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ABSTRACT: Crop leaf area index (LAI) and biomass are two major biophysical parameters to measure crop growth
and health condition. Measuring LAI and biomass in field experiments is a destructive method. Therefore, we focused
on the application of unmanned aerial vehicles (UAVs) in agriculture, which is a cost and labor-efficient method. Hence,
UAV-captured multispectral images were applied to monitor crop growth, identify plant bio-physical conditions, and
so on. In this study, we monitored soybean crops using UAV and field experiments. This experiment was conducted at
the MAFES (Mississippi Agricultural and Forestry Experiment Station) Pontotoc Ridge-Flatwoods Branch Experiment
Station. It followed a randomized block design with five cover crops: Cereal Rye, Vetch, Wheat, MC: mixed Mustard
and Cereal Rye, and native vegetation. Planting was made in the fall, and three fertilizer treatments were applied:
Synthetic Fertilizer, Poultry Litter, and none, applied before planting the soybean, in a full factorial combination. We
monitored soybean reproductive phases at R3 (initial pod development), R5 (initial seed development), R6 (full seed
development), and R7 (initial maturity) and used UAV multispectral remote sensing for soybean LAI and biomass
estimations. The major goal of this study was to assess LAI and biomass estimations from UAV multispectral images in
the reproductive stages when the development of leaves and biomass was stabilized. We made about fourteen vegetation
indices (VIs) from UAV multispectral images at these stages to estimate LAI and biomass. We modeled LAI and biomass
based on these remotely sensed VIs and ground-truth measurements using machine learning methods, including linear
regression, Random Forest (RF), and support vector regression (SVR). Thereafter, the models were applied to estimate
LAI and biomass. According to the model results, LAI was better estimated at the R6 stage and biomass at the R3 stage.
Compared to the other models, the RF models showed better estimation, i.e., an R2 of about 0.58–0.68 with an RMSE
(root mean square error) of 0.52–0.60 (m2/m2) for the LAI and about 0.44–0.64 for R2 and 21–26 (g dry weight/5 plants)
for RMSE of biomass estimation. We performed a leave-one-out cross-validation. Based on cross-validated models with
field experiments, we also found that the R6 stage was the best for estimating LAI, and the R3 stage for estimating
crop biomass. The cross-validated RF model showed the estimation ability with an R2 about 0.25–0.44 and RMSE of
0.65–0.85 (m2/m2) for LAI estimation; and R2 about 0.1–0.31 and an RMSE of about 28–35 (g dry weight/5 plants) for
crop biomass estimation. This result will be helpful to promote the use of non-destructive remote sensing methods to
determine the crop LAI and biomass status, which may bring more efficient crop production and management.
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1 Introduction
Estimating crop biophysical parameters such as leaf area index (LAI) and biomass played a vital role

in precision agriculture and crop management. Traditionally, field-based LAI sampling and measurements
are proven to be challenging and time-consuming. Direct methods, such as leaf collection and area mea-
surement, are not only labor-intensive but also destructive. Similarly, traditional field-based crop biomass
measurement entails destructive, laborious and time-consuming procedures. Remote sensing (RS) emerges
as a promising indirect solution for reducing crop management cost and improving crop management
practices. Utilizing RS for LAI and biomass estimation offers efficiency and effectiveness compared to
conventional direct methods. In recent years, Satellite RS has been used for estimating LAI and biomass [1].
However, for field-scale crop study of LAI and biomass estimations RS from unmanned aerial vehicles
(UAVs) is more suitable [2–11] and biomass [12–14] for precision crop management. UAV RS data provides
high-resolution spatial, spectral, and temporal data at a relatively low cost [12].

Leaves play a crucial role in crops, impacting photosynthesis, growth, and yield. LAI, defined as the
ratio of one-sided leaf area to the ground area, is an important agroecological factor and serves as a
measure of crop growth. LAI helps the quantification of sunlight interception by plants, directly affecting
photosynthesis and evapotranspiration, thus serving as a fundamental indicator of crop growth [8]. It holds
significance in influencing crop production and assessing crop growth status [2]. Furthermore, LAI proves
valuable in detecting prolonged water stress, estimating biomass, and identifying crop growth stages [10].
Crop biomass is another important agroecological factor also which is defined as the total amount of
organic matter produced by a crop during its growth cycle, encompassing all plant materials, including
stems, leaves, roots, and any harvested portions like grains or fruits, to indicate crop growth status and
physiological conditions [12]. It is used to assess crop health status, nutrient supply and necessity of
agricultural management practices [14].

