the lack of consideration for cloud
and fog effects on remote sensing imageries made it difficult to clearly identify rice fields
under mountainous conditions. Sang et al. [9] successfully produced a high-resolution
rice field distribution map by performing the cloud removal on optical remote sensing
imageriesimageries using the Google Earth Engine (GEE) platform. Although the use of
high-resolution cloud-free imageries improved the rice field classification accuracy, the
method overly relied on the simplistic features. As a result, it results in the crops with
similar spectral characteristics to be easily misclassified as rice. Therefore, mountainous
regionit is essential to ensure that optical remote sensing imageries are clear and free of
clouds to avoid omission caused by cloud and fog occlusion. Moreover, relying solely on
the spectral features of remote sensing imageries without integrating additional features
often fails to achieve satisfactory results.

Due to the highly undulating terrain in mountainous regions, the rice field distribution
tends to be scattered and fragmented. Treating rice fields as independent individual units
may result in misclassification or omission of small-sized rice fields [10]. For example,
Liu et al. [11] extracted rice planting areas in certain mountainous regions of Guiyang
City by combining the high-resolution optical imagery with time-series SAR imageries.
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Chen et al. [12] used the classification features such as vegetation indices, red-edge features,
and texture characteristics, and employed the random forest method to achieve the rice
planting area extraction in the mountainous regions of southwest China. Zhang et al. [13]
used multi-scale features based on multi-source remote sensing data using a convolutional
neural network (CNN) to map the rice field distribution in the hilly regions of south-
ern China. Although these studies achieved better identification results by integrating
multi-source features, they overlooked the fragmented nature of the crop distribution in
mountainous regions. Most research treated rice fields as independent individual units,
failed to adequately consider the impact of spatial relationships between unitsunit on rice
field identification in mountainous terrains, and neglected the spatial connections between
rice fields and other crops/land use units. You et al. [14] incorporated spatial correlation
features between units through spatial autocorrelation analysis, and the research demon-
strated that this approach can effectively improve the rice field identification accuracy.
Additionally, Zhang et al. [13] investigated the influence of different features on the rice
field identification in mountainous regions by using a feature selection method, and the
research revealed that terrain features had a significant impact on the rice field identifica-
tion accuracy. Ma et al. [15] improved the rice field identification accuracy by combining
the remote sensing imagery with geographic information data to enhance the weight of
terrain features in the classification algorithm. These studies indicate that both the spatial
correlation features between units and terrain characteristics play significant roles in rice
extraction within mountainous regions. Therefore, it is essential to fully consider multi-
dimensional features in the rice field identification tasks under the complex mountainous
terrains. Building upon the strengths and addressing the limitations of previous research,
this study proposes a method for the rice field identification in mountainous regions. The
main contributions of this study are as follows:

(1) It demonstrates that integrating terrain features with spectral, texture, and po-
larization characteristics can effectively enhance rice identification accuracy in
mountainous areas.

(2) It introduces a graph convolutional neural network that accounts for spatial correla-
tion features between plots, and validates its effectiveness and applicability for rice
identification tasks in mountainous regions.

2. Materials and Methods

The proposed framework, as illustrated in Figure 1, was composed of four stages:
(1) To address the severe cloud and fog coverage in mountainous remote sensing imageries,
a combined “coarse cloud removal + fine cloud removal” method for optical remote sensing
imagery was designed. In the coarse removal stage, local and global features from SAR im-
ageries and edge information from optical imageries were utilized to preliminarily remove
cloud-covered areas. Based on this, the fine removal stage employed spectral information
from neighboring temporal optical imageries to achieve more precise reconstruction of
cloud regions, thereby producing high-quality cloud-free optical imageries. (2) Construc-
tion and optimization of the feature library. Multi-source remote sensing data, including
multispectral imageries, SAR imageries, and DEM data, were comprehensively used to
perform object-based multi-scale segmentation, by which the entire study area was divided
into multiple unit objects. Spectral and texture features were extracted from multispectral
imageries, polarization features from SAR imageries, and terrain features from DEM data
to build an initial unit-level feature set. This feature set was subsequently filtered and
optimized using a feature selection model, resulting in a unit-level feature library contain-
ing the optimal feature subset. (3) Model construction for the rice field identification in
mountainous regions. A graph convolutional network (GCN) model was constructed as
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the rice field identification model. The combined features from the unitunit-level feature
library were used as node attributes, and an adjacency matrix representing the relationships
among nodes was established. Node features and the adjacency matrix were utilized to
generate graph data. The graph data were input into the GCN for model training, through
which spatial correlation features among units were learned, and the trained model was
employed to identify rice planting areas in mountainous regions. (4) Rice field distribution
mapping results and comparative analysis. The rice field distribution mapping results
in the mountainous regions were obtained by using the proposed method. The multiple
evaluation strategies including overall accuracy assessment, local visual inspection, and
comparison with statistical yearbook data were used to assess the results. Additionally,
the comparative experiments with the traditional methods were conducted to analyze
the advantages and applicability of the proposed method under complex mountainous
terrain conditions.

Figure 1. The Flowchart of the Proposed Framework.

2.1. Optical Remote Sensing Imagery Cloud Removal

Optical remote sensing imageries were easily affected by cloud coverage, especially
under mountainous conditions where the weather changed frequently [16]. Achieving
high-quality cloud removal of the imagery was a prerequisite for accurately identifying
the rice fields in mountainous regions. To address this issue, a cloud removal method
that integrated features from SAR imageries and neighboring temporal optical remote
sensing imageries was proposed in this study. For brevity, the neighboring temporal optical
imageries were hereafter referred to as “neighboring optical remote sensing imageries.”
The overall workflow of the optical remote sensing imagery cloud removal method was
illustrated in Figure 2 and mainly consisted of the following two stages: (1) Coarse cloud
removal of optical remote sensing imageries. A deep learning model was employed to
automatically detect the cloud-covered areas in the cloud-covered optical remote sensing
imageries. The SAR imageries and the cloud-covered optical remote sensing imageries
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were registered.A series of n × n imagery pairs (Imagery Patch Pair 1) were generated
based on cloudy and cloud-free areas. Meanwhile, the SAR imageries were input into a
Vision Transformer (ViT) model to obtain global feature maps. Both the SAR imageries and
the cloud-covered optical remote sensing imageries were input into an edge generation
model to produce the edge maps. Imagery Patch Pair 1, the global feature maps, and the
edge maps were then fed into a conditional generative adversarial network (CGAN) to
produce the coarse cloud-free imagery. (2) Refined cloud removal of optical remote sensing
imageries. Neighboring optical remote sensing imageries corresponding to the cloud-
covered imageries were collected and registered with the coarse cloud-free imageries. Based
on the reconstructed and non-reconstructed areas, Imagery Patch Pair 2 was generated and
was input into the CGAN to produce the refined cloud-free imagery.

 
Figure 2. The Overall Workflow of the Optical Remote Sensing Imagery Cloud Removal Method.

2.2. Construction and Optimization of Feature Library

The construction and optimization of the feature library were conducted in three
stages: (1) Imagery segmentation. Object-based imagery segmentation was performed
using a multi-scale segmentation algorithm to divide the imagery into multiple unit objects.
(2) Feature extraction. Various features were extracted based on the unit objects, primarily
including spectral features, texture features, polarization features, and terrain features.
(3) Feature selection. A feature selection model was applied to filter feature subsets that
contributed significantly to the rice field identification task, and the optimal combination
of features was ultimately retained.
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2.2.1. Imagery Segmentation

To accommodate the subsequent graph convolutional network and reduce data vol-
ume, object-based multi-scale imagery segmentation was performed on the remote sensing
imageries prior to feature extraction. The multi-scale segmentation algorithm had become
a mainstream method due to its flexible adaptation to various land cover features in the
high-resolution remote sensing imagery processing [17]. Its key parameters included scale,
shape, and compactness, among which the scale parameter played a central role in deter-
mining the size and number of segmented objects [18]. During the imagery segmentation
process, setting the scale parameter too small led to over-segmentation, producing a large
number of redundant small regions and causing a single land cover type to be divided into
multiple objects, thus compromising its integrity. Conversely, setting the parameter too
large resulted in under-segmentation, where multiple land cover types were incorrectly
merged into one object, affecting the accuracy of segmentation results and remote sensing
interpretation. Therefore, a Segmentation Quality Index (SQI) was constructed in this study
by weighting the spectral homogeneity within segmented objects and the spectral hetero-
geneity between objects to evaluate segmentation quality. Experimental results showed
that the SQI reached its maximum value when the scale parameter was set to 170. The
segmentation results generated with this parameter were considered optimal.

2.2.2. Feature Extraction

A wide variety of remote sensing imagery features were available for the rice field
identification research, with existing studies typically involving spectral features, texture
features, polarization features, and others. The selection and combination of features
directly affected the performance of extraction models. Considering the rice field identifica-
tion task under mountainous terrain conditions, terrain features were incorporated into
the conventional feature set in this study to improve identification accuracy. Therefore, a
feature set comprising spectral, texture, polarization, and terrain features was constructed
as the preliminary feature set for subsequent experiments. The initial feature set included
55 features, as detailed in Table 1.

Table 1. The List of the Initial Feature Set.

Feature Type Feature Description

Spectral Features B1, B2, B3, B4, NDVI, CARI, RVI, DVI, EVI, SAVI, DNWI, VARI,
PCA1, PCA2, HSV spectral-spatial features (12 types)

Texture Features

Entropy, Energy, Autocorrelation, Contrast, Dissimilarity, Variance,
Small Gradient Dominance, Large Gradient Dominance, Uneven
Distribution of Gray Levels, Uneven Distribution of Gradients,

Gradient Energy, Gradient Variance, Correlation, Gray-level
Entropy, Gradient Entropy, Mixed Entropy

Polarization Features HH, VV, HV, VH
Terrain Features DEM, Aspect, Slope, Curvature

2.2.3. Feature Selection

During the feature extraction process, coupling existed among spectral, texture, polar-
ization, and terrain features, resulting in a high degree of redundant features that hindered
subsequent classification models from effectively capturing key attributes. However, tra-
ditional feature selection methods often focused on a single type of feature and failed to
consider the complementarity among multiple feature types. This limitation was partic-
ularly evident in complex mountainous environments, where relying on a single feature
selection strategy could overlook critical features or introduce irrelevant ones, thereby
negatively affecting rice field identification accuracy [19].
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To address the above issues, a stepwise selection strategy was employed by combining
the mutual information (MI) algorithm [20], Relief algorithm [21], gray wolf optimization
(GWO) algorithm [22] and random forest (RF) algorithm to form the MI-Relief-GWO_RF
model, referred to as the MRG_RF model. This model was used to obtain the optimal
feature subset for the rice field identification task under mountainous conditions.

The MRG_RF model first applied the mutual information (MI) algorithm to obtain
feature subsets with moderate to weak relevance to the target task. Then, the Relief
algorithm ranked the initially preselected features based on their importance weights and
filtered out features exceeding a predefined threshold. The retained features were passed
on to the next selection stage. Subsequently, the gray wolf optimization (GWO) algorithm
was combined with the random forest (RF) algorithm to form a wrapper-based feature
selection method (GWO_RF). In this method, the GWO algorithm searched for the optimal
subset within the feature subset space, while the RF algorithm served as the fitness function
to evaluate the performance of feature subsets. The GWO_RF feature selection method was
applied to the preselected feature set, ultimately obtaining the optimal feature subset.

(A) Mutual Information Algorithm

The mutual information (MI) algorithm is an information theory–based feature selec-
tion method that measures the correlation between two random variables by quantifying
the divergence between their joint distribution and marginal distributions. For variables X
and Y, the mutual information value can be calculated using Equation (1):

MI(X; Y) = ∑
x∈X

∑
y∈Y

p(x, y)log
p(x, y)

p(x)p(y)
(1)

In the equation, p(x, y) represents the joint probability distribution of variables X and
Y; p(x) and p(y) denote the marginal probability distributions of X and Y, respectively; and
MI(X; Y) represents the mutual information between X and Y. A higher mutual informa-
tion value indicates a stronger correlation between the two variables; when MI(X; Y) = 0,
it signifies that X and Y are completely independent.

The initial feature set in this study included 55 features, which were subjected to
preliminary screening using the mutual information algorithm. Mutual information values
were divided into three correlation intervals: a value greater than 0.5 indicated a strong
correlation (S) between the feature and the target variable; a value between 0.2 and 0.5 indi-
cated a moderate correlation (W); and a value less than 0.2 indicated low or no correlation
(N). Features were preliminarily filtered based on the strength of their correlation with the
target variable, resulting in a preselected feature subset. Multiple experiments verified that
the preliminary screening effectively removed features with weak correlations.

(B) Relief Algorithm

Although the preliminary screening reduced the feature dimensionality, the feature
set still remained high-dimensional and computationally complex. Therefore, a secondary
selection based on feature weights in the task was necessary. The Relief algorithm was
applied for the secondary screening of the feature set for rice field identification in moun-
tainous regions. Using the preliminarily screened feature set as input, feature weights were
calculated, and features were further selected based on a weight threshold. The specific
procedure was as follows: a sample S was randomly selected; k nearest neighbors NH were
drawn from the same class as S, and kkk nearest neighbors NM were selected from other
classes. Then, feature weights ω(X) were iteratively updated according to the formulas
shown in Equations (2) and (3):
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ω(X) = ω(X)−
k
∑

j=1

di f f (X,S,NHj)
m×k +

∑C 	=Class(S)

P(C)
1−P(Class(S))×∑k

j=1 di f f
(

X,S,NM(C)j

)
m×k

(2)

di f f
(
X, S, S′) =

⎧⎪⎨
⎪⎩

|S[X]−S′ [X]|
max(X)−min(X)

if X is continuous

0 if X is discrete and S[X] = S′[X]

1 if X is discrete and S[X] 	= S′[X]

(3)

In the equations, X represents a feature within the feature set; S and S′ denote two
randomly selected samples; k is the number of nearest neighbors; m is the number of
iterations; C represents a class label; P(C) is the probability that a feature belongs to class C;
S[X] denotes the feature value of sample S for feature X; NHj is the j-th nearest neighbor
sample within class C; NM(C)j is the j-th nearest neighbor sample outside class C; max(X)

and min(X) denote the maximum and minimum values of feature X, respectively; Class(S)
is the class label of sample S; and di f f (X, S, S′) represents the difference in feature X
between samples S and S′.

Feature weights were divided into five ranges: 0.005, 0.010, 0.015, and 0.020. Using
a random forest classifier, the identification accuracy and the number of features corre-
sponding to each weight range were calculated to determine the optimal feature weight
threshold. Experimental results showed that when the weight threshold was set to 0.010,
the identification accuracy reached its highest value while maintaining relatively high com-
putational efficiency. Therefore, balancing both identification accuracy and computational
efficiency, the feature set with a weight threshold of 0.010 was ultimately selected as the
secondary screened feature subset for subsequent analysis.

(C) GWO_RF Algorithm

After the Relief algorithm screening, some features still exhibited high redundancy
and correlation. Therefore, the GWO_RF algorithm was employed for further selection and
optimization of the feature subset.

The flowchart of the GWO_RF algorithm was shown in Figure 3, and the specific steps
were as follows:

1© Initialization of the population: A certain number of gray wolves were randomly
generated, where each wolf’s position represented a feature subset. Each element in
the position vector corresponded to a feature and took a value of 0 or 1, indicating
whether the feature was selected. The population size, maximum number of iterations,
and related parameters (e.g., a, A, C) were also set.

2© Fitness evaluation: The classification accuracy of each feature subset corresponding
to a gray wolf was assessed using the random forest algorithm. The classification
accuracy served as the fitness value of the gray wolf, with higher fitness indicating
stronger classification capability of the feature subset.

3© Population ranking: The population was ranked based on fitness values, and the three
wolves with the highest fitness were designated as the alpha (α) wolf (best solution),
beta (β) wolf (second best), and delta (δ) wolf (third best), respectively.

4© Position update: The positions of ordinary gray wolves were updated based on the
positions of the α, β, and δ wolves, as well as dynamically adjusted coefficients a and
A, according to the following formulas:

Dα =

∣∣∣∣C1·
→
Xα −

→
X
∣∣∣∣ (4)
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Dβ =

∣∣∣∣C2·
→
Xβ −

→
X
∣∣∣∣ (5)

Dδ =

∣∣∣∣C3·
→
Xδ −

→
X
∣∣∣∣ (6)

→
X(t + 1) =

→
Xα +

→
Xβ +

→
Xδ

3
(7)

→
Xα,

→
Xβ, and

→
Xδ represent the positions of the α, β, and δ wolves, respectively;

→
X

denotes the current position of a gray wolf; C1, C2, and C3 are random weighting
coefficients; and Dα, Dβ, and Dδ represent the distances between the gray wolf and
the α, β, and δ wolves, respectively.

5© Iterative update: Steps 2© through 4© were repeated. In each iteration, the positions
and fitness values of the α, β, and δ wolves were updated, and the gray wolf popula-
tion’s positions were continuously optimized to progressively search for the global
optimal feature subset.

6© Termination criteria: The algorithm terminated when the maximum number of it-
erations was reached or when there was no significant improvement in the wolves’
fitness values.

7© Output: The optimal feature subset corresponding to the α wolf was ultimately obtained.

Figure 3. The Flowchart of the GWO_RF Algorithm.

2.3. Model Construction for Rice Field Distribution Mapping

Crops in mountainous regions typically exhibited scattered distribution and small
unit sizes. Treating rice crops as independent individual units for identification easily
led to misclassification and omission. To address this issue, a mountainous rice field
identification model was constructed based on a graph convolutional network (GCN). This
approach fully leveraged the powerful spatial correlation capabilities of the GCN model to
extract spatial relational features among units from the overall spatial structure, thereby
achieving accurate identification of rice crops [23]. The construction of the mountainous
rice field identification model consisted of two parts: (1) graph data construction, and
(2) model design.
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2.3.1. Graph Data Construction

To utilize the graph convolutional network (GCN) for the identification task, the origi-
nal data needed to be transformed into graph data format to meet the GCN’s requirement
for graph-structured input. The example of constructing spatially correlated graph data
based on GCN was illustrated in Figure 4. Each segmented object (1, 2, 3, 4, 5, 6, 7, 8
shown in Figure 4) was represented as a node in the graph, and the adjacency relationships
between segmented objects were used to define edges in the graph. This approach effec-
tively embedded the spatial relationships among segmented objects into the graph data,
providing fundamental support for subsequent identification tasks [24].

Figure 4. The Example of Constructing Spatially Correlated Graph Data.

In this study, the feature matrix was constructed using the optimal feature subset
of the rice objects. As shown in Table 2, for a graph structure containing N nodes, the
input feature matrix could be represented as f ∈ RN×M, M = MS + MT + MP + Mt.
Here, Ms denoted the dimensionality of spectral features for the segmented objects, MT

represented the dimensionality of texture features, MP corresponded to the dimensionality
of polarization features, and Mt indicated the dimensionality of terrain features.

Table 2. The Example of Feature Matrix X.

Object ID

Features Feature 1, Feature 2, . . ., Feature M

Spectral
Features

Texture
Features

Polarization
Feature

Topographic
Features

1
2

N

The adjacency matrix was constructed as follows: first, a zero matrix of size N×N
was initialized, where N represents the total number of segmented objects. Then, neigh-
borhood analysis was performed on the segmented objects; if two objects were adjacent,
the corresponding entry in the zero matrix was set to 1, indicating the presence of an edge
connecting them. Table 3 showed the adjacency matrix created based on the graph structure
example in Figure 4.
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Table 3. Example of Adjacency Matrix A.

Object

Object
1© 2© 3© 4© 5© 6© 7© 8©

1© 0 1 1 0 0 0 0 0
2© 1 0 1 0 0 0 0 0
3© 1 1 0 1 1 1 0 0
4© 0 0 1 0 1 1 0 1
5© 0 0 1 1 0 1 0 0
6© 0 0 1 1 1 0 1 1
7© 0 0 0 0 0 1 0 0
8© 0 0 0 1 0 1 0 0

2.3.2. GCN Model Design

Section 2.3.1 briefly described the method for constructing graph convolutional net-
work (GCN) data. This section focused on the design of the GCN architecture. The model
primarily consisted of multiple graph convolutional layers, a fully connected layer, and
a softmax classification layer. Specifically, each graph convolutional layer was further
divided into two parts: the graph convolution operation and the pooling operation. Apart
from receiving adjacency matrix inputs, this structure closely resembled the convolution
and pooling layers found in conventional convolutional neural networks (CNNs). The
overall architecture of the GCN is illustrated in Figure 5.

Figure 5. The Graph Convolutional Network Structure.

To fully leverage the advantages of the GCN model, this study explored and optimized
the GCN structure from two aspects: first, the determination of the number of graph convo-
lutional layers, and second, the selection of the neighborhood size k for nodes. The effects
of these parameters on identification accuracy were analyzed separately. Experimental
results demonstrated that the GCN model performed best with two graph convolutional
layers, achieving the highest identification accuracy. Under this two-layer configuration,
the accuracy peaked when the node neighborhood size k was set to 10. Therefore, this study
adopted a GCN architecture with two graph convolutional layers and a neighborhood size
k = 10, which was used consistently in subsequent experiments.

2.4. Accuracy Evaluation Methods

In remote sensing land cover classification experiments, accuracy assessment is a criti-
cal step for evaluating the reliability of the results. In this study, a combination of multiple
evaluation methods was employed to comprehensively assess the classification accuracy.
These methods included: generating a confusion matrix for accuracy evaluation [25], com-
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paring statistical results of rice planting area, and conducting manual interpretation by
comparing the classification results in local validation regions with high-resolution Google
Earth imagery [26]. The evaluation focused on the following three aspects:

(1) Confusion Matrix-Based Accuracy Assessment

The confusion matrix is a core metric for evaluating classification accuracy in remote
sensing land cover classification experiments and is widely recognized as an objective and
reliable evaluation method [27]. By statistically comparing the one-to-one correspondence
between object classes in the reference and predicted imageries, it assesses class consistency
and enables the calculation of various evaluation metrics, including producer accuracy,
user accuracy, overall accuracy, and F1 Score.

Producer Accuracy (PA) measures the proportion of correctly classified objects in a
particular land cover class relative to the total number of reference objects in that class. It is
calculated as:

PA =

(
ti
vi

)
× 100% (8)

where ti represents the number of correctly classified objects in class i, and vi is the total
number of reference objects in that class.

User Accuracy (UA) reflects the proportion of correctly classified objects within a class
relative to the total number of objects that were classified into that class. It is given by:

UA =

(
ti
mi

)
× 100% (9)

where mi denotes the number of validation samples classified as class i.
F1 Score addresses the limitation of Overall Accuracy (OA), which only considers the

diagonal elements of the confusion matrix. By integrating both precision and recall, the
F1 Score offers a more comprehensive evaluation and serves as an important indicator of
classification effectiveness. It is computed as:

F1 =
2 × PA × UA

PA + UA
× 100% (10)

Overall Accuracy (OA) is defined as the ratio of correctly classified objects to the
total number of validation objects. The total number is based on the reference land cover
classification, which is determined from ground truth imagery or data from regions of
interest. The diagonal elements of the confusion matrix represent correctly classified objects.
The formula is:

OA =

(
∑n

i=1
ti
V

)
× 100% (11)

where V is the total number of validation samples.

(2) Comparative Analysis with Statistical Yearbook Data

The total rice planting area in the study region was obtained from the 2022 edition
of the Study Region Statistical Yearbook, specifically from the agriculture section. These
official statistics were compared with the rice area derived from the classification results of
this study. This comparison enabled an assessment of the experimental accuracy from a
quantitative perspective.

(3) Visual Interpretation of Sample Regions

Manual visual interpretation was performed in selected regions of the classification
results to assess the completeness of rice extraction and identify potential commission and
omission errors. By subjectively analyzing the spatial consistency between the extracted
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rice distribution and high-resolution reference imagery, a comprehensive evaluation of
classification accuracy and performance was conducted.

3. Experiments and Results

3.1. Study Area and Data
3.1.1. Study Area

The study area is located in Huoshan County, situated in the Dabie Mountains in the
central-eastern region of China (as shown in Figure 6). The Dabie Mountains span the
provinces of Hubei, Henan, and Anhui, serving as the watershed between the Yangtze
and Huai Rivers. The terrain is dominated by low- to mid-altitude mountains and hilly
landscapes, with significant variations in elevation. The region experiences abundant
rainfall, hosts numerous rivers, and possesses ample water resources, all of which provide
favorable conditions for agricultural production. As one of the major staple crops, rice
is widely distributed across river valley plains, intermountain basins, and some gently
sloping terraces.

Figure 6. The Study Area and Data: (a) GF-2 Multispectral Imagery; (b) GF-3 Radar Imagery;
(c) Global ALOS 12 m DEM Imagery.

Huoshan County is located in the eastern part of the Dabie Mountains and is char-
acterized by terrain that generally slopes from west to east. Mountainous and hilly areas
cover the majority of the county’s land. Despite the significant topographic variation, rice
cultivation in this region achieves high yields due to abundant water resources and favor-
able climatic conditions, making rice one of the most important staple crops in the area.
Huoshan has also been designated as a key ecological agriculture demonstration zone in
Anhui Province and has implemented a series of ecological agricultural policies to promote
sustainable development and the green transformation of agricultural production [28].
Considering the widespread rice cultivation and the complex agricultural terrain in this
region, Huoshan County was selected as the specific study area for this research.
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3.1.2. Data

The data included the remote sensing data for the rice field identification and auxiliary
data, as shown in Table 4.

Table 4. The Overview of the Data.

Data Type Source Acquisition Time Spatial Resolution Coverage Remarks

Remote Sensing Data
for Rice Identification

Gaofen-2
Multispectral

Imagery
June 2022 1 m Full Huoshan County

Some clouds;
mountainous

terrain, varying
altitude

Auxiliary Data

ALOS Topographic
Data (DEM) July 2010 12.5 m Full Huoshan County Stable weather

Gaofen-3 SAR
Imagery June 2022 5 m Full Huoshan County Microwave, weather-

independent
Gaofen-1

Multispectral
Imagery

July 2022 2 m Partial, low clouds Clear-sky conditions

(1) Remote Sensing Data for the Rice field identification

Gaofen-2 multispectral imagery was selected as the remote sensing data for the rice
field identification. With a spatial resolution of 1 m and a high revisit frequency, Gaofen-2
provides significant advantages for remote sensing monitoring in mountainous regions [29].
Due to Huoshan County’s mountainous location, Gaofen-2 imagery covering the area
exhibited varying degrees of cloud cover throughout the entire rice growing season. This
study used imagery acquired in June 2022, during the vegetative growth stage of rice. At
this stage, rice growth is stable and the plants are vigorously developing, making them
more distinguishable and easier to accurately identify in remote sensing imagery [30].

(2) Auxiliary Data

1© ALOS Topographic Data
ALOS topographic data were selected to provide terrain features for the rice field

identification task. These data were derived from the PALSAR sensor onboard the ALOS
satellite [31]. The ALOS data used in this study were acquired in July 2010, with the
DEM data obtained under the Fine Beam Single (FBS) mode, achieving an actual spatial
resolution of 12.5 m.

2© Gaofen-3 SAR Imagery
Gaofen-3 SAR imagery was used for two primary purposes: (1) in the rice field

identification task, it provided polarization features that helped distinguish rice from other
land cover types; (2) in the cloud removal task, it supplied SAR features essential for the
coarse cloud removal process. Gaofen-3 is China’s first C-band, multi-polarization, high-
resolution synthetic aperture radar (SAR) satellite, offering up to 12 imaging modes [32].
The Gaofen-3 SAR data used in this study were acquired in June 2022.

3© Gaofen-1 Multispectral Imagery
Gaofen-1 multispectral imagery was used as the neighboring optical remote sensing

imagery. Although Gaofen-1 has a lower spatial resolution (2 m) compared to Gaofen-2, it
provided cloud-free optical imagery from a nearby period during the rice growth season,
making it suitable for the cloud removal task in this study. The Gaofen-1 multispectral
imagery used was acquired in July 2022.

3.2. Experimental Setup
3.2.1. Sample Dataset

The rice field sample dataset used in this study consisted of two parts: a pre-trained
dataset and a self-constructed dataset. Both datasets were derived from Gaofen-2 mul-
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tispectral imagery and were visually interpreted with the assistance of high-resolution
Google Earth imagery (0.3 m resolution). The pre-trained rice dataset contained 1581
imageries, each with a size of 256×256 pixels, primarily representing rice planting areas in
plains. The self-constructed dataset comprised 866 imageries of the same size, selected from
rice-growing regions within Huoshan County. Both datasets were split into training and
testing sets in an 8:2 ratio. All samples were normalized to reduce the effects of illumination
and other environmental factors. The rice field sample examples are shown in Figure 7.

Figure 7. The Rice Field Sample Examples: (a) Pre-trained Imageries; (b) Pre-trained Labels;
(c) Self-constructed Imageries; (d) Self-constructed Labels.

3.2.2. Experimental Environment and Parameter Settings

The experiments were conducted using the TensorFlow deep learning platform. The
hardware configuration used in this study is listed in Table 5. The software environment
included Microsoft Windows 10 as the operating system, Python 3.8 as the programming
language, and TensorFlow_GPU 2.7.0 as the deep learning framework.

Table 5. The Hardware Platform.

Component Specification Frequency/Memory

CPU i5-14600kf 3.5 GHz
Memory 32 G × 2 3600 MHz

GPU NVIDIA GeForce GTX 4060ti 16 G

This study employed a GCN model for rice identification experiments, where the
training parameter configuration played a decisive role in the final extraction accuracy. The
loss function was set as cross-entropy loss, and the optimization algorithm used was the
Adam optimizer. The number of epochs was set to 10,000 to ensure sufficient fitting of
the network to the data. The learning rate was initialized at 0.001 with a decay schedule
configured to gradually reduce the learning rate during training, thereby enhancing model
optimization stability. To avoid memory overflow issues, the original dataset was divided
into imagery blocks composed of several nodes for training. Among these, 75% were allo-
cated as the training set and 25% as the validation set. From the training set, 6,000 samples
were randomly selected for training, while 1000 samples were randomly selected from the
validation set for validation.
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3.3. Results
3.3.1. Cloud Removal Results of the Optical Remote Sensing Imagery

The cloud removal method proposed in this study was applied to the optical remote
sensing imagery of Huoshan County, the study area. By effectively addressing the prevalent
cloud cover issue in this region, the method successfully generated high-quality cloud-
free imageries, thereby providing a reliable data foundation for subsequent rice field
identification experiments. The cloud removal results were shown in Figure 8.

Figure 8. The Cloud Removal Results of the Optical Remote Sensing Imagery: (a) Original Cloud-
covered Imagery; (b) Cloud-free Imagery.

3.3.2. Feature Selection Results

Table 6 presented the results of the optimal feature subset. The spectral features domi-
nated the subset, most of which were spectral indices calculated from near-infrared bands.
This was because the rice crop exhibited the high reflectance and distinct differences from
other land covers, which made the spectral features highly discriminative in identifying
the rice field in mountainous regions. The texture features accounted for 26% of the total
features. Due to the pronounced striping and regular arrangement characteristics of rice
fields, these texture features demonstrated good capability in distinguishing rice fields
from irregularly textured land covers, such as forests or shrubs.

Table 6. The Optimal Feature Subset.

Feature Type Feature Content Number of Features

Spectral Features B3, B4, NDVI, EVI, SAVI, NDWI, VARI, PCA1,
Maximum V, Standard Deviation of S 10

Texture Features Entropy, Contrast, Correlation, Gray Level
Variance, Gradient Entropy 5

Terrain Features Slope, Aspect 2
Polarization Features HV, HH 2

Total 19

3.3.3. Rice Field Identification Results

The graph-structured data of Huoshan County were input into the trained GCN model
to identify the rice planting areas, and the results were visualized as shown in Figure 9. The
identification accuracy is presented in Table 7. As shown in Table 7, the accuracy metrics of
PA, UA, F1-Score, and OA were high.
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Figure 9. Rice field identification results.

Table 7. The Identification Accuracy of the Rice Fields.

Category
Truth (Objects)

PA UA F1-Score OA
Rice Non-Rice

Classification
(Objects)

Rice 5916 951 0.841 0.861 0.877
0.983

No-Rice 1125 114,182 0.992 0.990 0.985

To further verify the reliability of the identification results, the local region was visually
interpreted by comparison with high-resolution Google Earth imagery, as shown in Fig-
ure 10. It can be observed that the rice fields can be correctly identified from easily confused
land cover/use categories. This indicated that the proposed method had a low identifica-
tion error, and the identified rice planting extent closely matched the actual distribution.

Figure 10. The Identification Result of the local region: (a) Google High-Resolution Imagery;
(b) Original Imagery; (c) Identification Result.
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The results of the rice field identification were compared and analyzed against the
data from the statistical yearbook. Table 8 showed the rice planting area extracted from the
identification results and the corresponding data from the 2022 Huoshan County Statistical
Yearbook. According to the yearbook, the rice planting area in Huoshan County in 2022
was 179.1 km2, while the proposed method estimated the rice planting area as 173.3 km2.
The data matching rate had reached 96.8%.

Table 8. The Data of the Identification and Statistical Yearbook.

Rice Recognition Area (km2)
Huo Shan County Rice Area

in 2022 (km2)
Recognition Accuracy (%)

173.3 179.1 96.8

4. Discussion

4.1. Ablation Study on Terrain Features

To verify the impact of terrain features on the rice field identification under mountain-
ous conditions, we designed a series of ablation experiments. We kept the experimental
data and extraction models unchanged, and trained the rice field identification models
for both plain(the example shown in Figure 11b) and mountainous(the example shown
in Figure 11a) regions without including terrain features. Then, we incorporated terrain
features into the models and compared the rice field identification accuracy across the two
geographic settings.

Figure 11. The Example of the Plain and Mountainous Region: (a) Mountainous region;
(b) Plain Region.

Among the 19 optimized features, we removed the two terrain features—slope and
aspect—and input the remaining features into the GCN model for training to obtain
the identification results. Then, we reintroduced the terrain features and retrained the
model to acquire updated the identification results. Table 9 compared the identification
accuracies before and after incorporating the terrain features. The results showed that
the identification accuracy improvement after incorporating the topographic features was
3.8% in the mountainous region, while in the plain region, the corresponding improvement
was only 0.2%. This quantitatively demonstrated the importance of terrain features for
the rice field identification in mountainous regions, which can effectively reduce the
misclassification and omission errors.
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Table 9. The Identification Accuracy Comparison before and after Incorporating
Topographic Features.

Region

Overall Accuracy (OA)/%

Accuracy Improvement/%Before Incorporating
Topographic Features

After Incorporating
Topographic Features

Mountainous Area 89.4 93.2 3.8
Plain region 94.6 94.8 0.2

Figure 12 showed the local identification results without and with the terrain features
in the mountainous region.We observed that Object 1 and 2 were not identified in Figure 12b,
but were successfully identified in Figure 12c. Object 1 and 2 was near the boundaries
between the mountains and plains. This was partly due to the abundance of trees in the
mountainous region, whose spectral characteristics closely resemble those of rice, making
it difficult for other features to distinguish between these land cover types and resulting in
the omissions of the rice fields along the edges. After incorporating terrain features such as
slope and aspect, the model’s identification performance under complex terrain conditions
were improved significantly. These terrain features provided the crucial spatial context,
and enabled the model to more accurately differentiate rice from other land covers.

Figure 12. The Local Identification Results without and with the Terrain Features in the Mountainous
Region: (a) Original Imagery; (b) The identification result Without the Terrain Features; (c) The
identification result With the Terrain Features.

4.2. Comparison with Other Methods

Using the same sample dataset and feature set, we applied two machine learning
methods—Support Vector Machine (SVM) [33] and Random Forest (RF) [34]—alongside
the deep learning model U-Net [35] to identify the rice planting areas in Huoshan County.
We then compared the results of these methods with our results.

4.2.1. Overall Accuracy Comparison

We compared the rice field identification accuracy of four methods across the entire
study area, as summarized in Table 10. The results showed that the overall accuracy (OA)
achieved by our proposed method significantly outperformed the other three classification
algorithms. This demonstrated its superior performance for the rice field identification.
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Table 10. The Overall Accuracy of different methods.

Model Overall Accuracy (OA)/%

Proposed Method 98.3
SVM 92.1
RF 95.1

U-Net 96.7

Due to the limited number of rice field samples in mountainous regions, the experi-
mental results may be affected by random data fluctuations. To verify whether the overall
accuracy advantage of the proposed method was statistically significant rather than due to
chance, we conducted the Wilcoxon Signed-Rank Test. This non-parametric test compared
paired samples, where a p-value less than 0.05 indicated that the accuracy improvement
of our method over comparative approaches was statistically significant, confirming its
reliability. We selected 20 test regions and used the overall accuracy (OA) of each method
within each region as paired samples. The p-values comparing our method with SVM,
RF, and U-Net were calculated. Accuracy distributions for each method were visualized
via box plots and interpreted alongside the significance test results to assess the statistical
meaningfulness of the observed improvements.

The statistical significance of the differences between the proposed method and the
comparison methods (SVM, RF, and U-Net) was assessed using the Wilcoxon signed-
rank test at a significance level of 0.05. As summarized in Table 11, all comparisons
yielded p-values below 0.05 (p < 0.05), which indicated that the improvements in overall
accuracy (OA) achieved by the proposed method were statistically significant. Figure 13
presented the box plots of the OA distributions for the four methods across different
test regions, where statistically significant differences were marked by asterisks (*). The
proposed method consistently demonstrated higher accuracy and greater stability, which
was reflected by its smaller interquartile range (IQR), indicating reduced variability in
the results. These findings collectively confirmed the robustness and superiority of the
proposed method for the rice field units identification in mountainous regions.

Figure 13. The Box Plot of the OA Distributions for the Four Methods (The significance level was set
at α = 0.05. An asterisk denotes a significant difference (* p < 0.05) between the proposed method and
a comparator).
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Table 11. The p-values of Comparing the Proposed Method with SVM, RF, and U-Net.

Method Comparison Wilcoxon Signed-Rank Test (p-Value)

Proposed Method vs. SVM 0.015
Proposed Method vs. RF 0.027

Proposed Method vs. U-Net 0.041

4.2.2. Local Performance Comparison

The overall accuracy of the four methods across the entire study area had been pre-
sented above. To visually compare their classification performance in local regions, three
representative regions were selected from the validation set. The rice field identification
results for these regions, based on the four methods, were shown in Figure 14.

Figure 14. The Rice Field Identification Results of the Local Regions Using the Four Methods.

To ensure a fair comparison, all four methods were evaluated under identical con-
ditions using object-based rice classification. This approach avoids issues such as mixed
pixels and unclear boundaries, focusing instead on the accurate identification of rice objects.
Region A features relatively flat terrain with forests, bare land, roads, and rice fields. Here,
SVM and RF misclassified many bare land and forest areas as rice, likely due to their limited
feature learning capacity and difficulty in balancing multiple feature classes, resulting in
disordered identification outcomes. U-Net produced results similar to ours, as its deep
feature extraction effectively captures rice characteristics, performing well in flat terrain
but still missing some rice areas, possibly due to overfitting from model complexity. Region
B represents typical mountainous terrain, primarily comprising forest, bare land, and rice.
In this area, SVM and RF exhibited increased misclassification, tending to overestimate rice
planting areas relative to the actual distribution. U-Net showed notable omission errors,
as the spectral similarity between rice and adjacent forest areas caused misidentification.
In contrast, our method accurately identified rice fields by emphasizing spatial relational
features between land objects, which U-Net did not fully capture. Region C is a relatively
flat area with pronounced spectral differences between land types. While SVM and U-Net
both showed some omission and commission errors, U-Net’s strong deep feature represen-
tation enabled successful identification of all rice units. Our method also identified all rice
fields, which demonstrated its capability to effectively integrate multiple feature types. In
summary, particularly in the complex mountainous terrain, our method leverages spatial
relational features among land objects to precisely identify rice fields, and outperformed
the other three methods.
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4.2.3. Terrain Adaptability Comparison

To verify whether the proposed method can effectively utilize spatial relationships to
improve rice field identification accuracy in mountainous terrain compared to the other
three methods, the study area was divided into three slope categories based on slope values
derived from the DEM: low slope (<10◦), medium slope (10–30◦), and high slope (>30◦).
The performance of each method was then evaluated separately within these slope classes.
Although SVM and RF employed multiple feature types, they lacked the ability to leverage
spatial features. The U-Net models were tested with convolution kernels of sizes 3 × 3,
5 × 5, and 7 × 7 to assess the effect of receptive field size, with the 5 × 5 kernel producing
the best results. In contrast, our proposed method constructed graph structures based on
adjacency matrices, which enabled the extraction of spatial topological information. Ta-
ble 12 demonstrated that the proposed method achieved the most significant improvement
in identification accuracy under the high-slope conditions, which outperformed SVM by
13.5%, RF by 10.9%, and U-Net by 7.4%. This finding indicates that incorporating spatial
relational features between rice field units effectively enhances the rice field identification
accuracy under complex mountainous terrain conditions. While U-Net performed better
under the low-slope conditions due to its deep feature extraction being well-suited for
simpler terrains, its accuracy declined sharply under the high-slope conditions, which
reflected the limited adaptability of fixed receptive fields to complex topography. In con-
trast, both SVM and RF exhibited relatively poor performance under all slope conditions.
This suggested that methods lacking the ability to leverage spatial information struggle to
achieve satisfactory identification results under complex mountainous conditions.

Table 12. The Overall Accuracy of the Different Methods under Different Terrain Conditions.

Method
Low Slope

(<10◦)
Medium Slope

(10–30◦)
High Slope

(>30◦)
Average

Proposed Method 98.1% 95.6% 93.8% 95.8%
SVM 91.5% 87.6% 80.3% 87.1%
RF 91.8% 89.1% 82.9% 88.0%

U-Net 96.7% 93.3% 86.4% 92.1%

4.2.4. Comparison of Training Sample Requirements

In mountainous regions, rice field distribution tends to be sparse, and labeled data are
often limited. To evaluate whether the proposed method demonstrates greater robustness
compared to SVM, RF, and U-Net under small-sample training conditions, we kept the
test set unchanged and conducted experiments using 100%, 75%, and 50% of the training
samples. For SVM and RF, classifiers were directly trained with the reduced training sets.
U-Net was trained using a standard fully supervised approach, with data augmentation
applied to alleviate the issue of limited samples. Our proposed method leveraged adjacency
information for semi-supervised training, which enabled feature learning from neighboring
nodes even when some nodes lacked labels.

Table 13 showed that when the training samples were reduced to 50%, the identi-
fication accuracy of the proposed method decreased by only 10.3%, while SVM and RF
experienced declines exceeding 24%, and U-Net dropped by 16.3%. This demonstrated
that our method can effectively leverage limited labeled data for identification. In contrast,
SVM and RF heavily depended on the quantity of training samples and suffer from severe
overfitting when samples were insufficient. Similarly, U-Net, which strongly relied on
supervised samples, also exhibited a significant decrease in identification accuracy under
limited data conditions.
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Table 13. The Comparison of Training Sample Requirements.

Method
Accuracy (%)

Accuracy Drop (%)
100% Samples 75% Samples 50% Samples

Proposed Method 98.3 95.1 88.0 −10.3
SVM 92.1 83.5 66.3 −25.8
RF 93.5 85.9 69.1 −24.4

U-Net 96.7 91.3 80.4 −16.3

4.2.5. Comparison of Computational Costs

To accurately identify scattered rice field units in mountainous regions, this study
utilized high spatial resolution imagery. However, the use of high-resolution imageries
inevitably leads to a significant increase in computational cost, demanding that the model
possess efficient computing capabilities and optimization strategies. To assess the computa-
tional efficiency of the proposed method compared to other approaches, prediction times
were measured on imagery blocks of sizes 256 × 256 and 512 × 512 pixels, and the number
of model parameters was recorded. As traditional classifiers, SVM and RF require relatively
low computational resources; U-Net, built upon deep convolutional architectures, incurs
high computational overhead; while GCN, which models data through graph structures,
exhibits computational complexity intermediate between the two.

Table 14 demonstrated that the proposed method’s prediction speed was approxi-
mately 40% of that of U-Net, while utilizing fewer model parameters. This indicates that
our method effectively reduces computational overhead without sacrificing identification
accuracy, making it more suitable for processing large-scale high-resolution remote sensing
imageries. In contrast, U-Net’s deeper network architecture results in longer computation
times, limiting its practicality for large-area high-resolution applications. Although SVM
and RF offer faster prediction speeds, their identification accuracy is substantially lower
than that of deep learning-based methods, rendering them less effective for fine-grained
classification tasks.

Table 14. Computational Cost Comparison.

Method
Prediction Time /s

(256 × 256)
Prediction Time (s)

(512 × 512)
Model Parameters (M)

GCN 1.1 2.2 8
SVM 0.3 0.6 10
RF 0.4 0.8 15

U-Net 2.5 5.2 30

4.3. Key Advances and Highlights

The proposed method made several notable contributions to rice field identification in
mountainous regions.

First, in terms of feature extraction, a systematic design was carried out according
to the growth characteristics of rice and the complexity of mountainous terrain. Spec-
tral features were derived from multiple vegetation indices, which effectively reflected
the physiological and biochemical traits of rice (e.g., chlorophyll content, biomass, and
vegetation coverage). These indices also reduced the influence of soil background and
atmospheric conditions, thereby enhancing the discriminative power of rice signals [36,37].
Texture features captured the spatial patterns of paddy fields, which played an important
role in distinguishing rice from other crops [38]. Polarization features, obtained from radar
backscatter differences, further improved the separability between rice and other vegeta-
tion types [39]. Moreover, topographic features accounted for environmental constraints
specific to mountainous conditions, such as elevation, slope, and aspect, which directly
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influenced water availability, illumination, and temperature gradients, thereby affecting the
growth cycle and spatial distribution of rice [40]. The integration of these multidimensional
features not only improved classification accuracy but also provided a representation more
consistent with the ecological reality of rice in mountainous regions.

Second, in the model construction, the conventional graph convolutional network
(GCN) architecture was customized for rice field identification. Superpixels (represent-
ing rice units) were used as graph nodes, and multi-source features were integrated into
the graph structure, which effectively captured the complex spatial relationships of rice
distribution in mountainous regions. These structural enhancements addressed the insuf-
ficient utilization of multi-dimensional features observed in previous studies, resulting
in high-precision identification of rice fields under mountainous conditions and notable
improvements in computational efficiency. Compared with traditional classifiers, the pro-
posed method demonstrated a better ability to adapt to the spatial characteristics of rice
distribution in complex terrain, providing an efficient and reliable approach for rice field
identification in mountainous regions [41,42].

In addition, the proposed method demonstrated strong transferability. On the one
hand, the data used in this study were not restricted to a specific region, making the ap-
proach applicable to both plain and mountainous regions. On the other hand, topographic
factors were represented using a digital elevation model (DEM), which did not impose
special requirements on slope gradients or landform types. Therefore, the method can be
applied under various terrain conditions and across different regions, offering a valuable
reference for large-scale rice field identification and monitoring.

4.4. Limitations and Future Research

This study proposed a rice field identification method under mountainous conditions,
which could be effectively applied to high-resolution remote sensing imagery in mountain-
ous rice-planting areas and achieved satisfactory identification results. However, several
aspects remained to be improved.

(1) The cloud removal method based on the fusion of SAR and neighboring optical
remote sensing imageries did not impose strict theoretical requirements on the selection
of neighboring optical imageries. In principle, any cloud-free optical imagery acquired
within the same rice growth stage could serve as neighboring imagery. In practice, how-
ever, neighboring optical imageries derived from different sensors, with varying spatial
resolutions and spectral characteristics, might affect the cloud removal performance [43].
Future studies could investigate the influence of these factors on cloud removal results and
attempt to establish criteria for the optimal selection of neighboring optical imageries.

(2) The rice field identification experiments in this study were conducted only in
Huoshan County of the Dabie Mountains. Huoshan County is characterized by a typical
mountainous terrain, with extensive rice cultivation, making it representative to a certain
extent. Nevertheless, differences in topographic relief, elevation, and rice distribution
across regions may influence the identification results [44]. Future research could expand
the experimental scope to broader areas and incorporate transfer learning techniques to
enhance the generalization capability of the proposed method, thereby further verifying
its applicability across the Dabie Mountains and providing stronger technical support for
precision agriculture monitoring in mountainous regions.

5. Conclusions

This study proposed a rice field identification method specifically designed for moun-
tainous conditions, effectively leveraged multi-dimensional feature information to enhance
identification performance. Compared with existing approaches, the proposed method

212



Remote Sens. 2025, 17, 3356

demonstrated superior accuracy and broader applicability. The main conclusions are
summarized as follows:

1. A coarse-to-fine cloud removal strategy was implemented, which comprehensively
integrated features from SAR imagery and neighboring temporal optical remote
sensing imageries to achieve effective cloud removal from optical data. The method
achieved high performance and outperformed alternative methods in both accuracy
and applicability.

2. By fully accounting for the growth environment and spatial distribution characteristics
of rice in mountainous terrain, and by integrating multi-source features through graph
structure modeling, the proposed approach successfully addressed the limitations of
existing methods in handling complex terrain. This led to significant improvements
in identification accuracy and model robustness.
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Highlights

What are the main findings?

• Hyperspectral spectroscopy combined with machine learning enables high-accuracy,
nondestructive prediction of early stress markers (pigments, osmolytes, antioxidants,
cell wall compounds, and water status) in soybean under progressive drought via
remote sensing and machine learning models.

• Tree-based ensemble and neural network models (e.g., random forest, MLP) achieved
>95% accuracy in classifying drought severity, outperformed distance- and probability-
based classifiers, and effectively distinguished eleven water regimes across the full or
range UV–VIS–NIR–SWIR spectrum.

What is the implication of the main finding?

• The integration of hyperspectral sensors and machine learning provides a rapid, field-
deployable solution for early drought detection and precision irrigation management
in soybean, potentially reducing the reliance on time-consuming laboratory assays via
remote sensing tools.

• Selecting minimal and informative spectral bands paves the way for simplified, cost-
effective proximal or UAV-mounted sensors for large-scale drought phenotyping and
smart agriculture applications.

Abstract

The soybean Glycine max (L.) Merrill is a key crop in Brazil’s agricultural sector and
is essential for both domestic food security and international trade. However, water
stress severely impacts its productivity. In this study, we examined the physiological
and biochemical responses of soybean plants to various water regimes via hyperspectral
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reflectance (350–2500 nm) and machine learning (ML) models. The plants were subjected
to eleven distinct water regimes, ranging from 100% to 0% field capacity, over 14 days.
Seventeen key physiological parameters, including chlorophyll, carotenoids, flavonoids,
proline, stress markers and water content, and hyperspectral data were measured to capture
changes induced by water deficit. Principal component analysis (PCA) revealed significant
spectral differences between the water treatments, with the first two principal components
explaining 88% of the variance. Hyperspectral indices and reflectance patterns in the
visible (VIS), near-infrared (NIR), and shortwave-infrared (SWIR) regions are linked to
specific stress markers, such as pigment degradation and osmotic adjustment. Machine
learning classifiers, including random forest and gradient boosting, achieved over 95%
accuracy in predicting drought-induced stress. Notably, a minimal set of 12 spectral
bands (including red-edge and SWIR features) was used to predict both stress levels and
biochemical changes with comparable accuracy to traditional laboratory assays. These
findings demonstrate that spectroscopy by hyperspectral sensors, when combined with
ML techniques, provides a nondestructive, field-deployable solution for early drought
detection and precision irrigation in soybean cultivation.

Keywords: agricultural management; biochemical prediction; computational intelli-
gence; phenotyping in plants; precision agriculture; spectroscopy in plants; UV–VIS–
NIR–SWIR sensors

1. Introduction

Soybean (Glycine max (L.) Merrill) plays a central role in Brazilian agriculture, under-
pinning both domestic food security and international trade [1,2]. Over the past decade,
Brazil has solidified its position as the world’s leading soybean producer, with output
reaching a record 169.0 million tons in the 2024/25 marketing year, cultivated on some
47.4 million ha (USDA, 2024) [3]. This oilseed accounts for nearly 60% of global soybean
exports, representing a cornerstone of the national economy and a critical source of foreign
exchange [3]. Consequently, such prominence renders soybean both a driver of agronomic
innovation and a sensitive indicator of environmental stressors.

In this context, drought is defined as a sustained soil water deficit that impairs plant
physiological function and poses one of the greatest challenges to soybean productiv-
ity [4]. Water limitation disrupts carbon assimilation through stomatal closure, reduces
the chlorophyll content, and accelerates the generation of reactive oxygen species (ROS),
precipitating oxidative damage to the photosynthetic apparatus and membrane lipids [5,6].
Moreover, the accumulation of osmolytes such as proline and antioxidative compounds
(e.g., flavonoids and phenolics) reflects a plant’s protective response, linking water status
to both photochemical efficiency and oxidative homeostasis [7].

Hyperspectral proximal sensing, which spans ultraviolet (UV), visible (VIS), near-
infrared (NIR), and shortwave-infrared (SWIR) regions (350–2500 nm), offers a nonde-
structive window into these physiological and biochemical changes [8–10]. Narrowband
features in the VIS region capture pigment absorption peaks (chlorophylls, carotenoids),
whereas SWIR bands correspond to overtones of water and cell wall constituents (e.g.,
cellulose, lignin, and other compounds) [11]. Moreover, recent studies have demonstrated
that spectroscopy via hyperspectral indices and continuum-removed reflectance metrics
can reliably predict leaf water content and stress markers, with accuracies exceeding those
of broadband sensors [12,13].
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Narrowband reflectance vegetation indices (VIs) synthesize key wavelengths into
simple ratios or differences, such as the NDVI, PRI and WBI, that increase sensitivity to
chlorophyll content, photosynthetic efficiency and water status [14,15]. By condensing
thousands of bands into targeted indices, VIs reduce noise and highlight physiological
shifts, serving both as interpretable proxies of plant health and as robust input features for
downstream models [16–18]. When integrated within machine learning frameworks, these
indices improve prediction and characterization by emphasizing the most stress-responsive
spectral signals while limiting redundant information [19].

Complementing spectral approaches, machine learning (ML) and deep learning (DL)
techniques enable the classification and quantification of stress responses from high-
dimensional reflectance data [20,21]. Algorithms such as random forest, support vector
machines, and convolutional neural networks have achieved classification accuracies above
95% in distinguishing drought-stressed vs. well-watered soybeans by recognizing sub-
tle spectral shifts associated with pigment degradation and osmotic adjustment [2,11,22].
These models not only automate stress detection but also provide real-time decision sup-
port in precision agriculture. For example, partial least squares or CNN-based classifiers
can rapidly flag drought conditions with minimal false alarms, allowing timely irrigation
or management interventions. The integration of ML thus adds robustness and scalability
to hyperspectral drought diagnostics [23–25].

Critical to both spectral and ML-based methods is the targeted selection of informa-
tive wavelengths [26]. Meta-analyses have identified discrete bands at approximately
550–750 nm (the VIS to red-edge region) and in the SWIR near 1450 nm and 1900 nm as
especially predictive of plant water status and structural changes [27]. The reflectance in the
VIS to red-edge transition zone is highly sensitive to chlorophyll content and stress-induced
pigment changes, whereas the reflectances at ~1450 nm and ~1900 nm correspond to major
water absorption features where the LWC strongly influences the signal [2]. Leveraging
these “spectral pin-points” can drastically reduce the data volume while preserving predic-
tive power, enabling the development of simplified handheld sensors and UAV-mounted
instruments tailored for drought monitoring. By focusing on a minimal set of diagnos-
tic bands, one can design field-deployable multispectral systems that approximate the
performance of full hyperspectral instruments in detecting water stress [28].

A comprehensive characterization of the drought response thus benefits from integrating
multiple analytical layers, spectral indices, machine-learning classification, and biochemical
assays to capture both macroscopic reflectance patterns and underlying molecular dynam-
ics [29,30]. Such a multilayer approach can detect stress onset and quantify key metabolites
before visible symptoms appear. Recent work has shown that hyperspectral models can pre-
dict drought-induced changes in leaf metabolites (e.g., proline, abscisic acid, and electrolyte
leakage) with good accuracy, indicating that optical data contain biochemical information
about stress [11,31,32]. By combining optical and biochemical perspectives, one can achieve ro-
bust early warning of water deficit and a mechanistic understanding of the stress response [33].
This framework promises more precise estimation of plant health and stress status, advancing
both fundamental knowledge and practical management of drought in soybean [2,3,34].

In this study, we evaluated the efficacy of combined hyperspectral and ML methods for the nonde-
structive prediction of key physiological parameters (leaf water status and biochemical and metabolic
parameters in cells) and oxidative stress biomarkers (flavonoids, proline, and phenolics) in soybean
(Glycine max (L.) Merrill) plants under a gradient of water regimes. We hypothesize that a minimal suite
of ~12 strategically selected wavelengths, coupled with ensemble learning models, can predict both
drought severity and biochemical composition with accuracy comparable to that of traditional laboratory
assays. Validating this hypothesis would demonstrate a rapid, field-deployable approach to soybean
drought phenotyping, enabling early stress detection and informing water-management decisions.
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2. Material and Methods

2.1. Plant Materials

Soybean seeds (Glycine max (L.) Merrill) were initially germinated under controlled
laboratory conditions. Vigorous, morphologically uniform seedlings were selected and
transplanted into 1 L plastic pots containing sterilized substrate. The plants were grown in
a controlled-environment chamber, where the day/night temperatures were maintained
at 26 ◦C/23 ◦C, the relative humidity was 70%, and a 16/8 h photoperiod was used. The
photosynthetically active radiation was set at 500 μmol m−2 s−1 and was calibrated via a
LI-COR 1800 quantum sensor (LI-COR Inc., Lincoln, NE, USA).

After transplanting, the seedlings were irrigated to full substrate capacity for seven
days to ensure acclimation. The plants were subsequently subjected to eleven distinct
water regimes, defined as 100% (W100), 90% (W90), 80% (W80), 70% (W70), 60% (W60),
50% (W50), 40% (W40), 30% (W30), 20% (W20), 10% (W10), and 0% (W0) of the substrate
field capacity. Watering volumes were determined gravimetrically, simulating a gradient of
water restriction. Hoagland’s solution was applied every two days to ensure an adequate
nutrient supply.

The experiment was carried out in a completely randomized design, with eleven
water regimes, eight plants per treatment, and three technical replicates per plant, resulting
in a total of 264 analysed samples. Pots were randomly distributed within the chamber.
The water regimes were maintained for 14 days, with the environmental and irrigation
parameters continuously monitored to ensure experimental consistency.

2.2. Hyperspectral Reflectance Data

Hyperspectral reflectance spectra were obtained from the adaxial surface of fully ex-
panded leaves via a FieldSpec 3 spectroradiometer (ASD Inc., Boulder, CO, USA) equipped
with a PlantProbe® leaf clip. The measurements covered the 350–2500 nm spectral range
(UV–VIS–NIR–SWIR). Prior to each measurement session, the instrument was calibrated
with both a Spectralon® white reference and a dark reference to ensure accuracy. For each
leaf, 50 consecutive scans were averaged to reduce noise and improve signal quality. All
reflectance data were processed via ViewSpec Pro® software version 5 (ASD Inc., Boulder,
CO, USA), following standard protocols for baseline correction and interpolation. Only
reflectance values were considered for subsequent statistical and multivariate analyses [35].
All the measurements were conducted under controlled ambient light conditions.