Various crops exhibit distinct patterns in the relationships among LAI, biomass, and Vegetation Indices
(VIs). For instance, rice demonstrated a less significant correlation between LAI and VIs throughout its
growth stages due to differing canopy spectra and structure [2]. In contrast, peanut LAI displayed a strong
correlation with VIs derived from UAVs [3]. Sunflower LAI exhibited a notable correlation with UAV-
derived NDVI (Normalized Difference Vegetation Index) [4]. Additionally, UAV-captured RGB images
proved effective in estimating LAI for winter wheat [5]. Maize LAI estimation utilized multimodal data
derived from UAVs [7]. Cumulative VIs demonstrated enhanced performance in corn LAI estimation [11].
Furthermore, crop biomass was estimated using VIs derived from UAVs. For instance, soybean biomass
was estimated using VIs within a weighted canopy volume model, considered simple yet effective [12]. Rice
biomass was also measured using UAV-derived VIs at various growth stages [13]. A combination of VIs and
plant height was employed to estimate barley biomass [14]. Alternative satellite sensors, such as RapidEye
multispectral data, were also utilized for estimating LAI and biomass in soybean and corn [11].

For crop growth and yield monitoring, there are several VIs derived from UAV or satellite-captured
multispectral data. For instance, 14 VIs were applied to soybean yield estimation studies, which showed a
reliable estimation ability [15]. Also, an overview of 20 VIs based on the visible near-infrared spectrum was
reported and extensively used for monitoring vegetation conditions, such as health, growth levels, produc-
tivity, water and nutrients stress [16]. Moreover, canopy reflectance could differ between crops of different
canopy structures even when they have the same canopy chlorophyll content [17]. Therefore, accuracy in
measuring LAI is an important factor in indirect methods. Recently, UAV derived 3D-point cloud-based
method applied for LAI mapping, which will reduce the necessity of ground-based measurement [18].

Estimation of biomass from VIs also varied based on sensors. In a study, satellite imagery-derived VIs
were used to estimate wheat yield and biomass [19]. Based on the crop types the VIs also showed different
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patterns of biomass estimation. For pasture biomass estimation, Atmospherically Resistant Vegetation Index
(ARVI) showed most reliability [20]. Biomass estimation on rangeland showed that grazed sites were
correlated to VIs, but ungrazed sites had no significant relation [21]. For barley biomass, the combination of
plant height with VIs showed good correlation [22]. In pasture biomass estimation, Modified Normalized
Difference Vegetation Index (MNDVI), Simple Ratio (SR) and Transformed Vegetation Index (TVI) were
used and compared with NDVI [23].

Machine learning (ML) algorithms played a pivotal role in estimating crop LAI and biomass. For
instance, the optimal regression method was used to forecast peanut LAI [3], and a regression-based
approach was employed to determine sunflower LAI using UAV-derived NDVI [4]. Univariate and multivari-
ate regression models were applied to ascertain LAI in winter wheat along with deep neural networks [4–7].
The regression models for LAI estimation using Cubist and Random Forests (RF) methods with VIs derived
from Landsat 8 imagery were proposed [24], and the XGBoost modeling method, combined with competitive
adaptive reweighed sampling and successive projections (CARS-SPA) algorithm, demonstrated efficiency
in winter wheat LAI estimation [25]. Feature selection and three ML algorithms—RF, backpropagation
neural network (BPNN), and K-nearest neighbor (KNN) were also utilized for LAI estimation [26].
Linear regression (LR), BPNN, and RF were applied to digital images from UAV platforms equipped with
complementary metal-oxide-semiconductor (CMOS) image sensors for maize LAI estimation [8]. Simple
LR, Multiple Linear Regression (MLR), RF, XGBoost, Support Vector Machine (SVM), and BPNN were
employed for soybean LAI measurement from hyperspectral, multispectral and LiDAR data acquired on
UAVs [27]. WorldView-2 satellite imagery proved effective for estimating LAI of grasslands and forests using
ML models such as BPNN, RF, and SVM [28]. Deep learning (DL) fused with RGB images was used to
estimate rice LAI [6], and Landsat satellite imagery with 30 m resolution was applied for LAI estimation [29].
These ML models were also utilized for crop biomass estimation. For seasonal corn biomass estimation, RF,
SVM, artificial neural network (ANN), and XGBoost showed efficiency [30]. Automated machine learning
(AutoML) technology was applied for crop biomass estimation [31], and RF, SVR, ANN, and partial least
squares (PLS) were utilized for oats [32] and maize [33] biomass estimations. Canola, corn, and soybean
biomass were monitored using SVR and ANN models [34]. Additionally, biomass estimation for other crops
such as rice [35], wheat [36], and potato [37] was conducted using ML models. ML is part of artificial
intelligence, which is capable of modeling the process without the need to assume the form of the model to
“outperform” regular statistical approaches. However, it is noted that the statistical regression approaches still
work well in some cases, instead of using ML approaches with computing complexity. An example is shown
in the work of Lao et al. [38] in which the retrieval of chlorophyll content for vegetation communities under
different inundation frequencies performed well using simple linear regression and partial least squares based
on the VIs extracted from UAV images and field canopy chlorophyll, leaf chlorophyll and LAI measurements.