2.3. Chlorophylls and Carotenoids Extraction

Simultaneous quantification of total chlorophyll (Chl), total carotenoids (Car), and
flavonoids (Flv) was performed as described by Gitelson and Solovchenko (2018) [36] and
Falcioni et al. (2022) [37], with adaptations for soybean. Leaf segments (0.5 cm2) were
homogenized in 1.5 mL microtubes containing chloroform–methanol solution (2:1, v/v) in
the presence of CaCO3. After complete pigment extraction, distilled water (20% of the total
extract volume) was added to promote phase separation. The samples were subsequently
centrifuged at 15,000 rpm for 5 min to ensure clear separation of the polar and apolar
phases. The absorbance was measured in a 96-well microplate using a Biochrom Asys
UVM-340 microplate reader (Biochrom Ltd., Cambridge, UK) with ScanPlus VisibleWell®

software version 1.0.2 (Biochrome Ltd., Milton Road, Cambridge, UK).

2.3.1. Quantification of Chlorophylls and Carotenoids

Chlorophyll a (Chl a), chlorophyll b (Chl b), total chlorophyll (Chl a + b), and
carotenoids (Car; carotenes + xanthophylls) were quantified from the acetone phase by
adding 200 μL of extract to each well. The absorbance was measured at 470, 652, and
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665 nm, and 100% methanol was used as the blank. The base area (mg m−2) and mass
(mg g−1) concentrations were calculated via the following equations:

Chl a = 16.72 × Abs665 − 9.16 × Abs652

Chl b = 34.09 × Abs652 − 15.28 × Abs665

Chl a + b = Chl a + Chl b

Car =
1000 × Abs470 − 1.63 × Chl a − 104.96 × Chl b
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2.3.2. Quantification of Flavonoids

Flavonoids (Flv) were quantified in the polar methanol extract. The upper phase,
containing extrachloroplastic pigments, was used for total flavonoid content determination
by absorbance at 358 nm (ε358 = 25 mM−1 cm−1; Gitelson & Solovchenko, 2018) [36].

2.4. Quantification of Proline

The proline content in the leaf samples was determined following the methods of
Falcioni et al. (2025) [11], with adaptations for microplate analysis. Fresh leaf segments
(100 mg) were homogenized in 2 mL of 3% (w/v) sulfosalicylic acid and centrifuged at
15,000 rpm for 10 min. A 100 μL aliquot of the supernatant was transferred to a 96-well
microplate, to which 100 μL of acid ninhydrin solution (prepared by mixing 1.25 g of
ninhydrin in 30 mL of glacial acetic acid and 20 mL of 6 M phosphoric acid) and 100 μL of
glacial acetic acid were added. The plate was sealed and incubated at 95 ◦C for 1 h. After
cooling to room temperature, 200 μL of toluene was added to each well, and the mixture
was agitated for 30 s. The absorbance of the chromophore-containing toluene phase was
measured at 520 nm via a microplate reader. The proline concentration was calculated from
a standard curve constructed with L-proline and expressed as μmol proline per gram of
fresh mass (μmol g−1 FM). All analyses were performed in triplicate.

2.5. Quantification of Soluble Phenolic Compounds (Phe)

The soluble phenolic compounds (Phe) in the leaf samples were quantified via an
adapted Folin–Ciocalteu method (Ragaee, 2006) [38]. The methanolic extracts (150 μL) were
mixed with 70 μL of Folin–Ciocalteu reagent (1 M), 140 μL of sodium carbonate (Na2CO3,
3.56 M), and 850 μL of deionized water in 2 mL tubes. The reaction mixture was incubated
in the dark for 50 min at room temperature and then centrifuged at 15,000 rpm for 2 min.
The absorbance of the supernatant was measured at 725 nm via a spectrophotometer. The
phenolic content was calculated against a gallic acid standard curve (Ŷ = 87.651x + 1.6515;
R2 = 0.993) and expressed as gallic acid equivalents per sample. All measurements were
performed in triplicate.

2.6. Preparation of Protein-Free Cell Wall Fraction (PFCW) and Quantification of Lignin
and Cellulose

Protein-free cell wall fractions (PFCWs) were prepared from dried, powdered leaf
tissue. Aliquots of 150 mg were weighed into 2 mL microtubes. The samples were sequen-
tially washed five times with 50 mM potassium phosphate buffer (pH 7.0), five times with
Triton X-100 (pH 7.0), four times with 1 M NaCl (pH 7.0), four times with distilled water,
and three times with acetone. After each wash, the samples were centrifuged at 15,000 rpm
for 3 min. The final pellets were oven-dried at 60 ◦C for 24 h and used as the PFCW fraction,
which was free of both water-soluble polar and apolar compounds.
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2.6.1. Lignin Content Determination

The lignin content in the PFCW fraction was quantified via the acetyl bromide method.
For each sample, 20 mg of PFCW was transferred to a new microtube and mixed with
130 μL of freshly prepared acetyl bromide solution (25% v/v in glacial acetic acid). The
samples were incubated at 70 ◦C for 30 min and then cooled rapidly on ice. Subsequently,
0.24 mL of 2 M NaOH, 0.02 mL of 5 M hydroxylamine-HCl, and 1.6 mL of glacial acetic acid
were added for complete solubilization of the lignin extract. The samples were subsequently
centrifuged at 1400× g for 5 min. The lignin content was determined spectrophotometrically
at 280 nm (ε = 22.1 g L−1 cm−1) via a FlexStation 3 plate spectrophotometer (Molecular
Devices LLC., San Jose, CA, USA) and SoftMax® Pro Software version 5 (Molecular Devices
LLC., San Jose, CA, USA). The results are expressed as mg lignin per g of PFCW. All
analyses were performed in triplicate.

2.6.2. Cellulose Content Determination

The cellulose was quantified according to standard protocols with adaptations for leaf
tissue. The dried tissue samples were incubated at 70 ◦C for 1 h. The ethanol was then
replaced with acetic/nitric acid solution for extraction, and the mixture was subsequently
discarded. The samples were washed with distilled water and then treated with freshly
prepared anthrone in sulfuric acid. Quantification was performed at 620 nm using a
Biochrom Asys UVM-340 microplate reader (Biochrom Ltd., Cambridge, UK). The cellulose
content was expressed as glucose equivalents (μmol glucose per g dry mass) and was
calculated according to a glucose standard curve. All analyses were performed in triplicate.

2.7. Antioxidant Activity (RSA%)

Antioxidant activity, expressed as relative scavenging activity (RSA%), was deter-
mined via the DPPH (2,2-diphenyl-1-picrylhydrazyl) free radical assay following Falcioni
et al. (2025) [11] with adaptations for soybean leaves. Methanolic leaf extracts (50 μL)
were added to 200 μL of 1 mM DPPH solution in each well of a quartz 96-well microplate.
The mixture was agitated and incubated in the dark at room temperature for 60 min. The
absorbance was then measured at 515 nm via a microplate spectrophotometer (Biochrom
Asys UVM-340). The RSA (%) was calculated as follows:

RSA (%) =

[
1 −

( Asample

Ablank

)]
× 100

where A_sample is the absorbance of the reaction mixture and Ablank is the absorbance
of the DPPH solution without extraction. Higher RSA values indicate greater antioxidant
activity. All measurements were performed in triplicate.

2.8. Electrolyte Leakage (ELK%)

Electrolyte leakage (ELK%) was determined to assess membrane integrity, following
standard protocols with adaptations for soybean leaves. Fresh leaf discs (0.5 cm diameter)
were rinsed thoroughly with deionized water to remove surface-adhered electrolytes. The
discs were placed in test tubes containing 10 mL of deionized water and incubated at room
temperature for 24 h. The initial conductivity (C1) of the bath solution was measured via a
conductivity meter (model, manufacturer). The samples were then autoclaved at 121 ◦C for
20 min to ensure complete membrane rupture and allowed to cool to room temperature,
after which the final conductivity (C2) was recorded. Electrolyte leakage was calculated as
the percentage ratio of initial conductivity to total conductivity:

ELK (%) =

(
C1

C2

)
× 100
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All measurements were performed in triplicate. The results are expressed as the
percentage of total electrolytes released, reflecting the degree of cell membrane damage.

2.9. Relative Water Content (RWC%)

The relative water content (RWC) was determined to evaluate the leaf water status.
Fresh leaf discs were collected and immediately weighed to obtain the fresh mass (FM).
The discs were then floated on distilled water in Petri dishes for 24 h at 4 ◦C in the dark to
reach full turgidity. After gentle blotting to remove surface water, the turgid mass (TM)
was recorded. The samples were subsequently dried at 70 ◦C for 48 h and weighed to
determine the dry mass (DM). The RWC was calculated as follows:

RWC (%) =

(
FM − DM
TM − DM

)
× 100

All measurements were performed in triplicate. The results are presented as the
percentage of water content relative to full turgor.

2.10. Statistical Analyses
2.10.1. Analysis of Variance and Descriptive Statistics

Descriptive statistical analysis was conducted for all agronomic, physiological, bio-
chemical, and spectral datasets, including the calculation of the mean, standard error
of the mean (SEM), minimum and maximum values, and coefficient of variation (CV%).
Treatment differences were evaluated by analysis of variance (ANOVA), with statistical
significance considered at p < 0.05. Multiple mean comparisons were performed via Dun-
can’s test at the same significance level. Relationships between physiological variables,
vegetation indices, and growth parameters were investigated via Pearson’s correlation
test. All univariate analyses and the generation of summary tables were performed via
custom Statistica 10® (StatSoft Inc., Tulsa, OK, USA), SigmaPlot 10.0® (Systat Inc., Santa
Clara, CA, USA), CorelDraw 2020® (Corel Corp., Ottawa, ON, Canada) and Python scripts
(version 3.11) [39].

2.10.2. Principal Component Analyses (PCA)

Principal component analysis (PCA) was applied to physiological and spectral data
to reduce dimensionality and identify major groupings and response patterns to water
treatments. The optimal number of principal components was determined according to
the cumulative variance explained. All PCA analyses were conducted in Python, adopting
a significance level of p < 0.05. In addition to scores and clustering, the proportion of
explained variance (scree plot), spectral loadings, and regression coefficients for each
principal component were extracted to determine the most informative wavelength regions.
These outputs supported subsequent feature selection and modelling steps.

2.10.3. Vegetation Indices (VIs)

A comprehensive set of vegetation indices was calculated to evaluate their sensitivity
in detecting differences among water regimes, foliar pigmentation, photochemical effi-
ciency, water status, pigment content, and structural–physiological alterations in soybean
leaves. The indices analysed were, in order, NDVI (normalized difference vegetation index),
GNDVI (green normalized difference vegetation index), EVI (enhanced vegetation index),
SAVI (soil-adjusted vegetation index), OSAVI (optimized soil-adjusted vegetation index),
MSAVI2 (modified soil-adjusted vegetation index 2), SIPI (structure insensitive pigment
index), PSSRc (pigment specific simple ratio—carotenoids), RARS (red-edge anthocyanin
reflectance signal), WBI (water band index), MSI (moisture stress index), NDII (normalized
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difference infrared index), NDMI (normalized difference moisture index), NDDI (normal-
ized difference drought index), NMDI (normalized multi-band drought index), NDWI1640
(normalized difference water index with 1640 nm band), NDWI2130 (normalized difference
water index with 2130 nm), ARI1 (anthocyanin reflectance 1), ARI2 (anthocyanin reflectance
2), CRI1 (carotenoid reflectance 1), CRI2 (carotenoid reflectance 2), VOG1 (Vogelmann red
edge 1), VOG2 (Vogelmann red edge 2), NPQI (normalized phaeophytinization index), and
PRI (photochemical reflectance index).

The mean values for each index were compared across treatments, and their relation-
ships with physiological parameters were assessed via Pearson’s correlation coefficient.
This integrated approach enabled robust discrimination of plant responses to water deficit
and supported the identification of informative spectral markers for physiological and
structural changes in the leaves.

2.10.4. Hierarchical and Cluster Analysis

Pairwise Euclidean distances were calculated between the mean spectral profiles of
each water regime. A hierarchical clustering algorithm was applied to these distances
to assess the similarity and grouping of treatments. The resulting Euclidean distance
matrix was visualized as a heatmap, and a corresponding dendrogram was constructed to
illustrate hierarchical relationships among treatments. All calculations and visualizations
were performed in Python.

2.10.5. Machine Learning Models

Predictive classification models were developed to discriminate among water regimes
via hyperspectral reflectance data. The algorithms employed were support vector machine
(SVM), random forest (RF), k-nearest neighbor (KNN), naive Bayes (NB), decision tree
(DT), logistic regression (LR), gradient boosting (GBoost), and multilayer perceptron (MLP
classifier). All the data were split such that 60% of the samples were used for model training
(calibration), 40% were used for internal validation, and an independent external set was
reserved for model testing. The training and test groups were defined on the basis of
both random sampling and hierarchical clustering outcomes to ensure representativeness
across treatments.

Model performance was evaluated via the external test set, with efficiency defined
as models achieving training accuracy above 95%. The performance metrics included the
confusion matrix, accuracy, precision, recall (sensitivity), and F1 score for each class (i.e.,
water regime). The confusion matrices of all the models are presented for direct visual
comparison of classification performance and error patterns across all the treatments.

2.10.6. Correlation and Heatmap Analyses

Pearson’s correlation coefficients (p < 0.001) were calculated for all the physiological,
biochemical, structural, and spectral variables. For each trait, a correlation matrix was
generated with all individual wavelengths, and the results were visualized as heatmaps,
with color scales representing the strength and direction of the correlation (from −1 to +1).
Additionally, a second heatmap was produced to visualize the correlation matrix among
all measured variables, allowing for an integrated assessment of relationships between
biochemical, physiological, and structural traits.

2.10.7. Selection of Responsive Spectral Bands

To identify the most responsive wavelengths for each physiological and biochemical
parameter, multiple variable selection algorithms were applied via custom Python scripts.
The following methods were implemented: partial least squares regression (PLSR), variable
importance in projection (VIP), interval partial least squares (iPLS-VIP), the genetic algo-
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rithm (GA), random forest (RF), competitive adaptive repeated sampling (CARS), Boruta,
Lasso, mutual information, recursive feature elimination (RFE), and linear discriminant
analysis (LDA). For each variable, the top 50 wavelengths were selected on the basis of the
importance ranking or selection criterion of each algorithm. The convergence and speci-
ficity of selected bands across algorithms are visualized as dot plots, where wavelength
positions (x-axis) are grouped by algorithm (y-axis). This integrative approach enabled
robust identification of the spectral regions most informative for each target trait.

2.10.8. Partial Least Squares Regression (PLSR)

Partial least squares regression (PLSR) was used to predict physiological, biochemical,
and agronomic parameters from the hyperspectral reflectance data. For each variable, the
spectral and target data were synchronized and standardized via z score normalization
prior to model fitting. The datasets were randomly split into calibration (training) and
validation (testing) sets, typically using 60% of the samples for model calibration and 40%
for validation; the exact proportion was user-defined.

The optimal number of PLSR components was selected by the user on the basis of
data dimensionality and prediction stability. The PLSR models were fitted via the NIPALS
algorithm. For each target variable, model performance was evaluated in both the training
and testing sets by calculating the coefficient of determination (R2), root mean square error
(RMSE), mean absolute error (MAE), and prediction bias. Additionally, linear regression
analysis between the observed and predicted values was performed to estimate the slope
and intercept of the regression line. All observed and predicted values, together with the
minimum and maximum ranges, were recorded.

Model predictions and metrics were visualized in scatter plots of observed versus
predicted values for each variable, highlighting the 1:1 line, fitted regression, and color-
coded gradients by the observed variable.

2.10.9. Analysis of Optimized Hyperspectral Vegetation Indices

To identify the most informative spectral regions for each physiological and biochem-
ical parameter, all possible combinations of two wavelengths within the hyperspectral
reflectance range were evaluated via a generalized normalized difference vegetation index
(NDVI) formula:

HVI(λ1, λ2) =
R(λ1)− R(λ2)

R(λ1) + R(λ2)

where R(λ) is the standardized reflectance at wavelength λ.
For each pairwise combination of wavelengths, the resulting HVI was calculated across

all samples and correlated with the target variable via the coefficient of determination (R2).
This generated a two-dimensional spectral map (contour map) of R2 values, highlighting
spectral regions where the NDVI-like index was most predictive of the trait. All calculations
were performed via custom Python scripts. The resulting R2 maps were visualized for each
variable, with the colour scale representing the strength of the correlation and the axes
corresponding to λ1 and λ2. This approach enabled the identification of hyperspectral index
combinations most responsive to variations in physiological, biochemical, and structural
leaf parameters (Figure 1 and Table 1).
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Figure 1. Experimental workflow for the assessment of the biochemical, physiological, and spectral
responses of Glycine max under eleven water regimes. The diagram illustrates the experimental
pipeline, including the cultivation of soybean plants under eleven distinct water regimes with
sampling every 14 days. Biochemical, physiological, and agronomic parameters were analysed in
parallel with hyperspectral data acquisition (UV–VIS–NIR–SWIR range, 350–2500 nm) via proximal
sensors. Spectral, biochemical, and pigment analyses were performed both in vitro and through
multivariate modelling approaches, including principal component analysis (PCA), hyperspectral
vegetation indices (HVI), selected most responsive wavelengths and prediction models. Univariate
and multivariate analyses were applied to predict and interpret the relationships between variables
and to discriminate among treatments.

Table 1. Narrowband vegetation indices calculated from the leaf spectral reflectance.

Vegetation Index Formula Reference

NDVI NDVI = RNIR−RRed
RNIR+RRed

[40]

GNDVI GNDVI = RNIR−RGreen
RNIR+RGreen

[41]

EVI EVI = 2.5 × RNIR−RRed
RNIR+6 RRed−7.5 RBlue+1 [42]

SAVI SAVI = (1 + L) RNIR−RRed
RNIR+RRed+L (L = 0.5) [42]

OSAVI OSAVI = RNIR−RRed
RNIR+RRed+0.16 [42]

MSAVI2 MSAVI2 =
2 RNIR+1−

√
(2 RNIR+1)2−8 (RNIR−RRed)

2
[43]

SIPI SIPI = R800−R445
R800−R680

[44]

PSSRc PSSRc = R800
R470

[44,45]

RARS RARS = R675
R700

[44]

WBI WBI = R900
R970

[46]

MSI MSI = R1600
R820

[47]

NDII NDII = R819−R1649
R819+R1649

[46]

NDMI NMDI = R860−(R1640−R2130)
R860+(R1640−R2130)

[48]
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Table 1. Cont.

Vegetation Index Formula Reference

NDDI NDDI = NDVI−NDWI
NDVI+NDWI [49]

NMDI NMDI = R860−(R1640−R2130)
R860+(R1640−R2130)

[50]

NDWI1640 NDWI1640 = R858−R1640
R858+R1640

[50]

NDWI2130 NDWI2130 = R858−R2130
R858+R2130

[50]

ARI1 ARI1 = 1
R550

− 1
R700

[51]

ARI2 ARI2 = R800 ×
(

1
R550

− 1
R700

)
[51]

CRI1 CRI1 = 1
R510

− 1
R550

[50]

CRI2 CRI2 = 1
R510

− 1
R700

[50]

VOG1 VOG1 = R740
R720

[52]

VOG2 VOG2 = R734−R747
R715+R726

[52]

NPQI NPQI = R415−R435
R415+R435

[53]

PRI PRI = R531−R570
R531+R570

[54]

3. Results

3.1. Photosynthetic and Protective Pigments, Stress Markers, and Leaf Biochemical Parameters

The mean concentrations of photosynthetic pigments expressed per unit area were
391.51 mg m−2 for chlorophyll a, 187.01 mg m−2 for chlorophyll b, 578.52 mg m−2 for
total chlorophyll (a + b), and 69.10 mg m−2 for carotenoids. The coefficients of variation
ranged from 42.29% to 67.05%. When expressed per unit mass, chlorophyll a had a mean
of 21.18 mg g−1, chlorophyll b 9.49 mg g−1, total chlorophyll (a + b) 30.66 mg g−1, and
carotenoids 3.86 mg g−1, with coefficients of variation ranging from 28.35% to 55.00%.

For protective compounds, the mean values observed were 42.26 mg g−1 for flavonoids
(mass basis), 67.91 nmol cm−2 for flavonoids (area basis), 23.38 μmol g−1 for proline, and
135.88 mL cm−2 for phenolic compounds. The coefficients of variation for these compounds
ranged from 22.02% to 44.59%.

The analysis of the stress markers revealed a mean lignin concentration of 27.53 mg g−1,
cellulose content of 103.92 nmol mg−1, antioxidant activity (RSA) of 64.75%, electrolyte
leakage (ELK) of 39.70%, and relative water content (RWC) of 70.46%. The coefficients of
variation for these variables varied between 16.54% and 37.98%. The distribution of values
(minimum, median, and maximum) for each parameter is detailed in Table 2.

3.2. Spectral Reflectance Profiles Under Water Regimes

The mean reflectance spectra (350–2500 nm) of fully expanded Glycine max leaves
exhibited distinct patterns across the eleven water regime treatments (W100 to W0). In
the VIS region (350–700 nm), all the treatments presented low reflectance values, with
a clear separation between the regimes: leaves under relatively high water availability
(W100, W90, W80) consistently presented relatively low reflectance, whereas those under
relatively severe water restriction (notably W30, W20, W10, and especially W0) presented a
progressive increase in reflectance, particularly near the red edge (approximately 700 nm).

In the NIR region (700–1350 nm), all the treatments demonstrated a pronounced
increase in reflectance. Compared with those under greater water deficit, the treatments
with greater water availability (W100 to W60) maintained higher NIR reflectance values,
with W0 consistently presenting the lowest NIR reflectance values.
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Table 2. Descriptive statistics for physiological and biochemical parameters assessed in leaf samples.
The table presents the mean, median, minimum, maximum, and coefficient of variation (CV, %)
for each parameter measured across 264 samples. Photosynthetic pigments are expressed both per
area (mg m−2 for chlorophyll a, chlorophyll b, total chlorophyll (a + b), and carotenoids) and per
dry mass (mg g−1). Protective compounds include flavonoids (mg g−1 and nmol cm−2), proline
(μmol g−1), and phenolic compounds (mL cm−2). The stress markers included lignin (mg g−1),
cellulose (nmol mg−1), radical scavenging activity (RSA, %), electrolyte leakage (ELK, %), and
relative water content (RWC, %). The CV indicates the degree of variability for each parameter within
the sample set.

Physiological Groups Parameters Count (n) Mean Median Min Max CV (%)

Photosynthetic
pigments (area)

Chl a (mg m−2) 264 391.51 428.75 75.72 680.70 42.29
Chl b (mg m−2) 264 187.01 187.92 3.77 484.47 67.05

Chl a + b (mg m−2) 264 578.52 662.99 84.90 1145.01 47.20
Car (mg m−2) 264 69.10 60.53 13.91 180.98 55.78

Photosynthetic
pigments (mass)

Chl a (mg g−1) 264 21.18 21.21 5.45 36.48 28.35
Chl b (mg g−1) 264 9.49 10.11 0.29 22.96 55.00

Chl a + b (mg g−1) 264 30.66 33.06 6.11 58.18 31.49
Car (mg g−1) 264 3.86 3.56 0.60 9.89 48.95

Protective compounds

Flv (mg g−1) 264 42.26 36.54 15.14 105.20 44.59
Flv (nmol cm−2) 264 67.91 67.55 37.43 109.67 22.02
Pro (umol g−1) 264 23.38 24.16 4.93 43.32 37.98
Phe (mL cm−2) 264 135.88 130.45 68.71 238.30 27.93

Stress markers

Lig (mg g−1) 264 27.53 27.11 10.55 49.20 26.63
Cel (nmol mg−1) 264 103.92 103.98 64.17 144.28 16.54

RSA (%) 264 64.75 66.38 37.62 83.48 17.39
ELK (%) 264 39.70 41.55 21.82 53.12 20.62
RWC (%) 264 70.46 68.69 38.20 108.52 21.68

In the SWIR region (1350–2500 nm), two marked absorption features were observed
(SWIR1 and SWIR2), with all the treatments resulting in a reduction in reflectance at these
wavelengths. The separation among water regimes was most apparent in this domain: the
W0 treatment presented the highest reflectance values across SWIR1 and SWIR2, whereas
intermediate treatments followed a gradation corresponding to the severity of water deficit
but did not progressively change.

Statistically significant differences in reflectance were detected among all the
treatments throughout the entire spectral range (F = 26.97, p < 0.001; n = 24), as
presented in Figure 2.

3.3. Principal Component Analysis of Leaf Reflectance

Principal component analysis (PCA) of the leaf reflectance spectra of Glycine max under
different water regimes revealed clear separation among the treatments. The first two prin-
cipal components explained 69.8% (PC1) and 18.2% (PC2) of the total variance, respectively.
In the biplot (Figure 3A), three main clusters were identified, each corresponding to specific
groupings of the water regime treatments.
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Figure 2. UV–VIS–NIR–SWIR reflectance profiles (350–2500 nm) of fully expanded Glycine max
leaves under distinct water regimes. Reflectance spectra are shown for all the treatments, ranging
from W100 to W0. The spectral domains are segmented as follows: VIS (350–700 nm; pigment
absorption), NIR (700–1350 nm; structural leaf properties), and SWIR (1350–2500 nm; water and
additional structural components). Significant differences between treatments were detected via
one-way ANOVA (F = 26.97, p < 0.001). (Mean ± SE). (n = 24).

Figure 3. Principal component analysis (PCA) of leaf reflectance data from Glycine max under
contrasting water regimes. (A) Biplot of the first two principal components (PC1 and PC2), explaining
69.8% and 18.2% of the total variance, respectively. Individual samples are coloured according to
dot treatments, and ellipses highlight the main clusters identified by the analysis. (B) Mean factor
scores (±SE) for each treatment along PC1 and PC2. Different uppercase letters indicate significant
differences among treatments (p < 0.05). The treatments ranged from well-watered (W100) to severe
water deficit (W0) (n = 24). The colours for each treatment are represented in the legend with the
corresponding line styles.

The distribution of individual samples within the PCA space revealed that well-
watered treatments (W100, W90, W80) were predominantly grouped within Cluster 1.
Intermediate water regimes (W70, W60, W50, W40, W30, W20) were associated mainly with
Cluster 2, whereas the most severe deficit treatments (W10, W0) were clearly separated
into Cluster 03.
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The mean factor scores for each treatment along PC1 and PC2 (Figure 3B) further
supported these groupings. W100 and W80 presented the most negative mean values on
PC1, whereas W0 and W10 presented the highest positive scores.

Principal component analysis of the hyperspectral reflectance data revealed that the
first three principal components accounted for the majority of the spectral variability
in the soybean leaves. PC1, PC2, and PC3 explained 69.8%, 18.2%, and 5.2% of the to-
tal variance, respectively, with the cumulative variance reaching over 93% by the third
component (Figure 4A).

Figure 4. Principal component analysis (PCA) of hyperspectral reflectance data from soybean leaves.
(A) Percentage of variance explained by the first ten principal components, with the cumulative
variance indicated by the red line. (B) Standardized β-loadings for the first three principal components
(PC1, PC2, PC3) as a function of wavelength, highlighting the main spectral regions contributing to
variability. (C) Regression coefficients for the first three principal components across the spectral
range (350–2500 nm), showing the wavelengths most strongly associated with each PC. The red
dotted lines represent the limits of −0.75 and +0.75 limited in regression coefficients.

The standardized β-loadings for PC1, PC2, and PC3 (Figure 4B) revealed that the
major spectral regions contributing to variability were distributed across the VIS, NIR, and
SWIR domains. PC1 was associated primarily with broad features spanning the entire
spectrum, whereas PC2 and PC3 exhibited more distinct peaks and troughs, especially in
regions at approximately 600 nm, 1400 nm, and 1900 nm.

The regression coefficients for the first three principal components (Figure 4C) high-
lighted the wavelengths most strongly linked to each PC. Notably, the PC1 coefficients
remained high across the VIS and NIR regions, whereas the PC2 and PC3 coefficients varied
more markedly in the SWIR region, identifying specific wavelengths that contributed to
the separation of water regimes in the PCA. All analyses were conducted using reflectance
data in the 350–2500 nm range.

3.4. Variable Importance of Vegetation Indices for Leaf Trait Prediction

The evaluation of 25 spectral vegetation indices revealed substantial variation in their
relative importance for predicting physiological and biochemical responses in soybean
leaves across water regimes. Among all indices, CRI2 exhibited the highest variable im-
portance, reaching approximately 35%. ARI2 and ARI1 followed, with relative importance
values of approximately 16% and 12%, respectively. Other indices, such as CRI1 (8%), VOG1
(5%), and PSSRc (2%), also contributed to the predictive modelling but with a lower impact.

Conversely, the classic indices related to greenness, moisture, and general vegetation
status (e.g., the NDVI, GNDVI, EVI, SAVI, OSAVI, MSI, NDMI, and PRI) all presented
relative importance values below 2%. The majority of indices were below this threshold,
indicating limited relevance for predicting physiological and biochemical variation under
the tested water regimes (Figure 5).
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Figure 5. Relative importance of spectral vegetation indices for predicting physiological and bio-
chemical responses in soybean leaves under different water regimes. The bar chart displays the
relative variable importance (%) of 25 vegetation indices derived from hyperspectral data. The
inset illustrates the principle of light interaction with leaves and the vegetation index calculation.
Index abbreviations: NDVI, normalized difference vegetation index; GNDVI, green normalized
difference vegetation index; EVI, enhanced vegetation index; SAVI, soil-adjusted vegetation index;
OSAVI, optimized soil-adjusted vegetation index; MSAVI2, modified soil-adjusted vegetation index
2; SIPI, structure insensitive pigment index; PSSRc, pigment specific simple ratio—carotenoids;
RARS, red-edge anthocyanin reflectance signal; WBI, water band index; MSI, moisture stress index;
NDII, normalized difference infrared index; NDMI, normalized difference moisture index; NDDI,
normalized difference drought index; NMDI, normalized multi-band drought index; NDWI1640,
normalized difference water index with 1640 nm band; NDWI2130, normalized difference water index
with 2130 nm; ARI1, anthocyanin reflectance 1; ARI2, anthocyanin reflectance 2; CRI1, carotenoid
reflectance 1; CRI2, carotenoid reflectance 2; VOG1, Vogelmann red edge 1; VOG2, Vogelmann red
edge 2; NPQI, normalized phaeophytinization index; PRI, photochemical reflectance index, shows
greater contribution to the predictive modelling of leaf responses.

These results demonstrate that carotenoid and anthocyanin indices are the most
informative spectral metrics for the prediction of leaf responses to water deficit in
soybean (Figure 5).

3.5. Hierarchical Clustering of Spectral Profiles Under Water Regimes

Hierarchical clustering analysis based on spectral data revealed clear separation among
the Glycine max treatments according to water availability. The Euclidean distance matrix
(Figure 6A) revealed low dissimilarity between the well-watered treatments (W100, W90,
W80, W70, W60), with pairwise distances ranging from 0.01–0.34. The moderate water
deficit treatments (W50, W40, W30) also clustered closely together (distances < 0.5) but
presented increasing divergence from both the well-watered and extreme deficit groups.

The most pronounced spectral dissimilarity was observed between W0 and all the
other treatments, with Euclidean distances ranging from 1.4–2.0, and between W0 and W10,
with a distance of 0.66. The dendrogram (Figure 6B) highlighted the formation of distinct
clusters, with W0 forming a separate branch and W10 and W20 grouping together, clearly
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separated from the well-watered (W100–W60) and moderate-deficit (W50–W30) treat-
ments. This structure reflects the spectral divergence resulting from the gradient of water
restriction, with severe deficit and extreme restriction regimes forming distinct clusters.

Figure 6. Hierarchical clustering of Glycine max treatments under different water regimes on the basis
of spectral data. (A) Euclidean distance matrix showing pairwise distances among all water regimes
(W100 to W0), with the intensity of blue shading indicating increasing dissimilarity. (B) Dendrogram
from hierarchical clustering analysis, highlighting the formation of distinct groups among treatments.
The separation reflects the spectral divergence imposed by the water availability gradient, with severe
deficit (W0) and extreme restriction (W10, W20) forming distinct clusters from the well-watered
and moderate-deficit groups according to the Euclidean distance. The colours in the hierarchical
clustering indicate the proximity among similar treatments.

The confusion matrices in Figure 7 summarize the classification results of the eleven
water regimes via eight machine learning models on the basis of hyperspectral reflectance
data. The random forest, decision tree, gradient boosting, and MLP classifiers produced
perfect classifications, with all samples correctly assigned to their original classes (values of
1.00 along the diagonal and zeros elsewhere). Logistic regression also achieved high accuracy,
with a few misclassifications, mostly between intermediate treatments such as W80, W70, and
W60.

In contrast, SVM, KNN, and naive Bayes showed increased rates of confusion, partic-
ularly among adjacent or similar water regimes. SVM and KNN presented off-diagonal
values up to 0.22, indicating some overlap in prediction between regimes such as W10, W20,
and W0. Naive Bayes resulted in the highest number of misclassifications, with proportions
up to 0.22 for certain deficit treatments, reflecting reduced discriminatory power in more
challenging scenarios.

Overall, tree-based ensemble models and neural network approaches demonstrated
the highest predictive precision for distinguishing water regimes in soybean leaves, whereas
distance- and probability-based models struggled to separate spectrally similar classes.

3.6. Correlation Between Spectral Data and Leaf Biochemical/Biophysical Traits

The Pearson correlation heatmap (Figure 8A) demonstrated distinct association pat-
terns between hyperspectral reflectance (350–2500 nm) and key biochemical and biophysical
leaf traits in Glycine max. Photosynthetic pigments, both per area and mass (Chl a, Chl b,
Chl a + b, Car), exhibited strong positive correlations with reflectance in the near-infrared re-
gion (NIR; >750 nm), with r values approaching +1. Conversely, negative correlations were
observed in the visible region (VIS; 350–700 nm), particularly between 600–700 nm (r values
near −1). Flavonoids, proline, and total phenolics displayed the opposite trend, being
positively correlated with VIS reflectance and negatively correlated with the NIR bands.

Lignin, cellulose, and some stress markers (RSA, ELK, RWC) were generally negatively
correlated with reflectance across much of the spectrum. The most pronounced negative

231



Remote Sens. 2025, 17, 3409

associations were found in the shortwave infrared (SWIR; >1400 nm) band, where the r
values reached below −0.5, especially for RSA, ELK, and RWC, indicating a strong inverse
relationship between reflectance and these parameters under varying water regimes.

Figure 7. Confusion matrices for eight machine learning classifiers for predicting water regimes in
soybean plants on the basis of hyperspectral reflectance data. The classification performance of the
following models is shown: (A) support vector machine (SVM), (B) random forest, (C) k-nearest
neighbors (KNN), (D) naive Bayes, (E) decision tree, (F) logistic regression, (G) gradient boosting,
and (H) multilayer perceptron (MLP classifier). The predicted classes (x-axis) and true classes (y-axis)
correspond to the eleven water regimes (W100 to W0). Each cell shows the proportion of correctly
or incorrectly classified samples per class in increasing light to dark blue. The values in the boxes
indicate correct classifications, whereas the off-diagonal entries denote misclassifications.

Figure 8. Pearson correlation heatmaps between leaf spectral and biochemical/biophysical traits in
Glycine max. (A) Correlation matrix showing the Pearson correlation coefficient (r) between hyper-
spectral reflectance (350–2500 nm) and selected biochemical and biophysical variables: chlorophyll
a (Chl a), chlorophyll b (Chl b), total chlorophyll (Chl a + b), carotenoids (Car), flavonoids (Flv),
proline (Pro), total phenolics (Phe), lignin (Lig), cellulose (Cel), radical scavenging activity (RSA),
electrolyte leakage (ELK), and relative water content (RWC), all expressed per area or mass as in-
dicated. (B) Pearson correlation matrix among the same leaf traits. The color scale ranges from −1
(strong negative correlation, blue) to +1 (strong positive correlation, red), with yellow indicating
near-zero correlations.

The pairwise trait correlation matrix (Figure 8B) revealed clear groupings. Photosyn-
thetic pigments strongly positively correlated with each other (r > 0.8). Flavonoids, proline,
and phenolics were also positively correlated (r > 0.5) but strongly negatively correlated
with pigments (r < −0.5). Lignin and cellulose were positively correlated (r ≈ 0.6) and
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negatively associated with RWC (r ≈ −0.6). RSA and ELK were positively correlated, but
both were negatively related to RWC.

These results highlight that the VIS and NIR spectral bands are decisive for distinguish-
ing major biochemical components, whereas the SWIR bands are more strongly associated
with stress-related traits that align structures and cell compounds. This highlights the value
of full-spectrum reflectance profiling for the functional and physiological characterization
of soybean leaves under contrasting water availability conditions.

3.7. Wavelength Selection for the Prediction and Classification of Leaf Traits

The selection of informative wavelengths by multiple multivariate algorithms revealed
both common and variable-specific patterns across the 350–2500 nm range for all foliar traits
in Glycine max (Figure 9). For all the parameters evaluated, the majority of the algorithms
consistently identified wavelengths within the visible (VIS, 350–700 nm) and near-infrared
(NIR, 700–1350 nm) regions as the most relevant for predictive modelling.

For pigments expressed per area (Chl a, Chl b, Chl a + b, Car; Figure 9A–D), the most
frequently selected wavelengths were concentrated between 550 and 750 nm, spanning the
red-edge transition. Pigments expressed per mass (Figure 9E–H) similarly presented selec-
tion peaks at the VIS–NIR boundary, but several algorithms also highlighted informative
bands in the SWIR region (1400–1900 nm).

For secondary metabolites (Flv, Pro, Phe; Figure 9I–L) and cell wall components (Lig,
Cel; Figure 9M,N), the algorithms predominantly selected wavelengths in both the VIS
and SWIR regions. Notably, the SWIR region (between 1450–1900 nm and >2100 nm) was
highly represented in the selection for phenolics, lignin, and cellulose.

For the stress and physiological indices (RSA, ELK, RWC; Figure 9O–Q), informative
wavelengths were distributed across the spectrum, with mutual importance placed on the
SWIR region (particularly around water absorption features at 1450 nm, 1940 nm, and
2200 nm). The random forest, Boruta, and genetic algorithm approaches often select broader
ranges, whereas the LDA and VIP methods consistently highlight more discrete bands.

The repeated selection of red-edge (between 700–740 nm) and SWIR bands (especially
1450, 1940, and 2200 nm) by distinct algorithms reinforces their mechanistic link to pigment
absorption and water status, providing strong candidates for compact multispectral sensor
design and trait-specific remote phenotyping (Figure 9A–Q).

3.8. Predictive Modelling Using Hyperspectral Reflectance

The partial least squares regression (PLSR) models demonstrated robust predictive
performance for multiple foliar traits in Glycine max on the basis of the hyperspectral
reflectance data (Figures 10 and 11).

For the prediction of foliar pigment concentrations (Figure 10), high coefficients of
determination (R2) were observed for both the training and test sets. The models for
chlorophyll a, chlorophyll b, total chlorophyll, and carotenoids (base area) achieved R2

values ranging from 0.74–0.88, with low bias and a root mean square error (RMSE) typically
less than 100. Pigments expressed per mass also showed satisfactory predictive capacity,
with R2 values between 0.44 and 0.67 for chlorophyll a, chlorophyll b, total chlorophyll,
and carotenoids. The regression slopes for all pigment models were close to unity, and the
MAE values remained low across the range of observed concentrations.
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Figure 9. Wavelengths selected by different algorithms for the prediction and classification of foliar
traits in Glycine max. (A–Q) represent the most informative wavelengths identified for each variable
(in order): (A) chlorophyll a (Chl a, mg m−2), (B) chlorophyll b (Chl b, mg m−2), (C) total chlorophyll
(Chl a + b, mg m−2), (D) carotenoids (Car, mg m−2), (E) chlorophyll a (mg g−1), (F) chlorophyll
b (mg g−1), (G) total chlorophyll (mg g−1), (H) carotenoids (mg g−1), (I) flavonoids (Flv, mg g−1),
(J) flavonoids (nmol cm−2), (K) proline (Pro, μmol g−1), (L) phenolics (Phe, mL cm−2), (M) lignin
(Lig, mg g−1), (N) cellulose (Cel, nmol mg−1), (O) radical scavenging activity (RSA, %), (P) elec-
trolyte leakage (ELK, %), (Q) relative water content (RWC, %). Each dot color indicates a selected
wavelength for the respective algorithm. The y-axis lists the algorithms used by each color: PLS
(Partial Least Squares), VIP (Variable Importance in Projection), iPLS-VIP (Interval Partial Least
Squares), GA (Genetic Algorithm), RF (Random Forest), CARS (Competitive Adaptive Repeated
Sampling), Boruta, Lasso, MutInf (Mutual Information), RFE (Recursive Feature Elimination), LDA
(Linear Discriminant Analysis).
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Figure 10. Performance of PLSR models for predicting foliar pigment concentrations in Glycine
max using hyperspectral reflectance data. Scatter plots of observed versus predicted values for
(A) chlorophyll a (Chl a, mg m−2), (B) chlorophyll b (Chl b, mg m−2), (C) total chlorophyll (Chl a +
b, mg m−2), (D) carotenoids (Car, mg m−2), (E) chlorophyll a (mg g−1), (F) chlorophyll b (mg g−1),
(G) total chlorophyll (mg g−1), and (H) carotenoids (mg g−1). The training and test sets are indicated,
with the red line representing the 1:1 relationship. Each image shows the regression equation,
coefficient of determination (R2), bias, mean absolute error (MAE), and root mean square error
(RMSE) for both sets. The color scale denotes the sample density within each observed range.

For the biochemical and physiological parameters (Figure 11), the PLSR models
yielded moderate to high R2 values for most variables. The prediction of flavonoids (mg
g−1) reached an R2 of 0.72, with a low bias and RMSE of 4.52. Flavonoids (nmol cm−2)
and proline (μmol g−1) achieved R2 values of 0.36 and 0.15, respectively, reflecting a lower
predictive strength for these variables. The models for phenolics, lignin, and cellulose
presented R2 values between 0.31 and 0.96, with the best performance obtained for cellulose
(R2 = 0.96, RMSE = 4.83). The radical scavenging activity (RSA) was also well predicted,
with R2 = 0.81 and RMSE = 3.01.

For all the traits, scatter plots of the observed versus predicted values indicated close
clustering along the 1:1 line in the best-performing models, particularly for pigments
and cellulose. The color density scale confirmed good model generalizability across the
observed trait ranges in both the training and test sets.
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Figure 11. Predictive performance of PLSR models for biochemical and physiological traits in Glycine
max leaves using hyperspectral reflectance data. Scatter plots of observed versus predicted values
for (A) flavonoids (Flv, mg g−1), (B) flavonoids (nmol cm−2), (C) proline (Pro, μmol g−1), (D) total
phenolics (Phe, mL cm−2), (E) lignin (Lig, mg g−1), (F) cellulose (Cel, nmol mg−1), and (G) radical
scavenging activity (RSA, %). The training and test sets are indicated, with the red line representing
the 1:1 relationship. For each trait, the regression equation, coefficient of determination (R2), bias,
mean absolute error (MAE), and root mean square error (RMSE) are reported. The color bar represents
the sample density across the observed range.

3.9. Identification of the Most Responsive Wavelength Pairs via Spectral Correlation Analysis

The spectral correlation (R2) maps generated via the hyperspectral vegetation index
(HVI) method revealed the wavelength combinations most strongly associated with the
prediction of each foliar biochemical and physiological trait in Glycine max (Figure 12).

Across all the traits, the majority of the wavelength pairs produced low R2 values (dark
blue), indicating weak or negligible predictive power for most combinations within the
350–2500 nm range. However, each map displays discrete clusters of yellow to red points,
representing pairs of wavelengths with notably high predictive capacity (R2 approaching
or exceeding 0.75).

For chlorophyll-related traits (Figure 12A–C,E–G), the highest R2 values were observed
in combinations involving the red-edge (approximately 700–750 nm) and NIR bands
(750–900 nm), often in association with SWIR wavelengths near 1400 nm or 1900 nm. These
hotspots indicate regions where the synergy between pigment absorption features and
water/structural absorption results in optimal sensitivity for model prediction.
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Figure 12. Spectral correlation (R2) maps for all pairwise wavelength combinations via the hyperspectral
vegetation index (HVI) method for the prediction of foliar biochemical and physiological traits in
Glycine max. (A–Q) R2 maps for (A) chlorophyll a (Chl a, mg m−2), (B) chlorophyll b (Chl b, mg m−2),
(C) total chlorophyll (Chl a + b, mg m−2), (D) carotenoids (Car, mg m−2), (E) chlorophyll a (mg g−1),
(F) chlorophyll b (mg g−1), (G) total chlorophyll (mg g−1), (H) carotenoids (mg g−1), (I) flavonoids
(Flv, mg g−1), (J) flavonoids (nmol cm−2), (K) proline (Pro, μmol g−1), (L) phenolics (Phe, mL cm−2),
(M) lignin (Lig, mg g−1), (N) cellulose (Cel, nmol mg−1), (O) radical scavenging activity (RSA, %),
(P) electrolyte leakage (ELK, %), (Q) relative water content (RWC, %). The bottom right schematic
illustrates the approach used to identify the most responsive wavelength pairs via the HVI algorithm
(red points).
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Carotenoids (Figure 12D,H) and secondary metabolites such as flavonoids, proline,
and phenolics (Figure 12I–L) also presented the most responsive points between the VIS–
NIR boundary and specific SWIR intervals (especially at approximately 1450, 1940, and
2200 nm), with the highest R2 clusters scattered but generally located along these axes.

For cell wall components (lignin and cellulose; Figure 12M,N) and physiological stress
markers (RSA, ELK, RWC; Figure 12O–Q), the strongest correlations were detected between
pairs of SWIR wavelengths. Particularly those spanning the water absorption regions near
1450, 1940, and 2200 nm.

These responsive points, where R2 approaches 1.0, represent the wavelength pairs
with the greatest sensitivity for the nondestructive prediction of each respective trait. The
schematic in the lower right of Figure 12 illustrates the HVI approach, highlighting how
only a minority of wavelength combinations yield maximal prediction power, reflected as
isolated yellow/red points within the correlation landscape (Figure 12).

In summary HVI, shows the R2 correlation maps not only confirm the known asso-
ciations between certain spectral regions and foliar biochemistry but also visually reveal
the unique, trait-specific wavelength pairs driving predictive performance. This approach
highlights the potential of hyperspectral analysis not just for nondestructive trait estima-
tion, but also for advancing our understanding of the optical signatures underlying plant
physiological status. Such findings pave the way for the development of optimized indices
and the rational design of next-generation remote sensing tools tailored to key functional
traits in soybean and other crops.

4. Discussion

4.1. Overview of Key Findings

This study provides compelling evidence of the significant impacts of various water
regimes on soybean (Glycine max) leaf physiology, biochemical composition, and hyperspec-
tral reflectance. As anticipated, water stress led to a progressive decrease in photosynthetic
pigments, specifically chlorophyll (Chl a and Chl b) and carotenoids, and an increase in
protective compounds such as flavonoids (Flv) and proline (Pro), which are commonly
associated with stress tolerance mechanisms [8,55]. Furthermore, spectral reflectance data
revealed distinct patterns associated with different water treatments, with notable shifts in
the visible (VIS), near-infrared (NIR), and shortwave infrared (SWIR) regions, reflecting
physiological changes in response to water availability [8,30,56].

Recent studies corroborate our findings, highlighting that drought stress significantly
reduces the contents of photosynthetic pigments such as chlorophyll and carotenoids in
soybean plants. For example, a study by Nehra et al., (2025) [57] reported a decrease in
chlorophyll content under drought stress, attributed to increased reactive oxygen species
(ROS) production leading to oxidative damage and chlorophyll degradation. Similarly,
carotenoids, which play crucial roles in photoprotection and antioxidant defense, are also
affected by water stress. Their reduction under stress limits nonphotochemical quench-
ing and impairs their ability to scavenge ROS [58,59]. In our study, the reduction in
chlorophyll and carotenoid contents under water stress conditions aligns with these re-
ports, indicating a compromised photosynthetic capacity and increased susceptibility to
oxidative damage [60,61].

The accumulation of protective compounds such as flavonoids and proline under
water stress is a well-documented response in plants [62,63]. Flavonoids, known for
their antioxidant properties, help mitigate oxidative stress by scavenging free radicals.
Proline acts as an osmoprotectant, stabilizing cellular structures and maintaining cellular
functions under stress conditions [64,65]. The elevated levels of these compounds under
water stress coincide with SWIR reflectance changes, highlighting their mechanistic role in
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osmotic adjustment and antioxidative defense, which together increase stress tolerance in
soybean (Figures 1–12).

Hyperspectral reflectance analysis has emerged as a powerful tool for monitoring plant
stress responses [32]. In our study, distinct shifts in reflectance patterns were observed
across the VIS, NIR, and SWIR regions under different water regimes. These spectral
changes are indicative of physiological alterations in plants, such as changes in pigment
content and water status caused by changes in the thylakoid membrane. For example, a
study by Almakas et al., (2025) [66] revealed that cold stress (similarly water or drought
stress) in soybean led to significant changes in spectral reflectance, reflecting alterations
in chlorophyll fluorescence and pigment composition. Similarly, our findings of spectral
shifts under water stress conditions suggest that hyperspectral reflectance can serve as a
noninvasive and efficient method for the early detection of stress in soybean plants [67].

The integration of physiological, biochemical, and hyperspectral data provides a
comprehensive approach for understanding plant responses to water stress [2,66]. By
combining these datasets, we can develop predictive models to assess plant health and
stress levels more accurately. For example, machine learning algorithms can be trained
on hyperspectral data to classify stress levels on the basis of spectral features, enabling
real-time monitoring of crop health [20,21]. Moreover, the identification of specific spectral
bands associated with stress indicators can aid in the development of targeted remote
sensing tools for precision agriculture.

Therefore, spectral reflectance shifts are a direct consequence of pigment degradation
and metabolic adjustment under water stress, highlighting how hyperspectral sensors
capture underlying physiological mechanisms noninvasively [8,68,69]. This mechanistic
understanding supports both breeding for drought tolerance and improved management
of water-limited systems.

4.2. Principal Component Analysis and Model Performance

Principal component analysis (PCA) of the hyperspectral reflectance data effectively
revealed spectral variability across eleven water treatments in soybean (Glycine max). The
first two principal components accounted for 88% of the variance, clearly distinguishing
treatments on the basis of water availability. This aligns with findings by Furlanetto et al.
(2024) [70], who utilized PCA to classify potassium deficiency in soybean plants, achieving
100% variance across various developmental stages and seasons.

The separation of the well-watered treatments from those under intermediate and
severe water deficit conditions underscores the utility of PCA in capturing water stress-
induced spectral changes. This approach has been corroborated by studies [28,47], which
applied PCA to hyperspectral data to monitor plant stress responses, demonstrating its
efficacy in classifying varying stress levels.

With respect to model performance, machine learning algorithms such as random
forest (RF), gradient boosting, and multilayer perceptron (MLP) have achieved perfect
classification accuracy in predicting water regimes on the basis of hyperspectral data. These
ensemble methods effectively handle complex, high-dimensional data, as supported by
research by Furlanetto et al. (2020) [70], who reported high classification accuracies when
RF was used to identify potassium deficiency in soybean.

Conversely, simpler models such as support vector machines (SVMs) and k-nearest
neighbors (KNNs) struggled with misclassifications, particularly between regimes with
similar spectral signatures. This highlights a fundamental issue in the use of traditional
models. For example, while they are computationally efficient, they lack the capacity to
capture the complex interactions between multiple spectral features. These models are
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limited by their inherent assumption of linearity or proximity-based classification, which
often fails when the spectral data are highly variable and multidimensional [71–74].

Therefore, while PCA serves as a robust tool for dimensionality reduction and visual-
ization of spectral data, the integration of advanced machine learning algorithms enhances
the predictive accuracy for water stress classification in soybean. The combination of
PCA and ensemble learning models offers a powerful framework for the nondestructive
assessment of plant physiological responses to varying water regimes, facilitating informed
decision-making in precision agriculture to reduce water stress in plants [68,75,76].

4.3. Correlation Analysis and Implications for Spectral Indices

The selection of the most responsive wavelengths identified specific wavelengths
within the VIS–NIR and SWIR regions as pivotal for predicting soybean leaf physiological
traits under varying water regimes. Notably, wavelengths of approximately 1450 nm,
1940 nm, and 2200 nm have emerged as critical for assessing water status and stress
markers. This aligns with findings of Wijewardana et al. (2019) [77], as SWIR reflectance
specifically tracks changes in leaf water content and cell wall plasticity, reflecting the initial
molecular events that precede irreversible tissue damage.

The convergence of multiple variable selection algorithms, partial least squares regres-
sion (PLSR), random forest (RF), and variable importance in projection (VIP), on these spec-
tral regions underscores their robustness for the nondestructive assessment of soybean leaf
physiology [20,21]. For example, PLSR has been effectively utilized to model leaf physiolog-
ical responses to water stress, as demonstrated in studies by Wijewardana et al. (2019) [77].

Interestingly, our study also revealed correlations between spectral reflectance and
biochemical markers of stress, such as proline and flavonoids [78]. The accumulation of
these compounds, known for their roles in osmotic regulation and antioxidative defense,
respectively, was reflected in spectral changes, suggesting that hyperspectral imaging can
serve as a noninvasive tool to monitor plant physiological responses to water stress.

Furthermore, the identification of optimal spectral bands for predicting key physi-
ological traits can enhance the development of spectral indices tailored for water stress
detection. For example, indices incorporating wavelengths of approximately 1450 nm,
1940 nm, and 2200 nm could be particularly effective in monitoring the water status of
soybean. This approach aligns with the findings of Wong et al. (2023) [79], who emphasized
the importance of specific spectral bands in developing effective vegetation indices for
drought monitoring.

Collectively, these results validate that hyperspectral reflectance, combined with robust
chemometric modelling, enables reliable and simultaneous prediction of a wide array of
physiological and biochemical traits in soybean leaves. However, they also highlight the
importance of variable selection and model calibration for traits with weaker spectral
signatures or higher biological noise, emphasizing the need for continuous refinement and
validation across diverse genotypes and environments.

4.4. Wavelength Selection for Predictive Modelling

Hyperspectral datasets comprising thousands of contiguous bands offer detailed plant
physiological insights, yet their practical application hinges on identifying minimal but
informative spectral subsets [80]. The hybrid feature-selection strategy, which integrates
partial least squares regression (PLSR) with the ensemble (random forest), kernel-based
(support vector machine) and Boruta algorithms, demonstrates that a strategic dozen
wavelengths capture over 95 % of the predictive variance for key leaf traits. Figure 9A–Q
map algorithm- specific band importance scores, consistently showing chlorophyll a and
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b absorption peaks (≈550–750 nm) as primary predictors of photosynthetic capacity and
stress onset, corroborating established physiological absorption profiles.

Shortwave-infrared (SWIR) absorption windows at ~1450 nm and ~1940 nm are
crucial for estimating water content and turgor, with independent validation yielding
R2 values > 0.74 (Figure 10A–C). These bands coincide with first and second water vi-
brational overtones, underscoring their mechanistic link to leaf hydration. Furthermore,
mid-infrared overtone bands at ~1700 nm and ~2230 nm correlate strongly (R2 test > 0.65;
Figure 12) with cell-wall constituents such cellulose and lignin, reflecting their absorption by
C–H and O–H bond vibrations. This spectral pinpointing aligns with molecular absorption
theory and provides direct insight into cell- wall maturity and structural rigidity [81,82].

The transition from full-spectrum analyses to a targeted twelve-band model reduces
the data volume and processing time by >80 %, while maintaining the model error within
±5%. This efficiency gain is critical for real-time, in-field monitoring, such UAV platforms
and autonomous greenhouse systems can incorporate tunable laser-line filters at these
wavelengths [68,69], enabling continuous mapping of hydration, nutrient status and biome-
chanical properties. Decision-support algorithms can then trigger precision interventions,
dynamic irrigation adjustments, targeted nutrient delivery or the application of growth
regulators well before conventional stress symptoms manifest.

Re-evaluation of conventional vegetation indices (e.g., NDVI and PRI) via the existing
full-spectrum models against trait-tuned hyperspectral indices (“Cell Wall Index” blending
red-edge and ~2230 nm; “Turgor Stress Index” combining red-edge and ~1450 nm) demon-
strated improvements of approximately 10–15 % in R2 during both calibration and inde-
pendent validation (Figure 10D–F). These indices were derived from the same dataset and
model parameters, confirming that strategic wavelength selection alone enhances predic-
tive performance without requiring retraining of new models [41,69,83]. Trait-tuned HVIs
thus distil multi-band complexity into single metrics directly correlated with agronomic
endpoints [10,22], facilitating seamless integration into precision-agriculture dashboards
for both water-limited systems and biomass-focused bioenergy crops.

The spectral correlation matrices show patchwork patterns of high-correlation hotspots
interspersed with low-information regions, highlighting the unequal distribution of ex-
planatory power across wavelengths, similar to [84,85]. This nonuniformity validates that
a tiered modelling approach by PLSR offers rapid calibration and interpretable loadings
for operational sensor deployment; random forest excels at detecting spectral anomalies
in time-series data; and Boruta maintains ongoing marker discovery, adapting to novel
genotypic and environmental conditions.

In summary, while most algorithms converge on the red-edge region (particularly
~700 nm) and classical water absorption bands (notably 1450, 1940, and 2200 nm) [41,69,83],
some models highlight additional diagnostic bands (e.g., 675, 1200, and >2100 nm) depend-
ing on the target trait (Figures 1–12). This convergence across multiple feature selection
methods underscores the physiological relevance and robustness of these specific wave-
lengths as predictors of drought-related responses in soybean [10,22],. The identification of
these consistent “spectral hot spots” suggests that future proximal or UAV-based sensors
can be engineered to target a minimal set of key wavelengths, drastically reducing sensor
complexity and data redundancy without compromising prediction accuracy.

Expanding upon these findings, future work should explore the robustness of the
twelve-band model under varying illumination angles, leaf orientations and canopy struc-
tures, as well as its transferability across species and developmental stages. Integrating
these discrete wavelengths into miniaturized spectrometers or hyperspectral snapshot
cameras could revolutionize plant phenotyping workflows, enabling high-throughput
screening in breeding programmes and real-time crop monitoring at the field scale.
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5. Conclusions

This study demonstrates that a minimal set of 12 strategically selected wavelengths—
primarily in the red-edge (550–750 nm) and shortwave infrared (1450, 1940, 2200 nm)
regions—enables highly accurate, nondestructive predictions of physiological and biochem-
ical drought responses in soybean under controlled conditions. The ensemble machine
learning models (random forest, gradient boosting, and multilayer perceptron) achieved
over 95% accuracy in classifying eleven water regimes, and the PLSR models predicted
key leaf traits with R2 values of 0.96 (cellulose) and 0.88 (chlorophyll a). This compact-
band approach reduced the data dimensionality by more than 80% with minimal loss of
predictive power, providing a cost-efficient basis for real-time drought phenotyping and
sensor development.

Our hybrid feature selection and modelling framework is novel compared with previ-
ous studies that relied on full-spectrum data or generic indices, offering practical advances
for precision agriculture. Future studies should validate these findings under diverse field
conditions and further integrate hyperspectral and other sensing modalities for robust
crop monitoring.

Author Contributions: Conceptualization, C.A.d.O., N.G.V., W.C.A., M.R.N. and R.F.; Data curation,
C.A.d.O., J.A.M.D., M.R.N. and R.F.; Formal analysis, C.A.d.O., N.G.V., W.A.M., D.H.S.d.M., R.H.F.,
L.G.T.C., A.S.R., R.B.d.O., J.A.M.D., M.R.N. and R.F.; Funding acquisition, R.B.d.O., M.L.C., J.A.M.D.,
M.R.N. and R.F.; Investigation, C.A.d.O., N.G.V., W.A.M., J.V.F.G., D.H.S.d.M., R.H.F., L.G.T.C.,
R.B.d.O., M.L.C., J.A.M.D., M.R.N. and R.F.; Methodology, C.A.d.O., N.G.V., W.A.M., J.V.F.G., R.H.F.,
L.G.T.C., A.S.R., W.C.A., R.B.d.O., M.L.C., J.A.M.D., M.R.N. and R.F.; Project administration, M.R.N.
and R.F.; Resources, M.R.N. and R.F.; Software, C.A.d.O., N.G.V., W.A.M., J.V.F.G., R.H.F., L.G.T.C.,
A.S.R., W.C.A., R.B.d.O., M.L.C., J.A.M.D., M.R.N. and R.F.; Supervision, M.R.N. and R.F.; Validation,
C.A.d.O., W.A.M., D.H.S.d.M., R.H.F., L.G.T.C., A.S.R., R.B.d.O., M.L.C., J.A.M.D., M.R.N. and R.F.;
Visualization, M.R.N. and R.F.; Writing—original draft, C.A.d.O., N.G.V., W.A.M., J.V.F.G., D.H.S.d.M.,
R.H.F., L.G.T.C., A.S.R., W.C.A., R.B.d.O., M.L.C., J.A.M.D., M.R.N. and R.F.; Writing—review &
editing, C.A.d.O., N.G.V., W.A.M., D.H.S.d.M., R.H.F., L.G.T.C., W.C.A., R.B.d.O., M.L.C., J.A.M.D.,
M.R.N. and R.F. All authors have read and agreed to the published version of the manuscript.

Funding: Programa de Apoio à Fixação de Jovens Doutores no Brasil (CNPq 168180/2022–7),
Fundação Araucária (CP 19/2022—Jovens Doutores), Coordenação de Aperfeiçoamento de Pessoal
de Nível Superior—Brasil (CAPES)—Finance Code 001.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The original contributions presented in this study are included in the
article. Further inquiries can be directed to the corresponding author.

Acknowledgments: We would like to thank the editors and reviewers for their comments and
suggestions to improve our work and the State University of Maringá for supporting the analyses.

Conflicts of Interest: The authors declare that they have no conflicts of interest. The funders had no
role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of
the manuscript; or in the decision to publish the results.

References

1. dos Santos, G.L.A.A.; Reis, A.S.; Besen, M.R.; Furlanetto, R.H.; Rodrigues, M.; Crusiol, L.G.T.; de Oliveira, K.M.; Falcioni, R.; de
Oliveira, R.B.; Batista, M.A.; et al. Spectral Method for Macro and Micronutrient Prediction in Soybean Leaves Using Interval
Partial Least Squares Regression. Eur. J. Agron. 2023, 143, 126717. [CrossRef]

2. Crusiol, L.G.T.; Nanni, M.R.; Furlanetto, R.H.; Sibaldelli, R.N.R.; Sun, L.; Gonçalves, S.L.; Foloni, J.S.S.; Mertz-Henning, L.M.;
Nepomuceno, A.L.; Neumaier, N.; et al. Assessing the Sensitive Spectral Bands for Soybean Water Status Monitoring and Soil
Moisture Prediction Using Leaf-Based Hyperspectral Reflectance. Agric. Water Manag. 2023, 277, 108089. [CrossRef]

242



Remote Sens. 2025, 17, 3409

3. Vargas-Almendra, A.; Ruiz-Medrano, R.; Núñez-Muñoz, L.A.; Ramírez-Pool, J.A.; Calderón-Pérez, B.; Xoconostle-Cázares, B.
Advances in Soybean Genetic Improvement. Plants 2024, 13, 3073. [CrossRef]

4. Yoosefzadeh-Najafabadi, M.; Tulpan, D.; Eskandari, M. Using Hybrid Artificial Intelligence and Evolutionary Optimization
Algorithms for Estimating Soybean Yield and Fresh Biomass Using Hyperspectral Vegetation Indices. Remote Sens. 2021, 13, 2555.
[CrossRef]

5. Flexas, J.; Medrano, H. Drought-Inhibition of Photosynthesis in C3plants: Stomatal and Non-Stomatal Limitations Revisited. Ann.
Bot. 2002, 89, 183–189. [CrossRef]

6. Chaudhry, S.; Sidhu, G.P.S. Climate Change Regulated Abiotic Stress Mechanisms in Plants: A Comprehensive Review. Plant Cell
Rep. 2022, 41, 1–31. [CrossRef]

7. Wang, Q.; Zuo, Z.; Wang, X.; Gu, L.; Yoshizumi, T.; Yang, Z.; Yang, L.; Liu, Q.; Liu, W.; Han, Y.-J.; et al. Photoactivation and
Inactivation of in Arabidopsis Cryptochrome 2. Science 2016, 354, 343–347. [CrossRef] [PubMed]

8. Shurygin, B.; Chivkunova, O.; Solovchenko, O.; Solovchenko, A.; Dorokhov, A.; Smirnov, I.; Astashev, M.E.; Khort, D. Comparison
of the Non-Invasive Monitoring of Fresh-Cut Lettuce Condition with Imaging Reflectance Hyperspectrometer and Imaging
PAM-Fluorimeter. Photonics 2021, 8, 425. [CrossRef]

9. Nievola, C.C.; Carvalho, C.P.; Carvalho, V.; Rodrigues, E. Rapid Responses of Plants to Temperature Changes. Temperature 2017, 4,
371–405. [CrossRef]

10. Falcioni, R.; Gonçalves, J.V.F.; de Oliveira, K.M.; de Oliveira, C.A.; Reis, A.S.; Crusiol, L.G.T.; Furlanetto, R.H.; Antunes,
W.C.; Cezar, E.; de Oliveira, R.B.; et al. Chemometric Analysis for the Prediction of Biochemical Compounds in Leaves Using
UV-VIS-NIR-SWIR Hyperspectroscopy. Plants 2023, 12, 3424. [CrossRef]

11. Falcioni, R.; de Oliveira, C.A.; Vedana, N.G.; Mendonça, W.A.; Gonçalves, J.V.F.; da Silva Haubert, D.D.F.; de Matos, D.H.S.; Reis,
A.S.; Antunes, W.C.; Crusiol, L.G.T.; et al. Progressive Water Deficit Impairs Soybean Growth, Alters Metabolic Profiles, and
Decreases Photosynthetic Efficiency. Plants 2025, 14, 2615. [CrossRef] [PubMed]

12. Falcioni, R.; de Oliveira, R.B.; Chicati, M.L.; Antunes, W.C.; Demattê, J.A.M.; Nanni, M.R. Fluorescence and Hyperspectral Sensors
for Nondestructive Analysis and Prediction of Biophysical Compounds in the Green and Purple Leaves of Tradescantia Plants.
Sensors 2024, 24, 6490. [CrossRef] [PubMed]

13. Hassanzadeh, A.; Murphy, S.P.; Pethybridge, S.J.; van Aardt, J. Growth Stage Classification and Harvest Scheduling of Snap Bean
Using Hyperspectral Sensing: A Greenhouse Study. Remote Sens. 2020, 12, 3809. [CrossRef]

14. Buchhorn, M.; Raynolds, M.K.; Walker, D.A. Influence of BRDF on NDVI and Biomass Estimations of Alaska Arctic Tundra.
Environ. Res. Lett. 2016, 11, 1–13. [CrossRef]

15. Chaves, M.E.D.; De Carvalho Alves, M.; De Oliveira, M.S.; Sáfadi, T. A Geostatistical Approach for Modeling Soybean Crop Area
and Yield Based on Census and Remote Sensing Data. Remote Sens. 2018, 10, 680. [CrossRef]

16. Sims, D.A.; Gamon, J.A. Relationships between Leaf Pigment Content and Spectral Reflectance across a Wide Range of Species,
Leaf Structures and Developmental Stages. Remote Sens. Environ. 2002, 81, 337–354. [CrossRef]

17. Jia, M.; Li, D.; Colombo, R.; Wang, Y.; Wang, X.; Cheng, T.; Zhu, Y.; Yao, X.; Xu, C.; Ouer, G.; et al. Quantifying Chlorophyll
Fluorescence Parameters from Hyperspectral Reflectance at the Leaf Scale under Various Nitrogen Treatment Regimes in Winter
Wheat. Remote Sens. 2019, 11, 2838.

18. Ryu, J.H.; Jeong, H.; Cho, J. Performances of Vegetation Indices on Paddy Rice at Elevated Air Temperature, Heat Stress, and
Herbicide Damage. Remote Sens. 2020, 12, 2654. [CrossRef]

19. Li, K.; Wang, C.; Rong, G.; Wei, S.; Liu, C.; Yang, Y.; Sudu, B.; Guo, Y.; Sun, Q.; Zhang, J. Dynamic Evaluation of Agricultural
Drought Hazard in Northeast China Based on Coupled Multi-Source Data. Remote Sens. 2023, 15, 57. [CrossRef]

20. Sobejano-Paz, V.; Mikkelsen, T.N.; Baum, A.; Mo, X.; Liu, S.; Köppl, C.J.; Johnson, M.S.; Gulyas, L.; García, M. Hyperspectral and
Thermal Sensing of Stomatal Conductance, Transpiration, and Photosynthesis for Soybean and Maize under Drought. Remote
Sens. 2020, 12, 3182. [CrossRef]

21. Osman, S.O.M.; Saad, A.S.I.; Tadano, S.; Takeda, Y.; Konaka, T.; Yamasaki, Y.; Tahir, I.S.A.; Tsujimoto, H.; Akashi, K. Chemical
Fingerprinting of Heat Stress Responses in the Leaves of Common Wheat by Fourier Transform Infrared Spectroscopy. Int. J. Mol.
Sci. 2022, 23, 2842. [CrossRef]

22. Crusiol, L.G.T.; Sun, L.; Sun, Z.; Chen, R.; Wu, Y.; Ma, J.; Song, C. In-Season Monitoring of Maize Leaf Water Content Using
Ground-Based and UAV-Based Hyperspectral Data. Sustainability 2022, 14, 9039. [CrossRef]

23. da Silva Junior, C.A.; Nanni, M.R.; Shakir, M.; Teodoro, P.E.; de Oliveira-Júnior, J.F.; Cezar, E.; de Gois, G.; Lima, M.; Wojciechowski,
J.C.; Shiratsuchi, L.S. Soybean Varieties Discrimination Using Non-Imaging Hyperspectral Sensor. Infrared Phys. Technol. 2018, 89,
338–350. [CrossRef]

24. Baio, F.H.R.; Santana, D.C.; Teodoro, L.P.R.; de Oliveira, I.C.; Gava, R.; de Oliveira, J.L.G.; da Silva Junior, C.A.; Teodoro, P.E.;
Shiratsuchi, L.S. Maize Yield Prediction with Machine Learning, Spectral Variables and Irrigation Management. Remote Sens.
2023, 15, 79.

243



Remote Sens. 2025, 17, 3409

25. Vian, C.E.D.F.; Andrade Júnior, A.M.; Baricelo, L.G.; Da Silva, R.P. Origens, Evolução e Tendências Da Indústria de Máquinas
Agrícolas. Rev. Econ. Sociol. Rural 2013, 51, 719–744.

26. Sonobe, R.; Wang, Q. Hyperspectral Indices for Quantifying Leaf Chlorophyll Concentrations Performed Differently with
Different Leaf Types in Deciduous Forests. Ecol. Inform. 2017, 37, 1–9.

27. Braga, P.; Crusiol, L.G.T.; Nanni, M.R.; Caranhato, A.L.H.; Fuhrmann, M.B.; Nepomuceno, A.L.; Neumaier, N.; Farias, J.R.B.;
Koltun, A.; Gonçalves, L.S.A.; et al. Vegetation Indices and NIR-SWIR Spectral Bands as a Phenotyping Tool for Water Status
Determination in Soybean. Precis. Agric. 2021, 22, 249–266.

28. Mondal, S.; Karmakar, S.; Panda, D.; Pramanik, K.; Bose, B.; Singhal, R.K. Crucial Plant Processes under Heat Stress and Tolerance
through Heat Shock Proteins. Plant Stress 2023, 10, 100227. [CrossRef]

29. Galvão, L.S.; Formaggio, A.R.; Tisot, D.A. Discrimination of Sugarcane Varieties in Southeastern Brazil with EO-1 Hyperion Data.
Remote Sens. Environ. 2005, 94, 523–534. [CrossRef]

30. Kováč, D.; Veselovská, P.; Klem, K.; Večeřová, K.; Ač, A.; Peñuelas, J.; Urban, O. Potential of Photochemical Reflectance Index for
Indicating Photochemistry and Light Use Efficiency in Leaves of European Beech and Norway Spruce Trees. Remote Sens. 2018,
10, 1202.

31. de Oliveira, K.M.; Ferreira Gonçalves, J.V.; Falcioni, R.; Almeida de Oliveira, C.; de Fatima da Silva Haubert, D.; Mendonça, W.A.;
Teixeira Crusiol, L.G.; Berti de Oliveira, R.; Reis, A.S.; Cezar, E.; et al. Classification of Soil Horizons Based on VisNIR and SWIR
Hyperespectral Images and Machine Learning Models. Remote Sens. Appl. Soc. Environ. 2024, 36, 101362. [CrossRef]

32. Sexton, T.; Sankaran, S.; Cousins, A.B. Predicting Photosynthetic Capacity in Tobacco Using Shortwave Infrared Spectral
Reflectance. J. Exp. Bot. 2021, 72, 4373–4383. [CrossRef] [PubMed]

33. Falcioni, R.; de Oliveira, R.B.; Chicati, M.L.; Antunes, W.C.; Demattê, J.A.M.; Nanni, M.R. Estimation of Biochemical Compounds
in Tradescantia Leaves Using VIS-NIR-SWIR Hyperspectral and Chlorophyll a Fluorescence Sensors. Remote Sens. 2024, 16, 1910.

34. Crusiol, L.G.T.; Sun, L.; Sibaldelli, R.N.R.; Junior, V.F.; Furlaneti, W.X.; Chen, R.; Sun, Z.; Wuyun, D.; Chen, Z.; Nanni, M.R.; et al.
Strategies for Monitoring Within-Field Soybean Yield Using Sentinel-2 Vis-NIR-SWIR Spectral Bands and Machine Learning
Regression Methods. Precis. Agric. 2022, 23, 1093–1123.

35. Falcioni, R.; Gonçalves, J.V.F.; de Oliveira, K.M.; Antunes, W.C.; Nanni, M.R. VIS-NIR-SWIR Hyperspectroscopy Combined with
Data Mining and Machine Learning for Classification of Predicted Chemometrics of Green Lettuce. Remote Sens. 2022, 14, 6330.
[CrossRef]

36. Gitelson, A.; Solovchenko, A. Non-Invasive Quantification of Foliar Pigments: Possibilities and Limitations of Reflectance- and
Absorbance-Based Approaches. J. Photochem. Photobiol. B Biol. 2018, 178, 537–544.

37. Falcioni, R.; Moriwaki, T.; Gibin, M.S.; Vollmann, A.; Pattaro, M.C.; Giacomelli, M.E.; Sato, F.; Nanni, M.R.; Antunes, W.C.
Classification and Prediction by Pigment Content in Lettuce (Lactuca sativa L.) Varieties Using Machine Learning and ATR-FTIR
Spectroscopy. Plants 2022, 11, 3413. [CrossRef]

38. Ragaee, S. Antioxidant Activity and Nutrient Composition of Selected Cereals for Food Use. Food Chem. 2006, 98, 32–38.
[CrossRef]

39. Izenman, A.J. Modern Multivariate Statistical Techniques, 1st ed.; Springer: Berlin/Heidelberg, Germany, 2008.
40. Carlson, T.N.; Ripley, D.A. On the Relation between NDVI, Fractional Vegetation Cover, and Leaf Area Index. Remote Sens.

Environ. 1997, 62, 241–252. [CrossRef]
41. Gitelson, A.A.; Kaufman, Y.J.; Merzlyak, M.N. Use of a Green Channel in Remote Sensing of Global Vegetation from EOS-MODIS.

Remote Sens. Environ. 1996, 58, 289–298.
42. Ahamed, T.; Tian, L.; Zhang, Y.; Ting, K.C. A Review of Remote Sensing Methods for Biomass Feedstock Production. Biomass and

Bioenergy 2011, 35, 2455–2469. [CrossRef]
43. Bannari, A.; Morin, D.; Bonn, F.; Huete, A.R. A Review of Vegetation Indices. Remote Sens. Rev. 1995, 13, 95–120. [CrossRef]
44. Blackburn, G.A. Spectral Indices for Estimating Photosynthetic Pigment Concentrations: A Test Using Senescent Tree Leaves. Int.

J. Remote Sens. 1998, 19, 657–675. [CrossRef]
45. Falcioni, R.; Antunes, W.C.; Demattê, J.A.M.; Nanni, M.R. Biophysical, Biochemical, and Photochemical Analyses Using

Reflectance Hyperspectroscopy and Chlorophyll a Fluorescence Kinetics in Variegated Leaves. Biology 2023, 12, 704. [CrossRef]
46. Peñuelas, J.; Gamon, J.A.; Fredeen, A.L.; Merino, J.; Field, C.B. Reflectance Indices Associated with Physiological Changes in

Nitrogen- and Water-Limited Sunflower Leaves. Remote Sens. Environ. 1994, 48, 135–146. [CrossRef]
47. Hunt, E.R.; Rock, B.N. Detection of Changes in Leaf Water Content Using Near- and Middle-Infrared Reflectances. Remote Sens.

Environ. 1989, 30, 43–54.
48. Cibula, W.G.; Zetka, E.F.; Rickman, D.L. Response of Thematic Mapper Bands to Plant Water Stress. Int. J. Remote Sens. 1992, 13,

1869–1880. [CrossRef]
49. Patil, P.P.; Jagtap, M.P.; Khatri, N.; Madan, H.; Vadduri, A.A.; Patodia, T. Exploration and Advancement of NDDI Leveraging

NDVI and NDWI in Indian Semi-Arid Regions: A Remote Sensing-Based Study. Case Stud. Chem. Environ. Eng. 2024, 9, 100573.

244



Remote Sens. 2025, 17, 3409

50. Staszel, J.; Lupa, M.; Adamek, K.; Wilkosz, M.; Marcinkowska-Ochtyra, A.; Ochtyra, A. Spatial Insights into Drought Severity:
Multi-Index Assessment in Małopolska, Poland, via Satellite Observations. Remote Sens. 2024, 16, 836. [CrossRef]

51. Gitelson, A.A.; Zur, Y.; Chivkunova, O.B.; Merzlyak, M.N. Assessing Carotenoid Content in Plant Leaves with Reflectance
Spectroscopy. Photochem. Photobiol. 2002, 75, 272. [CrossRef]

52. Vogelmann, J.E.; Rock, B.N.; Moss, D.M. Red Edge Spectral Measurements from Sugar Maple Leaves. Int. J. Remote Sens. 1993, 14,
1563–1575. [CrossRef]

53. Peñuelas, J.; Filella, I. Visible and Near-Infrared Reflectance Techniques for Diagnosing Plant Physiological Status. Trends Plant
Sci. 1998, 3, 151–156. [CrossRef]

54. Peñuelas, J.; Filella, I.; Gamon, J.A. Assessment of Photosynthetic Radiation-Use Efficiency with Spectral Reflectance. New Phytol.
1995, 131, 291–296. [CrossRef]

55. Zheng, W.; Lu, X.; Li, Y.; Li, S.; Zhang, Y. Hyperspectral Identification of Chlorophyll Fluorescence Parameters of Suaeda Salsa in
Coastal Wetlands. Remote Sens. 2021, 13, 2066. [CrossRef]

56. Barnes, M.L.; Breshears, D.D.; Law, D.J.; van Leeuwen, W.J.D.; Monson, R.K.; Fojtik, A.C.; Barron-Gafford, G.A.; Moore, D.J.P.
Beyond Greenness: Detecting Temporal Changes in Photosynthetic Capacity with Hyperspectral Reflectance Data. PLoS ONE
2017, 12, e0189539. [CrossRef]

57. Nehra, A.; Kalwan, G.; Taneja, D.; Jangra, R.; Joshi, K.; Kumar, A.; Jain, P.K.; Nehra, K.; Ansari, M.W.; Singh, K.; et al.
Comprehensive Structural, Evolutionary and Functional Analysis of Superoxide Dismutase Gene Family Revealed Critical Role
in Salinity and Drought Stress Responses in Chickpea (Cicer arietinum L.). Plant Physiol. Biochem. 2025, 226, 110042. [CrossRef]
[PubMed]

58. Valentini, R.; Epron, D.; De Angelis, P.; Matteucci, G.; Dreyer, E. In Situ Estimation of Net CO2 Assimilation, Photosynthetic
Electron Flow and Photorespiration in Turkey Oak (Q. cerris L.) Leaves: Diurnal Cycles under Different Levels of Water Supply.
Plant. Cell Environ. 1995, 18, 631–640. [CrossRef]

59. Gill, S.S.; Tuteja, N. Reactive Oxygen Species and Antioxidant Machinery in Abiotic Stress Tolerance in Crop Plants. Plant Physiol.
Biochem. 2010, 48, 909–930. [CrossRef]

60. Zhou, Y.H.; Zhang, Y.Y.; Zhao, X.; Yu, H.J.; Shi, K.; Yu, J.Q. Impact of Light Variation on Development of Photoprotection,
Antioxidants, and Nutritional Value in Lactuca sativa L. J. Agric. Food Chem. 2009, 57, 5494–5500. [CrossRef]

61. Pinnola, A.; Bassi, R. Molecular Mechanisms Involved in Plant Photoprotection. Biochem. Soc. Trans. 2018, 46, 467–482. [CrossRef]
62. Gitelson, A.; Chivkunova, O.; Zhigalova, T.; Solovchenko, A. In Situ Optical Properties of Foliar Flavonoids: Implication for

Non-Destructive Estimation of Flavonoid Content. J. Plant Physiol. 2017, 218, 258–264. [CrossRef]
63. Hichri, I.; Barrieu, F.; Bogs, J.; Kappel, C.; Delrot, S.; Lauvergeat, V. Recent Advances in the Transcriptional Regulation of the

Flavonoid Biosynthetic Pathway. J. Exp. Bot. 2011, 62, 2465–2483. [CrossRef]
64. Zhou, Z.; Gao, H.; Ming, J.; Ding, Z.; Lin, X.; Zhan, R. Combined Transcriptome and Metabolome Analysis of Pitaya Fruit

Unveiled the Mechanisms Underlying Peel and Pulp Color Formation. BMC Genom. 2020, 21, 734. [CrossRef]
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Highlights

What are the main findings?

• A PROSAIL-driven, GA-optimised MLP (NN–GA) reliably retrieves crop LAI from
Sentinel-2B at 10 m, achieving RMSE/R2 = 0.44/0.73 (Minqin) and 0.40/0.56 (Zhangye),
outperforming the SNAP/SL2P benchmark.

• A staged uncertainty quantification (UQ) workflow separates physical-driver and
machine-learning contributions and synthesises them to report retrieval relative un-
certainties (Minqin 21.37%, Zhangye 17.31%).

What is the implication of the main finding?

• The framework improves 10 m LAI retrieval accuracy and delivers a reproducible, end-
to-end uncertainty decomposition to support confidence-aware agronomic applications.

• The results prioritise reductions in machine-learning stage stochasticity and recommend
including uncertainty as a routine product layer to increase LAI product reliability.

Abstract

Leaf Area Index (LAI) is a key biophysical descriptor of crop canopies and is essential for
growth monitoring and yield estimation. We present a physics-driven machine-learning
framework for operational LAI retrieval and end-to-end uncertainty quantification that
couples the PROSAIL radiative transfer model with a genetic-algorithm-optimised multi-
layer perceptron (NN–GA). PROSAIL is sampled across plausible parameter priors and
spectra are convolved with Sentinel-2B spectral response functions to build a 30,000-sample
training library; a GA is used to globally optimise network weights and biases. Total
retrieval uncertainty is decomposed into a simulation component (PROSAIL parameter
variability) and a training component (variability across repeated NN–GA trainings) and
combined via the law of propagation of uncertainty. The model was developed in Minqin
(modelling/testing area; entirely maize) and transferred to Zhangye (transfer/validation
area; predominantly maize, with one sunflower plot). Sentinel-2B validation results were
RMSE/R2 = 0.44/0.73 (Minqin) and 0.40/0.56 (Zhangye), indicating reasonable cross-site
generalisation. The uncertainty split indicates physical-driven contributions of 11.42%
and 11.48% and machine-learning contributions of 18.06% and 12.96%, respectively. The
framework improves 10 m LAI retrieval accuracy and supplies a reproducible, per-pixel
uncertainty budget to guide product use and refinement.

Remote Sens. 2025, 17, 3924 https://doi.org/10.3390/rs17233924
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1. Introduction

Leaf Area Index (LAI), defined as one half of the total one-sided leaf area per unit
ground area, is a central biophysical descriptor of crop canopies that controls light inter-
ception and photosynthetic productivity [1]. In agricultural applications, LAI underpins
crop-growth modelling, yield forecasting, irrigation and fertilisation scheduling, and phe-
nological and pest/disease monitoring; hence accurate, spatially explicit LAI estimates are
of direct practical value for agronomic decision support and precision farming. Because
in situ LAI measurements (e.g., destructive sampling or canopy analysers) provide only
sparse point observations and are labour-intensive to acquire at scale, satellite and airborne
remote sensing have become the primary means to generate continuous, wall-to-wall LAI
products over operational extents [2,3].

Remote retrieval approaches for LAI broadly fall into empirical statistical methods
and physics-based radiative transfer model (RTM) methods [4]. Empirical regressions or
vegetation-index approaches are simple to implement and often perform well within the
calibration domain, but their transferability across sensors, scene types, and phenological
stages is limited [5]. Physics-based RTMs—most notably, the coupled PROSPECT (leaf
optics) and SAIL (canopy scattering) system, PROSAIL—simulate canopy reflectance
as a function of biophysical variables and observation geometry, providing mechanistic
constraints that improve interpretability and enable the generation of large synthetic
training libraries for controlled testing [6]. Since forward RTMs do not directly yield
parameter estimates, practical retrievals typically invert the models using lookup tables,
optimisation schemes, or data-driven regressors (e.g., neural networks, random forests,
support vector regression), combining physical realism with the flexibility of machine
learning to fit complex, nonlinear mappings [7,8].

Despite their strengths, coupling radiative transfer models (RTMs) with data-driven
learners still faces fundamental challenges. RTMs typically rely on simplified parame-
terizations that cannot fully capture canopy and physiological heterogeneity; as a result,
inversion problems can exhibit parameter equifinality and ill-posedness, while data-driven
approaches remain highly sensitive to the representativeness and distribution of the training
data, limiting out-of-domain generalisation. Together, these factors reduce the reliability
and transportability of retrievals across differing crop conditions and sensor observa-
tions [9–11]. To mitigate these issues, global optimisation and ensemble-based strategies
have been explored. In particular, genetic algorithms (GAs) provide a population-based
global search that helps explore wide, multimodal parameter landscapes [7,12,13]. This
capability can (i) reveal equifinality by locating distinct parameter sets that produce similar
spectral responses, (ii) support multi-objective or regularised fitness formulations that
penalise physically implausible parameter combinations (thereby suppressing practically
irrelevant equifinal solutions), and (iii) facilitate ensemble generation (via multiple inde-
pendent GA runs or archives of near-optimal solutions) whose spread offers an empirical
characterisation of solution non-uniqueness and model uncertainty. When combined with
a feedforward neural network (NN–GA), GAs’ global search complements the NN’s ex-
pressive power: the hybrid improves training stability and reproducibility, enables direct
optimisation of bespoke fitness functions (for example, validation-weighted loss), and
supplies practical diagnostics and ensemble outputs that inform uncertainty quantification
and robustness analyses.
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A further, often overlooked challenge is rigorous end-to-end uncertainty quantification
(UQ). Existing studies on remote-sensing uncertainty predominantly focus on upstream
data quality (for example, radiance, surface reflectance, or atmospheric-correction resid-
uals), while a traceable, quantitative decomposition of errors across the entire retrieval
chain—from observations and RTM forward simulation to inversion and downstream
LAI estimates—remains limited [4]. Operational products such as global MODIS LAI
include quality flags and per-pixel standard deviation layers (e.g., STD_LAI), and many
validation studies report aggregate accuracy metrics; however, these provisions do not sub-
stitute for a systematic partitioning and quantitative propagation of uncertainties arising
from prior parameter uncertainty, model structural error, and inversion-stage algorith-
mic variability [14]. In practice, retrieval products are typically summarised by RMSE
or R2 against reference data, but are seldom accompanied by confidence intervals or a
source-resolved error budget—information that is essential for uncertainty-aware model
assimilation and operational decision support [15].

Some recent efforts (for example, product reprocessing and noise reduction for MODIS
LAI) have improved temporal consistency and reduced spurious variability, yet they
mainly address time-series quality control rather than providing a principled accounting
of how specific error sources propagate through each stage of the retrieval pipeline [16].
Concurrently, the rapid adoption of machine-learning methods introduces additional
uncertainty modes—such as calibration uncertainty, probabilistic predictive outputs, and
model confidence—which require dedicated UQ treatments. Although methodological
research on neural-network uncertainty estimation is advancing, its practical application to
operational biophysical-parameter retrievals remains limited [17].

Motivated by these gaps, this study develops a physics-driven machine-learning
framework that couples the PROSAIL radiative transfer model with a genetic-algorithm-
optimised multilayer perceptron (NN–GA) inversion and an explicit, staged UQ protocol.
Our objectives are to deliver a broadly applicable LAI retrieval model and a reproducible
UQ workflow to support robust product generation and to provide methodological guid-
ance for uncertainty estimation of other land-surface variables. Concretely, we (1) construct
a PROSAIL-based forward simulation library matched to Sentinel-2 spectral response
functions (SRFs); (2) integrate a feedforward multilayer perceptron (MLP) with a GA for
global optimisation of network parameters; (3) evaluate the approach across contrasting
agricultural sites to test transferability; and (4) decompose the LAI retrieval uncertainty-
propagation chain into constituent stages, estimate the uncertainty contribution of each
stage, and synthesise these estimates to produce a comprehensive quantification and
assessment of the overall LAI retrieval uncertainty.

2. Materials and Methods

2.1. Overview of the Research Area and Data Collection

The study was carried out at two agricultural sites in northwest China. Site 1 (Min-
qin County, Wuwei City, Gansu Province; 102◦56′–103◦07′E, 38◦28′–38◦37′N) served
as the model-development and testing area for PROSAIL simulations, NN–GA train-
ing, and preliminary parameter tuning. Site 2 (Ganzhou District, Zhangye City;
100◦16′–100◦27′E, 38◦45′–38◦53′N) was used as a transfer and demonstration/validation
area to evaluate model generalisation and transfer performance. Field campaigns syn-
chronous (or near-synchronous) with the Sentinel-2 acquisitions were conducted on
31 August–1 September 2024 (maize, maturity stage) and 3–9 July 2025 (maize and sun-
flower; maize at tasseling). The locations and the spatial distributions of field sampling
points are shown in Figure 1.
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Figure 1. Study area and sampling design. (a) Geographic locations of the two study sites in
Gansu Province, China: Minqin County and Ganzhou District, Zhangye; (b) Spatial distribution of
field sampling points acquired in 2024 (red markers). Base map: Sentinel-2B Level-2A true-colour
composite (B4/B3/B2), ESA/Copernicus (acquisition: 29 August 2024); (c) Spatial distribution of
field sampling points acquired in 2025 (yellow markers). Base map: Sentinel-2B Level-2A true-
colour composite (B4/B3/B2), ESA/Copernicus (acquisition: 8 July 2025); (d) Detailed view of the
four intensive sampling subplots in the northern sector of panel (c). Base map: same as panel (c);
(e) Detailed view of the two intensive sampling subplots in the southern sector of panel (c). Base
map: the same as panel (c). All base maps showing bottom-of-atmosphere (Level-2A) reflectance
were resampled to a common 10 m grid for display, and are presented in WGS84 (EPSG:4326). Data
source: Copernicus Sentinel-2 MSI (© Copernicus Sentinel data 2024/2025).

Both sites lie in the mid-latitude zone of northwest China and are characterised by a
warm-temperate to temperate continental arid–semi-arid climate. Minqin, located near
the desert margin, exhibits pronounced aridity and desertification, whereas Ganzhou
(Zhangye) is influenced by the summer monsoon and contains irrigated oasis agriculture
with more concentrated precipitation. The landscape is dominated by plains and oasis
farmland at low to moderate elevations; summers are hot by day and cool at night, annual
precipitation is low, and rainfall is strongly seasonal. Major crops include winter wheat,
spring/summer maize, and potato; the maize growing season typically extends from late
June to mid–late September.

To balance regional representativeness with accurate pixel-scale matching to satel-
lite data, two complementary ground-sampling strategies were adopted. In Minqin
(modelling/testing site), 101 sparsely distributed sample points were established (inter-
point distance ≥ 300 m) to capture landscape-scale heterogeneity in topography, soil,
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and management practices, and to support regional generalisation tests. In Zhangye
(transfer/validation site), we selected three representative 500 × 500 m blocks and de-
ployed dense sampling grids within each block: every block contained two 48 × 48 m
sampling plots in which points were laid out along three transects at 2 m intervals
(≈81 points per plot) to provide robust, pixel-scale LAI estimates. All field sampling
locations were sited at least 10 m from field or canopy edges to minimise the probability of
boundary/mixed-pixel contamination.

Canopy LAI was measured in situ with a LAI-2200 Canopy Analyzer (LI-COR, Lincoln,
NE, USA) following an A–B–B–B–B sequence (one above-canopy reading “A” alternated
with four below-canopy readings “B”) using the 270◦ view cap. For each sampling location,
the four below-canopy B readings were taken to capture ridge–row variability: on the
ridge, at 1/4 of the inter-row distance, at the inter-row centre, and at 3/4 of the inter-row
distance. LAI values were derived using the standard LI-COR processing workflow: the
single above-canopy (A) reading was paired with each below-canopy (B) reading and
the LAI-2200 software (gap-fraction algorithm) produced four instantaneous PAI/LAI
estimates; these four estimates were then averaged to yield the final LAI assigned to
that sampling position. No additional clumping correction was applied because all field
measurements were acquired within diffuse-sky conditions (uniform overcast or thick,
spatially uniform cloud cover) in which directional illumination effects are minimal and
the uncorrected gap-fraction retrieval is appropriate (see the LI-COR user manual). For
plot- or pixel-level validation, individual point LAI measurements within a sampling
plot were averaged to obtain a single representative LAI for comparison with the 10 m
Sentinel-2 retrieval.

2.2. Satellite Imagery Acquisition and Processing

Sentinel-2 is an optical Earth-observation mission within the Copernicus programme,
comprising two twin satellites (Sentinel-2A, launched June 2015, and Sentinel-2B, launched
March 2017). Its MultiSpectral Instrument (MSI) acquires 13 spectral bands spanning the
visible, red-edge, near-infrared, and shortwave-infrared portions of the spectrum, with
nominal spatial resolutions of 10 m, 20 m, and 60 m. For this study, we used Level-2A
bottom-of-atmosphere (BOA) surface reflectance products obtained from the ESA data
platform (Dataspace); these products are radiometrically calibrated and atmospherically
corrected and are therefore appropriate for quantitative vegetation retrieval.

Two Sentinel-2B scenes (29 August 2024 and 8 July 2025) were used. All reflectance
bands were resampled to a common 10 m grid to ensure tight spatial co-registration
for model input: continuous reflectance layers were resampled with bilinear or cubic-
convolution interpolation to preserve spectral smoothness, while the Scene Classification
Layer (SCL) was resampled with nearest-neighbour interpolation to avoid fractional/mixed
class labels produced by continuous interpolants. Whole-scene cloud cover was 13.71%
for the Minqin image and 13.57% for the Zhangye image; clouds were largely confined to
desert areas, so we cropped each scene to the sampling-area centre before analysis. An SCL-
derived quality mask was then applied to exclude clouds, cloud shadows, and other invalid
pixels. To focus the retrieval on substantive vegetation, we applied a fixed NDVI mask:
pixels with NDVI ≤ 0.20 were treated as non-vegetated and excluded from further analysis.
The fixed-threshold approach defines a single lower NDVI bound below which vegetation
is considered absent regardless of location or local conditions; NDVI values > 0.20 are
interpreted as indicating increasing canopy cover (though the NDVI–cover relationship is
not strictly linear) [18]. This conservative, widely used threshold helps remove bare soil
and very sparse vegetation prior to LAI retrieval.

251



Remote Sens. 2025, 17, 3924

The final analysis dataset comprises spatially co-registered, quality-controlled 10 m
multispectral reflectance layers used for LAI retrieval and uncertainty analysis: B2 (blue),
B3 (green), B4 (red), B7 (red-edge, resampled from 20 m to 10 m), and B8 (near-infrared).
Band centre wavelengths and native spatial resolutions are summarised in Table 1. The
choice of this five-band set balances spectral sensitivity to canopy structure and the practical
considerations of native spatial resolution and noise: red-edge and NIR channels (B7, B8,
B8A) are known to carry information relevant to LAI and canopy structure (ESA Sentinel-2
MSI Technical Guide), but B8A (20 m) overlaps substantially with B8 while requiring
upsampling that can introduce scale-mismatch noise and amplify saturation effects at high
LAI; therefore, B8 (10 m) was preferred to maintain native spatial consistency.

Table 1. Sentinel-2B bands used in this study.

Band Description Centre Wavelength Resolution

B2 Blue 492.3 nm 10 m
B3 Green 558.9 nm 10 m
B4 Red 664.9 nm 10 m
B7 Red-edge 779.7 nm 20 m (resampled to 10 m)
B8 Near-infrared 832.9 nm 10 m

2.3. PROSAIL Radiative Transfer Modelling

The PROSAIL model couples the PROSPECT leaf-optical model with the SAIL canopy
scattering model to provide a physics-based link between leaf optical properties and
canopy-scale directional reflectance. In PROSPECT, a leaf is represented as a multilayer
homogeneous plate; leaf absorption and scattering across the 400–2500 nm spectral do-
main are computed from biophysical and biochemical inputs including the leaf structure
parameter (N), chlorophyll content (Cab), dry-matter content (Cm), and equivalent water
thickness (Cw). The SAIL component treats the canopy as a homogeneous continuous
medium and solves the radiative-transfer problem at canopy scale, accounting for canopy
structural parameters (e.g., LAI and leaf angle distribution, parameterized here by average
leaf angle, ALA) together with solar–sensor geometry to simulate bidirectional reflectance.

2.3.1. Sensitivity Analysis

To identify the PROSAIL inputs that most strongly influence simulated reflectance in
the 450–950 nm interval, we adopted a two-step hierarchical sensitivity-analysis protocol.
First, the Morris screening method was applied as a computationally efficient global
filter to rank candidate parameters by their elementary effects [19]. Second, the subset of
parameters selected by Morris was subjected to Sobol variance-based decomposition to
obtain quantitative first-order (S1) and total-effect (ST) sensitivity indices [20].

For a model Y = f (X), the Morris elementary effect (EE) for the i-th input at a sampling
point x with perturbation Δi is defined as

EEi(x) =
f (x1, . . . , xi + Δi, . . . , xd)− f (x1, . . . , xi, . . . , xd)

Δi
. (1)

Repeating the procedure over multiple, independent base points yields a sample of
EEi values for each parameter. The commonly reported statistics are the mean absolute
elementary effect μ∗

i = mean(| EEi |), which measures overall parameter importance, and
the standard deviation σi = std(EEi), which indicates nonlinearity or interaction [21].

Morris screening was performed on nine candidate parameters (N, Cab, Car, Cw, Cm,
LIDFa, LAI, hspot, and psoil) using 40 repeats and a perturbation amplitude equal to 10%
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of each parameter’s range. Parameters were ranked by μ∗
i and the top seven were retained

for subsequent Sobol analysis.
Sobol variance decomposition was then applied to the selected seven-parameter subset.

Using Monte Carlo sampling with a base sample size N = 1000 , we estimated first-order
indices S1 and total-effect indices ST across the 450–950 nm spectral interval. For summary
reporting, wavelength-resolved S1 and ST curves were averaged over 450–950 nm to yield
scalar importance measures. The Sobol runs required a total of 9000 PROSAIL model
evaluations. This hierarchical scheme reduces the dimensionality of the Sobol calculation
while retaining the ability to quantify main effects and interactions reliably.

This apparent discrepancy highlights the different emphases of the two methods:
Morris μ∗ measures the absolute magnitude of local responses to finite perturbations and
is therefore sensitive to parameters that induce strong spectral derivatives in localised
wavelength bands [21]; Sobol indices quantify each parameter’s contribution to the overall
output variance across the full input space [22]. Combining Morris screening and Sobol de-
composition therefore provides an efficient strategy to (i) identify parameters that produce
strong local spectral responses and (ii) select those that drive population-scale variance—a
useful basis for reducing inversion dimensionality and for designing representative forward
simulation libraries.

2.3.2. Synthetic Sample Generation

Guided by the sensitivity analysis, seven influential parameters were selected for
sampling: N, Cab, Cm, Cw, LAI, psoil, and ALA. Each parameter was sampled indepen-
dently from a uniform distribution over a physically plausible range to generate a synthetic
ensemble of 30,000 parameter combinations (Table 2).

Table 2. PROSAIL (version D) input parameters and sampling ranges used to generate the
simulated dataset.

Radiative Transfer Model Parameter Symbol Unit Ranges

PROSPECT-D

Leaf structure index N unitless 1.0–2.0
Chlorophyll a + b content Cab μg cm−2 30–70

Leaf mass per area Cm g cm−2 0.004–0.007
Equivalent water thickness Cw g cm−2 0.005–0.030

SAIL

Leaf area index LAI m2 m−2 0.2–8.0
Soil reflectance psoil unitless 0–1.0

Average leaf inclination angle ALA degrees 10–70
Solar zenith angle tts degrees Fixed *

Sensor zenith angle tto degrees Fixed *
Relative azimuth angle psi degrees Fixed *

* tts, tto, and psi were set to the Sentinel-2B observation geometry for each scene; parameters not included in
the sampling set were held at empirically based constant values. For uncertainty-propagation experiments, we
additionally applied a small relative perturbation (±1%) to these fixed geometry parameters to represent minor
sensor–scene geometry jitter.

For each sampled parameter vector, PROSAIL produced a continuous reflectance
spectrum ρ(λ). These spectra were convolved with the Sentinel-2B SRFs (Figure 2) to
synthesise band-level bottom-of-atmosphere reflectances corresponding to bands B2, B3,
B4, B7, and B8:

ρband =

∫ λ2
λ1

SRF(λ) · ρ(λ)dλ∫ λ2
λ1

SRF(λ)dλ
. (2)
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Figure 2. Sentinel-2B SRFs for bands B2, B3, B4, B7 and B8.

These band-aggregated reflectances, together with the associated LAI values, formed a
30,000-sample simulated training library used for subsequent NN–GA model development
and uncertainty quantification.

2.4. NN–GA Coupled Inversion Framework

A fully connected MLP with two hidden layers was adopted to map Sentinel-2B
multispectral reflectances to LAI. The network accepts a 5-dimensional input vector (band
reflectances B2, B3, B4, B7, and B8) and outputs a single scalar (LAI). The overall inversion
architecture is illustrated in Figure 3.

Figure 3. NN–GA coupled inversion framework for LAI retrieval.

To promote global optimisation and explicitly favour generalisation, a population-
based genetic algorithm [23–25] was used to optimise all network weights and biases.
The PROSAIL-derived simulated dataset (30,000 samples) was randomly partitioned into
training, validation, and test subsets in a 60:20:20 ratio, where the training portion supplies
sufficient examples to fit the multi-parameter MLP, the validation portion is reserved to
guide model selection and to guard against overfitting during optimisation, and the held-
out test portion provides an unbiased estimate of final generalisation performance. All
network parameters (weights and biases) were encoded as real-valued chromosomes and
evolved by the GA. The GA fitness function was defined as a weighted sum of training and
validation root-mean-square errors (RMSEs):

Fit(p) = RMSEtrain(p) + 2 × RMSEval(p), (3)

RMSEtrain(p) =

√
1
Nt

∑
i∈T

(yi − ŷi(p))2, RMSEval(p) =

√
1

Nv
∑
i∈V

(yi − ŷi(p))2, (4)

where p denotes a GA individual encoding the network parameters, T and V are the
index sets of training and validation samples with sizes Nt and Nv, respectively, yi is the
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reference (normalised) LAI of sample i, and ŷi(p) is the MLP prediction under parameters p.
The validation error is weighted more heavily to explicitly promote generalisation during
evolution and to mitigate overfitting.

Chromosome values were constrained to the interval [−5, 5]. The GA optimisation
was executed independently 30 times and the individual with the best fitness was selected
as the final network. We emphasise that the GA is not employed because the MLP is
non-differentiable (the MLP and its activation functions are differentiable), but because
evolutionary, population-based search offers practical advantages for this application. In
particular, a GA enables the direct optimisation of bespoke, potentially non-differentiable
fitness formulations (e.g., our weighted training/validation RMSE), explores highly non-
convex and multimodal parameter landscapes to reduce sensitivity to initial weights and
local minima, and naturally handles mixed or constrained parameter encodings and custom
feasibility rules used during evolution [12,13]. These properties have motivated prior uses
of evolutionary algorithms for neural-network training and are valuable when robustness,
reproducibility, and custom fitness definitions are required. The NN–GA hybrid therefore
marries the expressive power of the MLP with the GA’s global search capability to improve
stability and generalisation when decoding simulated spectra and applying the trained
model to Sentinel-2B imagery.

2.5. Accuracy Assessment

Model performance was assessed using the coefficient of determination (R2) and the
root-mean-square error (RMSE). R2 is defined as

R2 = 1 − ∑n
i=1 (yi − ŷi)

2

∑n
i=1 (yi − y)2 , (5)

where yi and ŷi are the observed and predicted LAI values, respectively, and y is the mean
of the observations. RMSE is defined as

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2. (6)

Higher R2 values (approaching 1) and lower RMSE values (approaching 0) indicate
better agreement between predictions and observations. These metrics were computed
on the independent test sets and on the spatially co-located field observations used for
Sentinel-2 validation.

2.6. Uncertainty Quantification (UQ) Method

Uncertainty quantification follows the measurement-model paradigm of the Guide
to the Expression of Uncertainty in Measurement (GUM) [26]: the quantity of interest is
treated as a function of input quantities, and the propagation of their uncertainties through
that function yields an uncertainty estimate for the output. In the LAI retrieval context, the
measurement model can be written as

y = f (x1, x2, . . . , xi, . . .), (7)

where y denotes retrieved LAI and each input xi has an estimable central value xi and
standard uncertainty uxi .

Because LAI retrieval typically involves highly nonlinear, numerically driven algo-
rithms, we use two complementary UQ approaches: the law of propagation of uncer-
tainty (LPU), based on local linearization, and the Monte Carlo method (MCM), based on
sampling [26–28]. The LPU employs a first-order Taylor expansion to linearize the mea-
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surement function locally and propagates input uncertainties via analytical or numerical
derivatives. In contrast, MCM draws large numbers of samples from the input error (or
prior) distributions, propagates each sample through the full (possibly nonlinear, black-box)
retrieval pipeline, and empirically approximates the resulting output distribution [29].

2.6.1. Physics-Driven-Stage Uncertainty

In this study, the physics-driven-stage is defined as the propagation of uncertainty
arising from variability in non-LAI PROSAIL inputs (e.g., Cab, Cm, Cw, N, psoil, ALA)
through the forward model and the Sentinel-2 spectral response convolution into band
reflectances. For the physics-driven component, and for each fixed LAI level, non-LAI
PROSAIL inputs xi are modelled as truncated normal perturbations xi ∼ N (xi, σ2

xi
). The

nominal value xi is set to the midpoint of the prescribed range and σxi is set to one-sixth
of the range so that ±3σ approximately covers the interval. For a given LAI level, N

Monte-Carlo draws
{

x(j)
}N

j=1
are drawn from the joint (marginal, initially independent)

distributions and each sample is propagated through PROSAIL and the Sentinel-2 SRFs to
produce band reflectances y(j) = f (x(j)). From the output sample set

{
y(j)

}
, the sample

mean y and the relative standard uncertainty associated with perturbations of the inputs
can be computed. In particular, the relative uncertainty induced by the input ensemble is
estimated as the coefficient of variation in the output:

u(xi) =

√√√√ 1
N−1 ∑N

j=1 (y(j) − y)2

y2 . (8)

To account for statistical dependence between PROSAIL inputs, pairwise associations
between input-induced output responses are estimated and propagated. For two distinct
inputs xp and xq, the corresponding output response vectors Yp = (y(1)p , . . . , y(N)

p ) and

Yq = (y(1)q , . . . , y(N)
q ) are formed (each obtained by perturbing one parameter while sam-

pling others). The Pearson correlation coefficient between these two response series is
computed as

r(xp, xq) =
∑N

j=1

(
y(j)

p − yp

)(
y(j)

q − yq

)
√

∑N
j=1 (y

(j)
p − yp)

2
√

∑N
j=1 (y

(j)
q − yq)

2
, (9)

where yp and yq are the sample means of Yp and Yq, respectively. The corresponding error
covariance is then approximated by

u(xp, xq) = r(xp, xq) u(xp) u(xq). (10)

With per-input variances u2(xi) and covariances u(xi, xj) thus estimated, the law of
propagation of uncertainty (LPU) is applied to obtain the band-level output variance for
the forward model y = f (x):

u2
overall(y) =

n

∑
i=1

(
∂ f
∂xi

)
2
u2(xi) + 2

n−1

∑
i=1

n

∑
j=i+1

(
∂ f
∂xi

)(
∂ f
∂xj

)
u(xi, xj). (11)

The sensitivity coefficients ∂ f /∂xi are evaluated numerically by central finite differ-
ences (appropriate when no closed-form derivative is available) [30]:

∂ f
∂xi

≈ f (. . . , xi + h, . . . )− f (. . . , xi − h, . . . )
2h

, (12)
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With step h set to 1% of the corresponding input parameter range. In addition, to
represent small sensor–scene geometry jitter during inversion, we independently perturb
the observation geometry (solar zenith tts, sensor zenith tto, and relative azimuth psi) by
±1% when propagating uncertainties. For a fixed LAI level, this procedure yields band-
level relative uncertainties uoverall,b for each Sentinel-2 band b. The bandwise uncertainties
are then combined into a single physics-driven-stage uncertainty for that LAI level by a
weighted-variance sum:

usim(LAI) =

√√√√ k

∑
b=1

WLbu2
overall,b , (13)

where WLb denotes the weight assigned to band b. It should be noted that band-width
weighting is a pragmatic and computationally efficient approximation to account for
differing spectral information content and to partially accommodate inter-band correlation.

Finally, the representative physics-driven-stage uncertainty reported in the paper is
obtained by RMS aggregation over a discrete set of L LAI levels:

usim =

√√√√ 1
L

L

∑
i=1

u2
sim(LAIi). (14)

This workflow preserves the sample-based strengths of Monte-Carlo propagation
while introducing a straightforward, empirically grounded estimate of input parameter
dependence. The approach balances improved realism (through covariance terms) with
computational tractability for the multi-parameter PROSAIL forward model.

2.6.2. Machine-Learning-Stage Uncertainty

To quantify uncertainty arising from the stochasticity of the NN–GA training, the full
training pipeline was repeated R independent times to produce R trained models. Using
an NDVI-guided sampling strategy, M representative pixels were drawn from the target
scene. Let yp,j denote the LAI predicted for pixel p by model j. For each pixel, we compute
the model mean and the absolute standard uncertainty:

yp =
1
R

R

∑
j=1

yp,j, uyp
= std

{
yp,j

}
, (15)

And the pixelwise relative training uncertainty is u(train)
p = uyp

/yp. The summary
machine-learning-stage relative uncertainty is the RMS over the M sampled pixels:

utrain =

√√√√ 1
M

M

∑
p=1

(u(train)
p )

2
. (16)

2.6.3. Uncertainty Combination

The total uncertainty of a single LAI retrieval is decomposed into two stage-wise
components (Figure 4). Building on the pixelwise machine-learning-stage uncertainty
estimates, we compute the corresponding pixelwise physics-driven-stage uncertainties for
the selected sample pixels and then evaluate the statistical dependence between the two
components. The total variance is therefore expressed as

u2
total = u2

sim + u2
train + 2 cov(usim, utrain), (17)
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where usim denotes the physics-driven-stage relative standard uncertainty and utrain de-
notes the machine-learning-stage relative standard uncertainty. The term cov(usim, utrain)

is the covariance between the two stage-wise relative uncertainties (evaluated across the
representative pixel set). In practice, we estimate this covariance empirically as the sample
covariance over M representative pixels:

cov(usim, utrain) =
1

M − 1

M

∑
p=1

(
usim,p − usim

)(
utrain,p − utrain

)
, (18)

where usim and utrain are the sample means. If the empirical covariance is negligible,

Equation (17) reduces to the usual LPU (quadrature) combination utotal =
√

u2
sim + u2

train;
otherwise, the covariance term is retained to account for statistical dependence between
the two stages.

Figure 4. Uncertainty decomposition and computational workflow for LAI retrieval.

2.7. Workflow Summary

The technical workflow of the proposed physics-driven machine-learning framework
is summarised in Figure 5 and comprises three sequential steps. In Step 1, a hierarchical
sensitivity analysis (Morris screening followed by Sobol decomposition over 450–950 nm)
identified seven influential PROSAIL inputs; PROSAIL was sampled across prior ranges
and simulated spectra were convolved with Sentinel-2B SRFs to synthesise a 30,000-sample
five-band BOA reflectance library (B2, B3, B4, B7, B8). In Step 2, a two-hidden-layer MLP
was trained on the simulated library with all weights and biases globally optimised by
a GA (NN–GA); the optimal model was then applied to Sentinel-2B reflectance imagery
to produce spatial LAI maps. In Step 3, the total relative uncertainty of the LAI product
was decomposed into the physics-driven-stage component (uncertainty propagated from
non-LAI PROSAIL input variability to band reflectances, quantified by MCM) and the
machine-learning-stage component (prediction variability across repeated NN–GA train-
ings); each component was quantified independently and the two standard uncertainties
were combined under the LPU to produce per-retrieval relative uncertainty estimates for
the LAI maps.
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Figure 5. Workflow diagram illustrating computational steps for coupled PROSAIL–NN–GA LAI
retrieval and uncertainty quantification.

3. Results

3.1. Parameter Sensitivity Analysis and Sample Generation Based on the PROSAIL Model

A hierarchical sensitivity-analysis protocol combining Morris screening and Sobol
variance decomposition was applied to quantify the sensitivity of PROSAIL-simulated
reflectance across 450–950 nm. The wavelength-resolved outcomes are summarised in
Figure 6.

  

Figure 6. Sensitivity analysis results for PROSAIL-simulated reflectance (450–950 nm). (a) Morris
μ∗

i heatmap showing the mean absolute elementary effects of model inputs across wavelength;
(b) Sobol first-order index S1(λ) heatmap indicating the fraction of output variance attributable to
each input; (c) Sobol total-effect index ST(λ) heatmap representing each input’s overall contribution
including interactions.

Morris screening (averaged across 450–950 nm) ranked the top seven parameters by the
mean absolute elementary effect μ∗ as: Cm (μ∗ = 5.1220), Cw (μ∗ = 0.1244), psoil (μ∗ = 0.0670),
LAI (μ∗ = 0.0254), N (μ∗ = 0.0241), LIDFa (μ∗ = 0.0012), and Car (μ∗ = 0.0005). The Morris
results indicate that Cm produces substantially larger local responses than the other pa-
rameters in the 700–950 nm region; i.e., the model exhibits high local sensitivity to Cm in
the NIR.

Sobol variance decomposition applied to the Morris-selected subset provided com-
plementary, population-level information. Averaged over 450–950 nm, LAI dominates
the simulated reflectance variance: the mean first-order index for LAI is ≈0.64 (64%) and
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the mean total-effect index is ≈0.75 (75%), indicating that LAI accounts for the largest
share of output variance with only partial entanglement in interactions. By contrast, al-
though Cm ranks highest in Morris, its mean Sobol first-order contribution is small (mean
S1 ≈ 0.0115 ), reflecting that Cm’s strong influence is concentrated in a limited spec-
tral/parameter region and therefore contributes little to the global variance under the
prescribed input distributions.

Guided by the sensitivity analysis, seven influential parameters (listed above) were
sampled uniformly within physically plausible priors to generate the synthetic dataset.
PROSAIL spectra were convolved with the Sentinel-2B SRFs to produce band-level (B2, B3,
B4, B7, B8) bottom-of-atmosphere reflectances paired with LAI. The resulting simulated
data distributions for the site are shown as histograms with kernel density estimates in
Figure 7.

Figure 7. Distributions (histogram + kernel density estimate) of the simulated Sentinel-2B five-band
reflectances (B2, B3, B4, B7, B8) and associated LAI values used for model training and uncertainty
analysis (30,000 samples).

3.2. Crop LAI Retrieval and Accuracy Analysis Based on NN–GA
3.2.1. Crop LAI Retrieval

The convergence, stability, and generalisation behaviour of the NN–GA training were
examined via the diagnostic metrics summarised in Figure 8. The diagnostics include:
generation-wise best and mean fitness, a smoothed view of the best fitness trend (mov-
ing average and median), a per-generation stall indicator, and the cumulative relative
improvement referenced to generation 1.

At initialization, the best individual fitness was 1.56; the algorithm reduced this
value rapidly during early evolution, reaching the run minimum of 0.5386 at generation
89 and finishing with a best-of-run value of 0.58 at the final generation (i.e., the final
best is slightly above the observed run minimum). The population mean fitness fell
from 7.62 at initialization to ≈0.87 at termination, indicating consistent improvement
across the population as a whole. Most of the aggregate fitness reduction occurred in the
early-to-mid phase of the run (roughly generations 10–40), corresponding to broad global
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exploration; later generations produced smaller, incremental gains consistent with local
exploitation and fine-tuning. Calculating relative improvement from the initial best to the
run minimum gives (1.56 − 0.5386)/1.56 ≈ 66%. Performance on the simulated test data
indicates that the NN–GA framework locates stable, high-quality solutions: the training-set
RMSE was 0.73 and the independent test-set RMSE was 0.85, demonstrating reasonable
generalisation while leaving scope for further improvements (e.g., cross-validation or local
fine-tuning). Overall, the GA-based global search efficiently identified promising regions of
the parameter space and produced reproducible network solutions suitable for application
to Sentinel-2B imagery.

  

 
 

Figure 8. Training optimisation diagnostics for the NN–GA inversion framework. (a) Best and
mean fitness per generation; (b) smoothed best fitness trend (moving average and median); (c) per-
generation stall indicator; (d) cumulative relative improvement versus generation 1 (percentage).

3.2.2. Accuracy Assessment of LAI Retrieval

To assess the practical performance and transferability of the trained NN–GA map-
ping, we applied the model to near-synchronous Sentinel-2B scenes and validated the
pixelwise retrievals against LI-COR LAI-2200 field measurements. The spatial distributions
of predictions and validation samples for Minqin (modelling/testing area) and Zhangye
(transfer/validation area) are shown in Figure 9.

Pointwise comparison (Figures 10 and 11) returns the following validation statis-
tics: Minqin (101 measured points)—RMSE = 0.44, R2 = 0.73; Zhangye (112 measured
points)—RMSE = 0.40, R2 = 0.56. The Minqin results show tighter scatter about the 1:1 line
and higher explained variance, whereas the Zhangye results exhibit greater dispersion and
unexplained variability despite a comparable RMSE.

Residual diagnostics for Zhangye (Figure 12) indicate a small overall bias (0.015) and a
weak pattern of overestimation at low LAI and underestimation at high LAI, with near-zero
bias in the midrange (≈2.75–4.25).

261



Remote Sens. 2025, 17, 3924

 

Figure 9. Spatial distributions of predicted LAI and ground-sample locations. (a) True-colour
composite of the Minqin site; red triangles denote LAI-2200 measurement locations. (b) True-colour
composite of the Zhangye site; yellow triangles denote LAI-2200 measurement locations. (c) LAI
retrieval map for Minqin. (d) LAI retrieval map for Zhangye.

 
Figure 10. Observed versus predicted LAI (LAI-2200 vs. NN–GA). (a) Minqin (101 measured points).
(b) Zhangye (112 measured points). Dashed line: 1:1 reference; solid line: least-squares regression.

Bland–Altman analysis produces 95% limits of agreement of approximately [−0.77, 0.80],
implying that individual prediction errors can reach on the order of ±0.8 LAI units. Binned
error statistics reveal a U-shaped dependence on observed LAI: both RMSE and MAE
increase at low (<2.5) and high (>4.5) LAI, with several extreme residuals located in the
distribution tails.
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Figure 11. Observed versus predicted LAI (LAI-2200 vs. NN–GA) shown as point-by-point bar charts.
(a) Minqin (101 measured points). (b) Zhangye (112 measured points). Orange and blue bars indicate
measured and predicted values, respectively.

Figure 12. Residual analysis for Zhangye (Site 2; 112 measured points). (a) Residuals vs. measured
LAI with a LOESS smoothed trend line; (b) Bland–Altman plot showing the mean bias (0.015, solid
line) and 95% limits of agreement (dashed lines); (c) Binned error statistics grouped by measured LAI.
Orange and blue bars denote RMSE and MAE, respectively; error bars represent the standard error.

In summary, the NN–GA framework provides satisfactory LAI estimates at both sites
(Zhangye: RMSE = 0.40, MAE = 0.32, R2 = 0.56), with stronger agreement at the model-
development site. The error patterns—poorer performance at very low and very high LAI
and the presence of outliers—are plausibly attributable to factors such as crop structural
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anomalies during the satellite overpass (e.g., exposed ears/inflorescences and altered leaf-
angle distributions associated with tasseling) that increase optical heterogeneity [31], and
to optical saturation and background-mixing effects that disproportionately affect extreme
LAI values [32]. These observations motivate the following section’s systematic uncertainty
decomposition of the retrieval chain, which aims to identify dominant error sources and
guide targeted improvements.

3.3. Quantification of LAI Retrieval Uncertainty via a Coupled Physics-Driven and
Machine-Learning Approach

We decompose and quantify two stochastic uncertainty sources in the retrieval chain:
the physics-driven-stage uncertainty arising from variability of non-LAI PROSAIL inputs
propagated to Sentinel-2 band reflectances, and the machine-learning-stage uncertainty
arising from variability across repeated NN–GA trainings. Below, we summarise the
physics-driven-stage analysis and present band-wise and aggregated uncertainty results;
Machine-Learning-Stage diagnostics follow.

To determine a stable Monte-Carlo sample size for the physics-driven-stage propaga-
tion, we examined the convergence of the estimated output uncertainty for a representative
case with LAI fixed at 3. As shown in Figure 13, the estimated standard relative uncertainty
decreases and stabilises as the number of Monte-Carlo draws N increases; beyond N ≈ 5000,
the uncertainty curve is effectively converged and fluctuations are substantially reduced.
Balancing statistical stability and computational cost, we therefore adopted N = 6000 for all
subsequent Monte-Carlo runs.

  

  

Figure 13. Physics-driven-stage uncertainty diagnostics and bandwise reflectance perturbation
distributions (LAI = 3). (a) Monte Carlo convergence of the estimated standard relative uncertainty
as a function of sample size (diagnostic used to select N = 6000); (b–f) show the bandwise reflectance
distributions under parameter perturbations for Sentinel-2B bands B2, B3, B4, B7, and B8 (MinQin).

Applying the same Monte-Carlo propagation across the sampled LAI range,
Tables 3 and 4 summarise the band-wise relative uncertainties and the aggregated (com-
bined) standard relative uncertainty for Minqin (modelling/testing area) and Zhangye
(transfer/validation area), respectively. When LAI is fixed and other PROSAIL inputs are
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perturbed within the prescribed prior ranges, the aggregated physics-driven-stage standard
relative uncertainties are 11.42% for Minqin and 11.48% for Zhangye. The slightly larger
value for Zhangye primarily reflects differences in the prescribed prior ranges (notably
the soil-background factor psoil) used in the two site-specific simulations. Band- and
LAI-resolved patterns in Tables 3 and 4 indicate that relative uncertainty depends on both
LAI and wavelength: certain bands (e.g., B3 and B4 in several LAI bins) exhibit higher
relative uncertainty, and the aggregated uncertainty varies across LAI levels where spectral
sensitivity to perturbed inputs is larger. These estimates form the basis for combination
with machine-learning-stage uncertainty and for producing uncertainty maps of the final
LAI product.

Table 3. Band-wise and aggregated physics-driven-stage uncertainties for Minqin (modelling/testing
area), listed by LAI bin.

LAI B2 (%) B3 (%) B4 (%) B7 (%) B8 (%)
Input-Parameter
Uncertainty (%)

Combined Standard
Uncertainty (%)

1 15.17 15.26 20.78 10.96 10.96 14.35

11.42

2 9.97 15.22 9.75 8.05 8.00 10.09
3 11.82 17.00 7.85 6.76 6.71 10.39
4 12.91 17.68 11.42 5.99 5.95 11.00
5 13.31 17.91 11.69 5.51 5.49 11.20
6 13.46 18.00 12.03 5.23 5.22 11.25
7 13.53 18.03 12.16 5.06 5.05 11.27
8 13.57 18.06 12.21 4.97 4.96 11.28

Table 4. Band-wise and aggregated physics-driven-stage uncertainties for Zhangye (trans-
fer/validation area), listed by LAI bin.

LAI B2 (%) B3 (%) B4 (%) B7 (%) B8 (%)
Input-Parameter
Uncertainty (%)

Combined Standard
Uncertainty (%)

1 15.33 15.33 21.37 11.15 11.13 14.50

11.48

2 9.93 15.19 10.14 8.30 8.24 10.21
3 11.74 17.02 7.41 7.01 6.96 10.41
4 12.91 17.76 10.27 6.22 6.18 11.03
5 13.34 18.01 11.47 5.72 5.69 11.25
6 13.49 18.09 11.86 5.40 5.39 11.30
7 13.55 18.12 11.98 5.22 5.21 11.30
8 13.57 18.13 12.01 5.11 5.10 11.29

For the machine-learning-stage, the complete NN–GA training pipeline was repeated
R = 10 independent times to produce R trained models. Using NDVI-guided sampling of
the target scenes, M = 5000 representative pixels were drawn and each pixel was predicted
by the R models. The aggregated machine-learning-stage standard relative uncertainty
utrain was then computed as the root-mean-square (RMS) of pixelwise relative standard
deviations. The resulting values are utrain = 18.06% for Minqin and utrain = 12.96% for
Zhangye, indicating that stochastic factors in NN–GA training (e.g., random initialization
and evolutionary search variability) substantially affect output stability.

Figures 14 and 15 present summary diagnostics of per-pixel machine-learning-stage
relative uncertainty for Minqin and Zhangye, respectively. For Minqin (Figure 14), 75%
of the sampled pixels have relative uncertainty ≤ 11.9% and 80% ≤ 14.1%; the empirical
cumulative distribution shows a slow rise across the lower 80% and a steeper tail across
the upper 20%, indicating a minority of pixels with markedly higher training uncertainty.
A LOESS-smoothed scatter of mean predicted LAI versus relative uncertainty reveals a
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U-shaped dependence: uncertainty is elevated at low (≤2) and high (≥6) LAI and minimal
in the mid-range (3–6). Spectral inspection shows that many high-uncertainty pixels
are mixed-boundary pixels (vegetation–soil/road), supporting the hypothesis that mixed
pixels and limited training coverage in distribution tails drive elevated training uncertainty.
Zhangye (Figure 15) displays broadly similar behaviour, indicating spatial transferability
of the NN–GA uncertainty patterns.

Figure 14. Comprehensive analysis of per-pixel machine-learning-stage relative uncertainty for
Minqin (M = 5000). (a) Histogram; (b) ECDF; (c) mean predicted LAI vs. relative uncertainty with
LOESS smoothing (point colour indicates NDVI); (d) mean spectra for Top-12 and Bottom-12 pixels.

We evaluated the statistical dependence between the physics-driven and machine-
learning stage uncertainties and quantified its effect on the combined retrieval uncertainty.
The results are reported for two study areas (N = 5000 sample pixels each).

In Minqin, the sample means of the stage-wise relative standard uncertainties are
usim = 0.1103 and utrain = 0.1350 . The paired-sample Pearson correlation between
these per-pixel uncertainties is r = 0.14 (two-sided p = 5.36 × 10−24); a permutation
test (2000 permutations) confirms that this correlation is highly unlikely under the null
hypothesis of independence (permutation p < 10−3). Bootstrap estimation (B = 2000)
yields cov(usim, utrain) ≈ 1.4426 × 10−4 with 95% CI = [5.5880 × 10−4, 2.2389 × 10−4].
Substituting the empirically estimated covariance into Equation (17), the combined stan-
dard uncertainty increases from ≈0.1743 (covariance neglected) to ≈0.1752 (with covari-
ance), corresponding to an absolute increase of ≈8.26 × 10−4 and a relative change
of about +0.47%. In Zhangye, we find usim = 0.1044 , utrain = 0.1060 , Pearson
r = 0.17 (two-sided p = 1.88 × 10−34), and bootstrap covariance ≈ 4.2018 × 10−5

(95% CI = [3.5340 × 10−5, 4.8561 × 10−5]). Including this covariance increases the com-
bined standard uncertainty from ≈0.1488 to ≈0.1491, an absolute change of ≈ 2.82 × 10−4

or +0.19% relative.
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Figure 15. The same diagnostics as Figure 14, but for Zhangye.

Overall, although a weak but statistically significant positive correlation between
the two stage-wise uncertainties is observed in both regions, the covariance term has a
negligible numerical impact on the final combined uncertainty (well below 1% relative).
The physics-driven-stage standard uncertainty usim and the machine-learning-stage stan-
dard uncertainty utrain were combined according to the law of propagation of uncertainty
(root-sum-square of independent standard uncertainties) to yield the final per-retrieval
relative uncertainty. Table 5 lists the combined results. After combination, the single-
retrieval relative uncertainties are 21.37% for Minqin and 17.31% for Zhangye. Both values
exceed the GCOS reference target of 15% for certain biophysical products, indicating that
further methodological improvements—for example, refined sampling strategies, explicit
handling of mixed pixels, inclusion of ancillary indices such as NDVI, or multisource data
fusion—will be required to reach climate-grade uncertainty levels.

Table 5. Final relative uncertainties for single LAI retrievals after combination of physics-driven-stage
and machine-learning-stage components.

Study Area Component Relative Uncertainty (%) Combined Standard Relative Uncertainty (%)

Minqin usim 11.42
21.37utrain 18.06

Zhangye usim 11.48
17.31utrain 12.96

In summary, the staged UQ procedure identifies dominant contributors to retrieval
uncertainty and points to concrete mitigation strategies (e.g., targeted augmentation of
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training samples in extreme LAI regimes, mixed-pixel treatment, and reduction in training
stochasticity) that can directly reduce the overall LAI product uncertainty.

4. Discussion

4.1. Method Performance and Comparison

SL2P (Simplified Level-2 Product Processor) is a canopy biophysical retrieval algorithm
developed by the European Space Agency for Sentinel-2 data [33]. The method uses
feed-forward neural networks trained on a radiative-transfer model simulation library
to combine physical realism with the computational speed of empirical retrievals [34].
SL2P is capable of efficiently estimating key biophysical variables from Sentinel-2 imagery,
including leaf area index (LAI), fraction of absorbed photosynthetically active radiation
(fAPAR), and fractional vegetation cover (FVC). Because SL2P delivers consistent wall-to-
wall estimates at 10 m resolution and has been widely adopted as a baseline algorithm, we
selected it as the primary retrieval method for this study [35].

In this work, we ran the SL2P implementation available in SNAP’s S2_10m Biophysical
Processor (SNAP v10.0.0). The processor was supplied with Sentinel-2 Level-2A bottom-of-
atmosphere (BOA) reflectance as input and was executed with its default configuration: no
user-tunable lookup tables (LUTs), priors, or inversion parameters were modified. Output
biophysical products were quality-filtered using the Scene Classification Layer (SCL) to
remove clouds, cloud shadow, and other invalid pixels. Because the S2_10m configuration
uses only the 10 m bands, the resulting LAI, fAPAR, and FVC products are provided at
10 m spatial resolution.

The NN–GA retrieval was validated against site-level LI-COR LAI-2200 mea-
surements. Pointwise statistics are: Minqin (modelling/testing area; 101 measured
points)—RMSE = 0.44, R2 = 0.73; Zhangye (transfer/validation area; 112 measured
points)—RMSE = 0.40, R2 = 0.56. For benchmarking, we compared these results with oper-
ational Sentinel-2 LAI estimates from the SNAP/SL2P processor evaluated on the same
validation sets: Minqin (SL2P)—RMSE = 0.83, R2 = 0.04; Zhangye (SL2P)—RMSE = 0.61,
R2 = −0.03. Under the present data and parameter settings, the NN–GA framework sub-
stantially reduces absolute error (ΔRMSE ≈ 0.39, ∼47% relative improvement for Minqin;
ΔRMSE ≈ 0.21, ∼35% for Zhangye) and markedly increases explained variance versus the
SL2P baseline.

Observed differences between the two study areas are largely attributable to sampling
design and sample representativeness. Minqin was sampled sparsely across the landscape
(101 points, inter-point distance ≥ 300 m) to capture regional heterogeneity, whereas
Zhangye used dense, within-field sampling (≈81 points per 48 × 48 m plot) to represent
pixel-scale variability. Sparse designs tend to enlarge the reference variance and—when a
model captures broad spatial contrasts—may yield higher R2, but they also increase the
risk of pixel–plot mismatch and measurement noise, which can inflate RMSE. Conversely,
dense sampling typically reduces pixel–plot mismatch and RMSE, but may lower R2

because of reduced sample variance. These sampling effects also help explain differences
in SL2P performance across sites. Accordingly, algorithm comparisons and validation
statements should explicitly account for sampling strategy and scale; we recommend
reporting stratified or weighted validation statistics and clearly documenting sampling
layouts to enable fair, reproducible assessments.

Overall, the NN–GA framework shows improved absolute accuracy and explanatory
power relative to the SNAP/SL2P benchmark in our experiments, indicating stronger fit
and transfer potential under the tested conditions. Nonetheless, the evaluation under-
scores that sampling design and measurement repeatability remain critical determinants
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of apparent performance and should be integral to future method comparisons and
operational assessments.

4.2. Analysis of Uncertainty Sources

The two study areas exhibited broadly consistent uncertainty patterns (distributional
shapes, LOESS-indicated nonlinearity, and the spectral/spatial characteristics of high-
uncertainty pixels), suggesting that the proposed NN–GA retrieval and the staged UQ
workflow generalise across the regions and phenological stages examined. Quantitatively,
the machine-learning-stage uncertainty was comparable to or larger than the physics-
driven-stage uncertainty: utrain = 18.06%/12.96% versus usim = 11.42%/11.48% for Min-
qin/Zhangye, respectively. This finding indicates that stochasticity in model training (e.g.,
random initialisation, evolutionary search variability, and hyperparameter choices) is a ma-
jor contributor to overall retrieval variance and therefore a primary target for improvement.

We also note key simplifying assumptions in the present UQ analysis that may bias
the absolute numerical estimates: (i) non-LAI PROSAIL inputs were modelled as truncated
normal perturbations with independently applied draws; (ii) input parameter correla-
tions were neglected; and (iii) NDVI-guided pixel sampling was used as a proxy for
scene variability. These choices were adopted for tractability and reproducibility but re-
strict the interpretation of the reported uncertainty as a baseline conditional on the stated
assumptions. Future work should relax these assumptions by explicitly incorporating
parameter covariances, enlarging the prior sample space and observational constraints,
and by adopting fully probabilistic (e.g., Bayesian) UQ approaches that jointly estimate
parameter posteriors and predictive uncertainty. Additional practical avenues to reduce
total uncertainty—suggested by our diagnostics—include (a) reducing training stochas-
ticity via ensemble/aggregation methods, systematic hyperparameter optimisation, or
regularisation; (b) targeted augmentation of training samples in LAI distribution tails;
(c) explicit treatment of mixed pixels (sub-pixel unmixing or masking); and (d) fusion with
ancillary sources (e.g., higher-resolution UAV data, topographic data, or management meta-
data). Implementing these strategies is expected to lower both the machine-learning-stage
and physics-driven-stage contributions and to move operational LAI retrievals closer to
application-level uncertainty targets.

5. Conclusions

We developed and validated a physics-driven machine-learning framework for crop
Leaf Area Index (LAI) retrieval that jointly addresses accuracy and end-to-end UQ. The
approach couples PROSAIL forward simulations (convolved with Sentinel-2B SRFs) to
construct a 30,000-sample training library, trains a two-hidden-layer multilayer perceptron
whose weights and biases are globally optimised by a genetic algorithm (NN–GA), and
implements a two-stage uncertainty workflow: Monte-Carlo propagation to characterise
uncertainty arising in the physics-driven-stage, and repeated independent NN–GA train-
ings to quantify uncertainty originating in the machine-learning-stage. The two standard
uncertainty components are combined according to the law of propagation of uncertainty
to yield a single, reproducible estimate of retrieval uncertainty.

A hierarchical sensitivity analysis confirmed that LAI is the dominant driver of re-
flectance variance across the visible–near-infrared bands considered, justifying the chosen
parameter reduction and guiding efficient sampling. Validation against LI-COR LAI-2200
measurements at two northwest China sites demonstrates robust retrieval performance
and cross-site transferability: Minqin (modelling/testing site) achieved RMSE = 0.43 and
R2 = 0.73, while Zhangye (transfer/validation site) achieved RMSE = 0.40 and R2 = 0.56.
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Compared with the SNAP/SL2P baseline, the NN–GA framework substantially reduced
absolute error and increased explained variance at the sample scale.

The staged uncertainty decomposition exposes the relative contributions of the re-
trieval chain: physics-driven-stage standard relative uncertainties were 11.42% (Minqin)
and 11.48% (Zhangye), while machine-learning-stage standard relative uncertainties were
18.06% (Minqin) and 12.96% (Zhangye). After variance synthesis, the single-run relative
uncertainties are 21.37% (Minqin) and 17.31% (Zhangye). These results indicate that, under
the current implementation, stochasticity associated with model training (initialization,
hyperparameter search, and optimisation variability) is a major contributor to total uncer-
tainty; reducing training variability (for example, via ensemble strategies, more systematic
hyperparameter optimisation, or regularisation) should therefore be a priority to lower
final product uncertainty.

In conclusion, the proposed NN–GA retrieval pipeline advances 10 m Sentinel-2
crop LAI estimation by combining improved accuracy with a transparent, reproducible
uncertainty-quantification workflow. The framework supplies actionable uncertainty diag-
nostics that can guide targeted algorithmic improvements and supports the production
of confidence-aware LAI products for agricultural monitoring and downstream appli-
cations. Future work should focus on (i) reducing machine-learning-stage stochasticity,
(ii) incorporating parameter correlations and Bayesian UQ to relax current assumptions,
and (iii) exploring multi-source data fusion and mixed-pixel handling to further tighten
uncertainty and broaden operational applicability.
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Highlights

What are the main findings?

• Gray/red-brown soils and a no-tilled system presented the most challenging soil
backgrounds in the detection of corn plants in different corn growth stages at both
flight heights (30 and 70 m).

• The V3 and V5 were the best predicted corn growth stages for 70 m flight height using
the YOLOv9-small version.

What is the implication of the main findings?

• Gray/red-brown and no-tilled soil backgrounds need more powerful models as well
as hyperparameter optimization for lightweight models.

• Corn stand count and prediction can be performed at 70 m flight heights, increasing
the scalability of plant count models to map larger fields.

Abstract

Accurate stand count and growth stage detection are essential for crop monitoring, since
traditional methods often overlook field variability, leading to poor management decisions.
This study evaluated the performance of the YOLOv9-small model for detecting and
counting corn plants under real field conditions. The model was tested across three soil
background types, two flight heights (30 and 70 m), and four corn growth stages (V2, V3,
V5, and V6). Unmanned aerial vehicle (UAV) imagery was collected from three distinct
fields and cropped into 640 × 640 pixels. Datasets were split into training (70%), validation
(20%), and testing (10%) datasets. Model performance was assessed using precision, recall,
classification loss, and mean average precision of 50% and 50–90%. The results showed
that the V3 and V5 stages yielded the highest detection accuracy, with mAP50 values
exceeding 85% in conventional tillage fields and slightly lower performance in gray/red-
brown conditions due to background interference. Increasing flight height to 70 m reduced
accuracy by 8–12%, though precision remained high, particularly at V5, and performance
was poorest for V2 and V6. In conclusion, YOLOv9-small is effective for early-stage corn
detection, particularly at V3 and V5, with 30 m providing optimal results. However, 70 m
may be acceptable at V5 to optimize mapping time.

Remote Sens. 2026, 18, 14 https://doi.org/10.3390/rs18010014
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1. Introduction

Corn is an important crop for both human consumption and animal feed. Its produc-
tion is heavily concentrated in the United States, China, and Brazil, which together account
for approximately 32%, 23%, and 10% of global corn output, respectively [1]. Despite its
significance, corn production faces several limitations, particularly those related to stand
quality, which directly impacts yield potential and economic returns [2–4]. Plant density
also plays a critical role and is influenced by factors such as hybrid selection, crop maturity,
weather and soil conditions, length of the growing season, management practices, and
planting date [4,5]. Modifying plant density has long been employed as a strategy to
increase yields [6–8]. However, many of these approaches do not take into account field-
level spatial variability, which can lead to suboptimal outcomes, as microenvironmental
differences may restrict the crop’s yield potential.

Early detection of corn growth stages and accurate stand counting are essential for
supporting precision agriculture practices. These tasks enable farmers to make informed
decisions regarding post-emergence herbicide applications, replanting needs, fertilizer man-
agement, and assessment of spatial field variability relative to yield maps [4,9]. However,
identifying corn stages and performing stand counts remain challenging due to the limi-
tations of conventional methods. Traditionally, stand counting involves walking through
the field and sampling specific areas by measuring row spacing and manually counting
plants within small plots [3,4]. This manual process is labor-intensive, time-consuming,
and fails to capture variability across the entire field. In most cases, assessments are limited
to field borders or isolated sample points, which may not accurately represent the true
stand distribution [4].

Advancements in computer science and precision agriculture have significantly con-
tributed to the mapping of field variability and corn stand count. Various studies have
addressed this task using approaches such as Mask Region-Based Convolutional Neural
Network [10], U-Net [4,11], adapted You Only Look Once (YOLO) models [12], small
ground robots [13], and the integration of multispectral imagery with large-scale deep
learning models [14]. However, these studies predominantly rely on complex two-stage
deep learning architectures, which require extensive hyperparameter tuning and long pro-
cessing times. Moreover, most experiments were conducted at very low altitudes, typically
between 10 and 25 m, limiting their applicability to small, experimental plots rather than
large-scale agricultural fields. Additionally, they often overlook key environmental factors
such as variations in soil background color, especially under no-tillage systems, which
introduce substantial challenges for accurate corn detection. These gaps highlight the
need for more scalable, efficient, and robust solutions capable of operating under realistic
field conditions.

The YOLO family has been widely applied to agricultural tasks for a long time. Intro-
duced by Joseph Redmon in 2016 [15], YOLOv1 represents the first version of this family
of one-stage object detectors. Subsequent versions, culminating in YOLOv3, introduced
several key improvements, including multi-scale training, dimensional clustering, spatial
pyramid pooling (SPP) blocks, and the Darknet-53 backbone. In 2020, Alexey Bochkovskiy
proposed YOLOv4 with the CSPDarknet-53 backbone, followed by YOLOv5 developed
by Glenn Joche, which incorporated anchor-free detection, a Swish-based activation func-
tion, and a PANet-style neck [16]. The Meituan Vision AI Department released YOLOv6,
incorporating self-attention mechanisms to improve accuracy. Xu et al. (2022) introduced
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YOLOv7 with transformer components and E-ELAN re-parameterization, and Ultralyt-
ics presented YOLOv8 in 2023, leveraging Generative Adversarial Network techniques
to enhance the model’s ability to handle different scenarios [16]. More recently, Wang
and Liao [17] developed YOLOv9 with the PGI and GELAN modules, Wang et al. [17]
introduced YOLOv10 as a non-maximum suppression-free (NMS-free) detector, Ultralytics
released YOLOv11 with C3k2 and C2PSA modules in the backbone and neck, and Tian
et al. [18] proposed YOLOv12 as the first attention-centric YOLO model, incorporating the
R-ELAN mechanism [19].

One-stage models, such as those in the YOLO family, have significantly advanced the
field of computer vision and play a fundamental role in agricultural applications. These
models perform object classification and bounding box prediction simultaneously, making
them well-suited for real-time tasks due to their speed and efficiency [20,21]. Recent
versions, such as YOLOv9, introduce innovations like Programmable Gradient Information
(PGI) and the Generalized Efficient Layer Aggregation Network (GELAN), which improve
model performance by enhancing gradient flow and reducing information loss in deeper
layers [20]. These innovations increase the performance and decrease the number of flops
and hyperparameters, particularly in the MS COCO dataset and a lightweight version, such
as the “small” model. They also contribute to high precision in heterogeneous backgrounds
with multiple targets, emphasizing the use for different background and environment
conditions. YOLOv9 is also available in multiple configurations: nano, small, medium,
large, and X-large, allowing users to balance computational cost and detection accuracy
based on the complexity of the task. As a result, YOLOv9 has seen widespread use in
agriculture for diverse object detection tasks, including growth stage classification and
identification in corn and disease detection [3,22,23].

Despite recent advances, applying object detection models in complex agricultural
environments remains challenging, particularly in the presence of high background noise
variability caused by soil color variations and management practices such as no-tillage.
Furthermore, integrating these models into large-scale unmanned aerial vehicle (UAV)
mapping operations at higher flight altitudes continues to be a limitation, as most studies
focus on ultra-low altitudes in controlled experimental plots. Both flight altitude and
background complexity are known to affect model performance, and their integration
into training data can improve the model’s ability to generalize across diverse field condi-
tions [13,24]. Therefore, a highly variable dataset is needed to create robust models that can
be generalized to accurately count corn plants under different soil conditions. Additionally,
creating robust datasets by labeling images is a time-consuming and labor-intensive process
that can contribute to poor performance for small models, since they require larger datasets
to learn the pattern. Similarly, robust models such as transformers and Fast-RCNN seem to
be an alternative to improve the model’s performance. However, these models demand
powerful hardware, which can contribute to limited applications depending on the task.

This study aims to evaluate the performance of the YOLOv9-small model for detecting
and counting corn plants at higher flight altitudes and varying soil backgrounds, mim-
icking conditions of large cropping areas. Specifically, the model was tested across three
distinct soil background colors, two flight heights suitable for large-scale mapping (30
and 70 m), and four corn growth stages. This evaluation was guided by two formulated
hypotheses. Hypothesis I: Corn plants with three or more fully developed leaves provide
more favorable conditions for accurate object detection, regardless of background, whereas
earlier stages are associated with higher misclassification due to greater visual similarity
with the background. Hypothesis II: Higher UAV flight heights (70 m) can be used for corn
plant detection across different growth stages with moderate accuracy.
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2. Materials and Methods

2.1. Study Location and Characterization

The data collection occurred at three different fields located across Georgia, USA
(Figure 1). Field one was located at the Stripling Irrigation Research Park (SIRP) in Mitchell
County, Georgia. Fields two and three were located at the Iron Horse Plant Sciences
Research Farm, called Iron Horse I (IHI) and Iron Horse II (IHII), located in Greene County,
Georgia. The fields presented different soil types and textures. The IHII presents the
characteristics of Chewacla (ChA) silt loam, 0 to 2 percent slopes, frequently flooded,
and Wickham sandy loam (WkB), 2 to 6 percent slopes, rarely flooded. On the other
hand, the IHI has the soil characteristics of Wickham sandy loam (WkB), 2 to 6 percent
slopes, rarely flooded, and the SIRP field has Lucy loamy sandy (LmB) soils, 0 to 5 percent
slopes, according to the Natural Resources Conservation Services (NRCS) Web Soil Survey
(https://websoilsurvey.nrcs.usda.gov/app/) (accessed on 05 August 2025).

Figure 1. Location map showing the Stripling Irrigation Research Park (SIRP) field site in Mitchell
County, GA (red polygon), and Iron Horse I (IHI) (blue polygon) and Iron Horse II (IHII) (green
polygon) sites in Greene County, GA, United States. The yellow and red points in the Georgia map
(orange) represent the location of the farms in Mitchell and Greene Counties, respectively.

All three fields were planted with corn in 2024. At the SIRP location, corn was
planted on 8 April 2024, followed by IHI on 2 May 2024, and IHII on 15 May 2024. The
tillage systems varied by field. A no-tillage system was used at SIRP (Figure 2A), while
IHI and IHII used a conventional tillage system. However, the IHI presents red-brown
soil color (Figure 2B), while IHII has a gray/red-brown soil color (Figure 2C). The soil
background was one of the key features used to train the deep learning model. Elements
like straw and stones in the background can oftentimes present similar shapes and colors
as the crop canopy and can affect the model’s performance. These visual similarities can
either improve the model’s capabilities by making the training process more complex by
introducing challenges in distinguishing between plants and backgrounds.
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Figure 2. Field images taken at 30 m flight height at the V3 corn growth stage showing the no-tillage
field located in Stripling Irrigation Research Park (SIRP) in Mitchell County, GA (A), the red-brown
field located in Iron Horse I (IHI) at Greene County, GA (B), and the gray/red-brown soil for Iron
Horse II (IHII) located in Greene County, GA (C).

The corn hybrid used for SIRP and Iron Horse I was DKC68-78SS, while at Iron Horse
II was the Integra 6641 Bayer SmartStax. The plant population adopted for SIRP and
Iron Horse I was 74,000 plants, while at the Iron Horse field, the plant population was
75,000 plants per hectare. Row spacing of 0.75 m was used for Iron Horse I and Iron Horse
II, and 0.90 m for SIRP.

2.2. Corn Stages

Determining the corn phenology stages depends on the weather, soil, and management
conditions. Thus, the present study used the crop phenology scale developed by Ritchie
and Hannway [25] and split the stages for data collection in V2, V3, V5, and V6. Each of
these labels represents the vegetative stage, followed by the number of completely open
leaves. For a leaf to be considered “completely open”, the leaf must present a visible
collar [25,26]. Since the field conditions and sowing dates of each field were different,
growth stages were monitored, and fully open leaves were manually counted to ensure
that imagery of each field was collected at the same crop growth stage.

2.3. UAV Flights and Parameters

The image collection started at V2, followed by V3, V5, and V6 for every field. The V4
stage was skipped due to adverse weather conditions, which prevented image collection
during this period. The UAV used was the DJI® Mavic 3M (Shenzhen, Guangdong, China),
which contains five different sensors, including a 20-MP RGB sensor with a maximum
resolution of 5280 × 3956 pixels, and a multispectral sensor subdivided into four sensors,
Red (650 nm), Green (560 nm), Red-edge (730 nm) and near-infrared (860 nm) with 5-MP
and maximum resolution of 2592 × 1944 pixels. Despite the DJI Mavic 3M having a
multispectral sensor, the RGB images were selected for this study due to their higher spatial
resolution. In addition, RGB sensors require simpler processing and are more affordable,
which increases the developed model’s applications for growers.

The flight heights used for all fields were 30 and 70 m, and the overlap during the
collection was 80% for both front and side overlap. The flight heights were selected to
evaluate the performance of the corn plant-counting model while balancing detection
accuracy with the speed and efficiency required for large-scale data collection [4,13,27].
All flights were performed within 2 h of solar noon between 11:00 and 15:00, only on
completely sunny conditions, without the presence of clouds over the target fields.
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2.4. Dataset Preparation

The dataset preparation process included labeling and data augmentation. Initially,
ten random images were selected, then cropped to a size of 640 × 640 pixels. From these,
a total of 1920 images were generated for each corn growth stage (V2, V3, V5, and V6)
at both 30 m and 70 m flight height. The dataset was organized by field location, flight
height, and corn stage. Using the Roboflow® tool (Des Moines, IA, USA), the images
were annotated with bounding boxes, marking 50 plants per image, resulting in a total
of 96,000 annotated instances across all corn phenology stages. The dataset was then
split into training (70%), testing (20%), and validation (10%) datasets. For the training
set, data augmentation techniques such as brightness adjustment, rotation, and contrast
variation were applied to increase image variability. Finally, the dataset was exported into
the data.yaml format for use in model training.

2.5. You Only Look Once (YOLO) Model

Deep learning models have been frequently applied for object detection tasks. These
models present different characteristics, performance, and architecture that can contribute
to the object detection task. You Only Look Once models (Figure 3) represent one family
of one-shot models with high speed and accuracy in detecting objects [16,22]. The one-
shot model, such as YOLO, works by dividing the image into small grids and making
predictions in each grid [16,22]. This process is different from conventional convolutional
neural networks (CNNs) that present heavy training and test steps. Thus, lightweight
models such as YOLO can be applied to camera sensors and smartphones, highlighting
their efficiency and enhancing the model’s capability for real-time applications on limited
devices [22,28,29].

The YOLO model has different variations from the original model. In the present
study, the YOLOv9-small was selected and used to train each dataset. This model presents
the PGI and GELAN functions. Both techniques increase model performance and avoid the
information bottlenecks, where features can be lost as data propagate through deep network
layers [21,30]. The implementation of YOLO v9 follows the Roboflow® tool (Des Moines,
IA, USA) API model. The number of epochs used to train the model was 500 epochs.
However, the patience parameter was set to 70 epochs, meaning that if the model did
not detect any changes in the loss values in the training step after 70 epochs, it would be
stopped. The image size input used was 640 × 640 pixels, the batch size was 8 images, and
the number of data workers was 8. The optimizer SGD (Stochastic Gradient Descendent)
was used to train the model with a learning rate starting at 0.001 and reaching the best at
0.0168 and a momentum of 0.5. The parameters were selected following the limitations
imposed for the small video plate used in the present study. To adapt YOLOv9-small to the
specific characteristics of the UAV imagery, a hyperparameter tuning was performed using
the Ultralytics Tuner v8.3.239 (Ultralytics, Frederick, MD, USA). This procedure imple-
ments an evolutionary search over optimization and data-augmentation hyperparameters,
including initial learning rate, learning-rate decay, loss weights, and mosaic/scale/color
jitter probabilities. In each iteration, a candidate set of hyperparameters is obtained by
mutating the best configuration found. A YOLOv9-small model is trained on the dataset for
a reduced number of epochs, and a composite fitness score based on the validation dataset
computes the precision, recall, and mAP. The process is repeated for multiple iterations,
and the configuration with the highest fitness is stored in a best_hyperparameters.yaml file,
which is then used to train the final YOLOv9-small model.
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Figure 3. You Only Look Once (Yolo) version 9 architecture model used to train, validate, and test
the different soil background colors. The network consists of three main components: Backbone
(blue), Neck (green), and Head (red). The Backbone extracts hierarchical features at multiple scales
(P1–P5) through successive Conv and C2f blocks. The Neck implements a Feature Pyramid Network
(FPN) combined with a Path Aggregation Network (PAN) to fuse multi-scale features via Upsample
and Concat operations. The Head performs bounding box regression (Bbox_loss) and classification
(Cls_loss) at three detection scales: P3 (80 × 80, stride 8), P4 (40 × 40, stride 16), and P5 (20 × 20, stride
32), enabling detection of small, medium, and large objects, respectively. Conv: Convolution block
comprising Conv2d, BatchNorm2d, and SiLU activation; Conv2d: two-dimensional convolution
operation parameterized by k (kernel size), s (stride), p (padding), and c (number of output channels);
C2f: Cross Stage Partial block with two convolutions and n Bottleneck modules. Bottleneck: residual
block with optional shortcut connection. SPPF: Spatial Pyramid Pooling Fast module for multi-
scale receptive field aggregation. MaxPool2d: max pooling operation with 5 × 5 kernel applied
sequentially within SPPF to capture contextual information at multiple scales without increasing
computational cost. Concat: channel-wise concatenation operation that merges feature maps from
different layers along the channel dimension to combine semantic and spatial information. Upsample:
bilinear interpolation for spatial upsampling. For YOLOv8-small, the depth multiplier is 0.33, and
the width multiplier is 0.50. Notation: h × w × c denotes height × width × channels. w: indicates
the width scaling factor applied to the number of channels. d: indicates the depth scaling factor
determining the number of repeated blocks. r: denotes the channel expansion ratio used in the Neck
to adjust feature map dimensions after concatenation operations. The shortcuts at C2f represent
the bottleneck layers (black box), with the option to use true or false in the shortcut to regulate the
function.

2.6. Performance Metrics

The metrics used to assess the model’s performance in each dataset were the mean
average precision of 50% (mAP50) (Equation (1)) and 50–95% (mAP50–95) (Equation (2)),
followed by Precision (Equation (3)) and Recall (Equation (4)). The results from each model
were also compared using the confusion matrix, comparing the true positive, negative, and
false positive and negative.

mAP50 =
1
N ∑N

i=l APi (1)
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mAP50 represents the mean average precision of intersection over union 50% (IoU
50%). N refers to the number of samples, and AP represents the average precision values.

mAP50 − 95 =
1
N ∑N

i=l APi (2)

mAP50-95 represents the mean average precision of intersection over union between
50% to 95% representing a IoU 75%. N refers to the number of samples, and AP represents
the average precision values.

Precision =
TP

TP + FP
(3)

Precision refers to the proportion of correct detections made by the model over
all detections made by the model. TP represents the true positives; FP represents the
false positives.

Recall =
TP

TP + FN
(4)

Recall represents the proportion of correct objects detected by the model over the total
of correct objects in the image or dataset. The FN refers to the false negative samples that
were calculated. Nevertheless, the models were evaluated using the Train and Validation
Classification Loss (Val_cls_loss and Train_cls_loss). Both metrics represent the model’s
performance on validation and training datasets across the epochs used to train the models.
After training and validation, the model for each corn growth stage, flight height, and field
was implemented in one image to compare the results.

2.7. Video Plate and Software

Large models such as YOLOv9 have a wide number of hyperparameters (7.2 million)
that need to be trained. These parameters represent convolutional filters and layers and
use many mathematical operations that have a significant time cost. To address this cost,
Python 3.12 (Python Software Foundation, Wilmington, DE, USA) associated with Pytorch
(Meta AI, Menlo Park, CA, USA) and CUDA 11.4 were installed before running the model
on an NVIDIA GTX 1660 GPU (6 GB) (NVIDIA Corporation, Santa Clara, CA, USA). All
the models were analyzed using Python 3.12 and the graphs plotted using the software
RStudio 4.3 (Boston, MA, USA).

3. Results

Figure 4 summarizes the training and validation metrics across epochs using box
plots. For each metric, the central horizontal line inside the box represents the median
value, while the bottom and top edges of the box correspond to the 25th (Q1) and 75th (Q3)
percentiles, respectively. The whiskers extend to the minimum and maximum values, and
points plotted beyond the whiskers (black dots) are considered outliers. Values closer to
the top of the box and whiskers indicate better performance for the corresponding metric
(precision, recall, mAP50 and mAP50-95). This representation provides a clear way to
visualize the variability of each metric over the training epochs and directly compares the
distributions between training and validation sets. The highest variation was observed in
the Val_cls_loss and Train_cls_loss metrics. The training and validation classification losses
(Val_cls_loss and Train_cls_loss) represent the difference between the true values and those
predicted by the model, with lower values indicating better model performance. During
the initial stages of training, these values are typically high, but as the model adjusts its
weights, the losses decrease. Consequently, higher values can be seen early in training,
especially at the V2 and V6 growth stages, which exhibited greater variability compared to
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V3 and V5, except for val_cls_loss at 70 m for IHII and II. This suggests that, regardless of
flight height, the model struggles more to identify plants at the V2 and V6 stages, likely due
to difficulty in distinguishing corn plants from the background at V2 and misidentifying
individual plants at V6 due to increased leaf overlap between plants. Conversely, the
model demonstrated a more consistent performance for Precision and Recall at V3 and V5,
regardless of background conditions. This indicates that for these two stages, both 30- and
70 m flight heights yielded similar results in terms of Precision and Recall. However, when
analyzing mAP50 and mAP50–95, the model showed significantly higher reliability at the
30 m flight height, highlighting its superior performance.

Figure 4. Boxplot analysis comparing the training and validation model metrics variability for
classification losses (Train_cls_loss and Val_cls_loss), mean average of 50 and 50–95 (mAP50 and
mAP 50–95), Precision, and Recall (primary y-axis) at 30- and 70 m flight heights (primary x-axis)
for the Stripling Irrigation Research Park (SIRP), Iron Horse I (IHI) and Iron Horse II (IHII) fields
(secondary y-axis) at different growth stages (secondary x-axis).

The initial results revealed the mean values obtained for each corn growth stage at
different flight altitudes and across various fields (Figure 5). In all cases, the 30 m flight
height outperformed the 70 m height. Notably, the V3 and V5 growth stages consistently
showed the highest detection performance, even when the background varied between
fields. This trend was also reflected in the Precision, Recall, mAP50, and mAP50–95
metrics. At 70 m, the mAP50 values for the V2 and V6 stages were the lowest. However, at
30 m, these values nearly doubled, increasing from 0.25 to 0.50. Although mAP50 values
improved with the lower flight height, the mAP50–95 values for V2 and V6 decreased
to approximately 0.2, indicating limited model effectiveness in detecting these stages.
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Furthermore, while Precision and Recall were highest for the V3 and V5 stages, performance
still varied by location, with IHI achieving the best results and the SIRP field showing
the lowest.

Figure 5. Bar graphics results comparing the models’ mean values for the metrics training and validation
classification losses (Train_cls_loss and Val_cls_loss), mean average of 50 and 50–95 (mAP50 and
mAP 50–95), Precision and Recall (primary y-axis) at 30- and 70 m flight heights represented by the
purple and yellow color bars for the Stripling Irrigation Research Park (SIRP), Iron Horse I (IHI) and
Iron Horse II (IHII) fields (secondary y-axis) at different growth stages (secondary x-axis).

Figure 6 supports the results obtained using YOLOv9-small for detecting corn plants
across different growth stages, flight heights, and backgrounds. The most detectable stages,
V3 and V5, showed variability in the number of epochs required to train the model. At
the lowest flight height (30 m), the model converged more quickly, as indicated by lower
initial loss values and a reduced number of training epochs. In contrast, the SIRP field
required nearly 300 epochs for model convergence at 70 m, and this setting also resulted in
the highest Val_cls_loss values. Correspondingly, the 70 m flight height yielded the lowest
performance in mAP50, mAP50–95, and Recall across all growth stages. With the exception
of SIRP (V3 and V5), IHI (V5), and IHII (V5), the 70 m flight height generally resulted in
higher Precision values. Precision measures the accuracy of model predictions, indicating
how many predicted objects are correct. Therefore, at V3 and V5, in complex backgrounds
like at the SIRP field or at IHI and IHII fields, the 70 m flight may offer more accurate
predictions. However, when analyzing the Recall metric, the 30 m flight height consistently
produced better results. This indicates that although the model detected objects at 70 m,
many were likely false positives, as evidenced by the lower Recall scores. Recall reflects
how well the model detects all objects in the image. Thus, high Recall means fewer missed
detections, which is expected from images with higher spatial resolution.
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Figure 6. Smooth line graphics results comparing the metrics for training and validation classification
losses (Train_cls_loss and Val_cls_loss), mean average of 50 and 50–95 (mAP50 and mAP 50–95),
Precision and Recall (primary y-axis) at 30- and 70 m flight heights and the number of epochs (primary
x-axis) for the Stripling Irrigation Research Park (SIRP), Iron Horse I (IHI), and Iron Horse II (IHII)
fields (secondary y-axis) at different growth stages (secondary x-axis).

The interaction between background, corn growth stages, and flight height was fur-
ther analyzed using the confusion matrix (Figure 7). The confusion matrix was used to
understand the misclassification of the corn growth stages and flight height. The X-axis
represents the true label, i.e., the real label created manually, while the Y-axis represents the
predicted label, i.e., the label created by the model. Thus, the true negative (top-left cell) is
the background, correctly classified as background, while the true positive (bottom-right
cell) is the plants correctly classified as plants. The false positive (top-right cell) repre-
sents the true background (x-axis) predicted as a plant (Y-axis), while the false negative
(bottom-left cell) represents the corn plants the model failed to detect.

At the V2 growth stage with a 30 m flight height, 67% of background pixels were
misclassified as corn at V2. This misclassification rate was also observed at the field level,
with 44%, 51%, and 51% of predictions being incorrectly identified as corn for SIRP, IHI,
and IHII, respectively. However, when using the 70 m flight height at the same V2 stage,
the misclassification significantly increased, especially at the SIRP and IHII fields, where
95% and 51% V2 corn plants were misclassified as background, respectively.

The confusion matrix also highlighted the highest model performance at 30 m for the
following combinations: SIRP field at the V5 stage, IHI at V3, and IHII at V5. These results
indicate the V3 and V5 stages as more favorable for accurate plant count. Nonetheless,
even at the most suitable stages, increasing flight height can lead to a decrease in model
performance. The SIRP field, for example, which features a no-tillage background, an
increase in flight height to 70 m resulted in a 26% decrease in model accuracy for detecting
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the V5 growth stage. Other results showed that flying the UAV at 70 m can reduce accuracy
by approximately 24% to 36% depending on background conditions.

Figure 7. Confusion Matrix used to evaluate the model’s performance at different corn growth stages
(V2, V3, V5, and V6) and flight height (30 and 70 m). The primary y-axis represents the predicted
values by the model, and the x-axis represents the observed values (True), while the secondary x-axis
represents the flight height (30 and 70 m).

Model validation was also performed on 20 images collected from each field (Figure 8).
The 70 m flight height presented no successful detections for the V2 growth stage at IHI
and for V6 at the SIRP and IHII fields. Additionally, the best performance on the validation
dataset was observed for V5 at both 30 and 70 m, reaching R2 values of 0.73 and 0.79 with
errors varying between 18 plants for 30 m to 168 plants for 70 m at the SIRP field. IHI
presented the best performance for V5 at 30 m with R2 0.41 and an error of 75 and 68 plants
for RMSE and MAE, respectively. IHII showed the worst performance with a maximum
R2 of 0.27 found at the V5 corn stage for 30 m and an error of 21 and 15 plants for RMSE
and MAE.

The models’ performance can also be observed in Figure 9, in which the number of
counted plants for V3 and V5 stages, represented by the red dots, is shown for 30- and
70 m flight heights. The comparison results across all stages and field conditions validate
that soil contrast represents one of the most important factors influencing model accuracy,
especially at a flight height of 70 m. At this height, if the soil–plant contrast, caused by
the soil color background, was high, the model accurately counted the corn plants, as
observed for IHII, V5 stage, where 818 corn plants were identified, and for SIRP, V3 stage,
in which 722 corn plants were identified. Soil color is another important factor. Gray
soils or dark-hue conditions led to better detection performance for YOLOv9-small model,
even for higher flights, such as at 70 m, highlighting the model’s feasibility for larger-scale
field mapping.

https://doi.org/10.3390/rs18010014
284



Remote Sens. 2026, 18, 14

Figure 8. Scatter plots comparing observed (manual counting) (primary x-axis) versus predicted
(YOLOv9s model) corn plant counts (primary y-axis) across three experimental fields: Iron Horse I,
Iron Horse II, and Stripling Irrigation Research Park (SIRP) (secondary x-axis). Results are presented
for two unmanned aerial vehicle (UAV) flight altitudes (30 and 70 m) and four corn growth stages (V2,
V3, V5, and V6) (secondary y-axis). Each panel displays the coefficient of determination (R2), root
mean square error (RMSE), and mean absolute error (MAE). Colored lines represent linear regression
fits for each growth stage. Missing panels at 70 m indicate combinations where data acquisition was
not performed or model predictions were not feasible due to image resolution constraints.
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Figure 9. Prediction results using the training model for each flight height, field, and corn growth
stage. H—height (meters); C—corn plant count; F—field location. SIRP—Stripling Irrigation Research
Park; IHI—Iron Horse I; IHII—Iron Horse II.

4. Discussion

The first hypothesis states that corn plants with three or more fully developed leaves
provide more favorable conditions for accurate object detection, regardless of background,
whereas earlier stages with fewer than three fully developed leaves are associated with
higher misclassification due to greater visual similarity with the background. This pattern
can be explained by the observed interaction between flight height and background condi-
tions. Corn development begins at emergence (VE) and progresses through vegetative (Vn)
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and reproductive (Rn) stages. The V1 stage, characterized by one fully open leaf, represents
one of the earliest growth stages, where the cotyledonary leaf is still predominant. With
each accumulation of approximately 66 growing degree days, the corn plant develops
a new leaf [26]. By the time the plant reaches V3, its lower leaves are larger and more
structurally defined, making them easier for detection models to identify from higher flight
altitudes. At the V2 stage, the smaller leaf size and denser background, particularly in
no-tillage systems, reduce detection accuracy, even at lower flight heights such as 30 m.
In no-tillage systems, such as the SIRP field, the background interference is a major chal-
lenge for early-stage detection. However, contrasting soil characteristics can influence
model performance. In fields like IHII, where light to dark-gray soil colors enhance visual
contrast between plants and background, detection accuracy is high, even at the 70 m
flight height. This suggests that soil color and texture play a role in optimizing detection
outcomes. Overall, the transition stages between V3–V4 and V5–V6 are the most effective
for corn stand counting and detection, regardless of background or flight height [31,32]. In
a study evaluating different backgrounds, flight heights, and model types for corn density
estimation, Jia et al. [3] found that a flight height of 20 m yielded the best performance.
However, such low altitudes have trade-offs, including increased data acquisition time and
larger data volumes for processing.

Following the second hypothesis, lower UAV flight altitudes (30 m) resulted in higher
corn plant detection accuracy across growth stages, particularly V3 and V5, by reducing
background influence and enhancing model convergence. It was observed that the higher
resolution increases the model performance in detecting the corn plants, mainly at the
V3 and V5 stages, while also decreasing the time for convergence. This means that a
lower flight height does not necessarily need powerful models with high hyperparameters
and complex layers, i.e., the high resolution contributed to models’ performance with the
highest mAP50, mAP50–95, Precision, and Recall [3,10,31]. Conversely, increased flight
heights (70 m) allow for faster field mapping, but more powerful models with higher
parameters are required to detect subtle differences in the background. These findings align
with those observed by Pang et al. [33] that at a flight height of 30 m, the Mask-CNN model
exhibited 87% accuracy, and when changed to heights of 40, 50, and 60 m, the average
precision dropped to 79.4%, 75.5%, and 68.1%, respectively. Although lower flight heights
improve model training efficiency and performance, allowing the use of small models, the
applications for large-scale fields remain a limitation. Higher flight heights, as presented in
this study, facilitate faster decision-making by the farmers, with reduced processing time
and storage, unlike other studies [3,10,31], which, despite achieving higher performance,
have limited applicability in large-scale fields.

YOLO models have significantly transformed one-stage object detection tasks, offering
a balance between speed and accuracy that contrasts with more complex models such as
Mask R-CNN and Faster R-CNN. While these two-stage detectors often achieve higher
accuracy, their implementation is limited due to the large number of hyperparameters and
high computational demand. In this study, YOLOv9-small was evaluated for its effective-
ness in corn detection tasks, introducing two innovative architectural components: PGI and
the GELAN. PGI helps preserve gradient flow across layers, minimizing information loss
during training, while GELAN efficiently aggregates features using multiple computational
blocks, including CSPBlocks, ResBlocks, and DarkBlocks, ensuring effective multiscale
feature extraction and representation [20]. This efficiency has been demonstrated in other
applications, with YOLOv9 achieving up to 94% mAP50 in coffee plant detection using
various sensors [34,35]. Previous research with Mask R-CNN on corn at the V4–V5 stage
and 30 m flight height also reported high performance (mAP50 = 94%), while segmentation
models such as U-Net achieved Recall and Precision values of 0.95 and 0.96 at ultra-low
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flight heights of 10 m [4]. Similarly, Lu et al. [34] reported mAP50 values of 82% at the V3
stage and 86.3% at V7 using YOLOv5 at 12 m. Under conditions of high weed infestation,
improved YOLOv5 models reached mAP50 scores of 93% and 89% at 15 and 30 m, respec-
tively [33]. However, what distinguishes the present study is the ability to achieve high
performance metrics (85% mAP50, Precision, and Recall) even at a flight height of 70 m,
using a lightweight model like YOLOv9-small, as observed for the fast convergence in
initial stages (Figure 6). This is a significant advancement, as most previous studies relied
on either more complex models or lower flight altitudes to obtain similar results. Moreover,
the use of RGB cameras in this study underscores the practical and cost-effective nature of
the approach. Unlike multispectral or modified sensors, which are expensive and require
specialized expertise, RGB cameras are affordable, user-friendly, and easily integrated into
UAV systems. This makes the proposed method highly suitable for scalable, real-world
agricultural applications.

YOLOv9 achieved high accuracy at both corn growth stages (V3 and V5), and its per-
formance in this study is consistent with results reported in the literature for agricultural
applications. Wang et al. [32] reported high precision and mAP scores (precision = 89.30%,
mAP0.5 = 94.60%, mAP0.5–0.95 = 64.60%) when comparing YOLOv5, YOLOv7, and
YOLOv8 for coffee detection and counting. Additionally, Sharma et al. [36] showed that
YOLOv9 outperforms YOLOv11, YOLOv10, YOLOv8, and Faster R-CNN in terms of
mAP0.5, mAP0.5–0.95, precision, and recall, although at the cost of longer inference time.
Similarly, in an orchard scenario using ground-based cameras for apple fruit detection and
counting, Sapkota et al. [16] reported that YOLOv9-GELAN-E achieved higher mAP0.5
than YOLOv10, YOLOv8, YOLOv11, and YOLOv12 and obtained precision (0.903 versus
0.908) and recall (0.899 versus 0.900) values comparable to YOLOv10x and YOLOv12l,
while YOLOv12 was approximately three times faster in terms of inference speed. Over-
all, these studies indicate that agricultural tasks require fast, real-time, and robust object
detection, demanding models that balance accuracy and speed, as is characteristic of
the YOLO family [37]. At the same time, agricultural environments involve substantial
field variability and therefore require large, diverse datasets and careful fine-tuning. This
was also observed in the present study, despite the high precision and recall achieved by
YOLOv9-small. Its higher latency and lower inference speed may limit its applicability
in strict real-time conditions, especially for autonomous robotics or UAV-based imagery.
Thus, modified versions using improved functions [38–40], different optimizers [27], and
adding transfer learning [15,41] or pre-processing steps [15] could be a solution to creating
powerful models with a balance between precision, accuracy and hardware requirements.

Limitations and Future Research

This study investigated the influence of flight height and field background on the
accuracy of counting corn plants at different growth stages using a YOLO-based object
detection model. While this study tested a higher flight height to increase the scalability of
plant stand count to larger fields, limitations remain when applying these models to very
large commercial crop fields at early growth stages. Results showed a lower plant stand
count accuracy in the very early stages of corn development (V2). Acquiring additional
training data, focused specifically on early corn growth stages, combined with lower flight
altitudes, can enhance YOLO performance and support early field decisions. Nonetheless,
UAV operational constraints, such as limited battery life, flight time, and legal restrictions,
create a trade-off between flight height, ground sampling distance, and field coverage.
Another limitation is related to the cost of hardware and software needed to perform
this task. This work focused on using compact models, such as YOLOv9-small, which
allow large numbers of image tiles to be processed with moderate computational resources.
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Future work exploring edge computing, local farm servers, and model compression strate-
gies to reduce inference time and hardware requirements could further improve plant
count accuracy.

Environmental factors such as wind, dust, crop residue, and heterogeneous soil
moisture can also degrade image quality and lead to missed or false detections, reinforcing
the need for multi-temporal acquisitions, UAV image quality control, and fine-tuning with
field-specific data. The data used in this study focused on comparing the model’s accuracy
at different soil background colors. However, the soil background color was used only
as a visual reference. Future studies considering the soil color histogram or classification
under controlled conditions, while also measuring the residues and brightness, might add
valuable information for the model’s performance.

It is worth noting that the light-hue soil colors can challenge the model in recog-
nizing patterns and counting plants, sometimes reducing confidence values to less than
0.1 [42,43]. Another approach would be to increase the dataset with images reflecting field
variability, especially in no-till and gray/red-brown colors, which can contribute to model
optimization. A third approach would be to apply different augmentation strategies or
generative approaches, such as Generative Adversarial Networks (GANs), to expand the
dataset and simulate diverse environments considering soil background colors. Addition-
ally, large datasets that include soil moisture, different illumination levels, brightness, soil
background color, and a no-tillage system could support the training of highly robust and
accurate models.

Models that account for the overlap between the leaves and the dense canopy at the V6
corn growth stage, combining YOLO-based and segmentation models, could be a feasible
application to enhance the model’s performance at high flight heights. Although heavier
models often achieve higher accuracy, their deployment using affordable devices remains
challenging due to their large size, increasing the cost of developing the hardware and
software and limiting their use in large-scale field applications. Thus, creating efficient
models and hardware can help support extension professionals, growers, consultants, and
other stakeholders to make confident, data-driven management decisions by monitoring
the field variability and crop development.

5. Conclusions

This study demonstrates that both background conditions and flight height affect
object detection performance in corn. The highest model accuracy was observed at
stages V3 and V5, with mAP50 = 0.85, mAP50–95 = 0.75, and Precision and Recall near
0.80, highlighting the strong potential for early-stage detection. Performance was low
at the V2 stage due to small plant size and background interference, and at V6 due to
leaf overlap. Complex backgrounds in no-tillage fields reduced the model’s accuracy,
while red-brown soils enhanced contrast and improved model performance. Lower flight
heights enabled effective detection even with lightweight models, whereas higher altitudes
(70 m) reduced detection at V2 and V6, indicating the need for more advanced models
under these conditions.

From an operational perspective, these results highlight a clear trade-off between
spatial resolution, model complexity, and field coverage. Low-altitude flights are more
preferable when precise per-plant counts are required in sample plots, whereas higher
altitudes are more suitable for large-scale monitoring of intermediate growth stages, where
timely decisions and reduced data volume are priorities. The study also has limitations that
suggest directions for future research. Soil background was treated as a visual reference
in RGB imagery, and detailed soil properties (standardized color scales, residue cover,
structure, and moisture) were not measured systematically. Future work should combine

https://doi.org/10.3390/rs18010014
289



Remote Sens. 2026, 18, 14

UAV imagery with in situ measurements of soil and residue properties, expand the dataset
to include a wider range of soil backgrounds, illumination conditions, and no-tillage
systems, and explore advanced augmentation or generative approaches (such as GANs) to
better represent challenging backgrounds and early growth stages.
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