Soybeans are a leguminous crop that has a growth cycle of 120 to 150 days. The growth stages are classified
into vegetative and reproductive. Therefore, we explored some previously reported VIs to study soybean
biophysical parameters. We have closely monitored the reproductive stages to measure soybean LAI and
biomass condition from RS method. In this study, we adopted widely used ML approaches, i.e., LR, RF, and
SVM. These methods were easily applicable and reliable. This study will help to identify and summarize the
useful VIs to estimate soybean LAI and biomass in reproductive phases. This study will add information for
agricultural crop management through RS to benefit the national economy from agricultural production.
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2 Experimental Design and Methodology

2.1 Study Site
The study site was located near Pontotoc, MS, USA in the farm of the Pontotoc Ridge-Flatwoods Branch

Experiment Station (34.2478831○N, 88.998673○W) of Mississippi Agricultural and Forestry Experiment
Station (MAFES) (Fig. 1). It is situated in the humid subtropical climate zone. The temperature ranges
between 30–35○C during day and 20–23○C at night during the summer period. The monthly average
precipitation often ranges from about 4 to 5 inches (approximately 100 to 130 mm) in the summer.

Figure 1: The soybean experiment field in the study site

2.2 Field Experiment and Data Collection
The experiment was conducted in the 2022 soybean growth season (April–September). We monitored

soybean biophysical parameters, including LAI and biomass, focusing on the reproductive stages.
The experiment was designed to include five cover crops (CR: Cereal Rye, Vt: Vetch, Wh: Wheat,

MC: Mustard plus Cereal Rye, and NV: native vegetation) planted in the fall of 2021 and three fertilizer
treatments (SF: Synthetic Fertilizer, Pt: Poultry Litter, and No: None) applied before planting the soybean
in a full factorial combination. The cover crops were planted to main plots and terminated two weeks
before planting soybean in the spring of 2022. This experiment followed a randomized block design, which
is shown in Table 1. The size of each plot was 6.1 m by 9.1 m. The synthetic fertilizer treatments were
recommended based on standard soil test: 125 kg ha−1 (kilogram per hectare) of Phosphorous (P), 45 kg ha−1

of K (Potassium), 22.4 kg ha−1 of S (Sulphur), and 4.5 kg ha−1 of Zn (Zinc). Poultry litter (PL) at 4500 kg
ha−1 was used as a substitute for synthetic fertilizers. The soybean was not irrigated. Table 2 shows the critical
reproductive stages with biophysical parameters examined with UAV imaging.



Phyton-Int J Exp Bot. 2025;94(9) 2749

Table 1: Design of the experiment

N

CR
SF SF No SF
No PT SF No
PT No PT PT

Vt
No PT No PT
SF No PT No
PT SF SF SF

Wh
PT No No SF
SF PT PT PT
No SF SF No

MC
No PT No No
PT No SF PT
SF SF PT SF

NV
SF No PT SF
PT PT No No
No SF SF PT

Table 2: UAV flyovers relative to soybean growth stages for field imaging and field data collection

Date of UAV imaging
flyovers

Growth stage description LAI data availability Biomass data availability

21 July 2022 R3: Initial pod develops yes yes
16 August 2022 R5: Initial seed develops yes yes
31 August 2022 R6: Full seed develops yes yes

13 September 2022 R7: Initial seed maturity yes no

2.3 UAV Imaging
UAV imaging data were collected with five flyovers at different reproductive stages of soybean growth

(Fig. 2). The UAV images were acquired using a DJI Phantom 4 quadcopter with a built-in multispectral
camera (DJI, Shenzhen, China). On the UAV, the camera was mounted on a gimble with a −90○ to +30○
tilt controllable range, with six 1/2.9′′ 2.08 MP CMOS sensors with a 1600 × 1300 image size and 62.7○ field
of view. The sensors included one broadband RGB sensor for visible light imaging and five multispectral
narrowband monochrome sensors for blue band (B)—450 nm ± 16 nm, green band (G)—560 nm ± 16 nm,
red band (R)—650 nm ± 16 nm, red edge band (RE)—730 nm ± 16 nm, and near-infrared band (NIR)—
840 nm ± 26 nm). Image radiometric calibration was conducted for converting the images from digital
counts to percent reflectance by imaging a calibrated panel with nominal reflectance prior to and after each
flight. The camera operation was synchronized for global positioning coordinates with the global navigation
satellite system (GNSS; GPS + GLONASS + Galileo) built-in on the UAV. The UAV flights were conducted
between 10:30 a.m. and 12:00 p.m. to avoid cloud shadows, as weather permitted in clear days, with a
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flight altitude of 50 m above the canopy surface to acquire high-resolution (~4 cm/pixel) images along the
progress of the soybean’s growth. The flight altitude was consistent at 30 m and 80% frontal overlap and 70%
side overlap were set for consecutive imaging. Flight routes were preset using the mission planning tool of
Pix4DCapture software (Pix4D, Lausanne, Switzerland). After flight, the images were downloaded to the
computer to conduct the pre-processing of the multispectral images using Pix4Dmapper (Pix4D, Lausanne,
Switzerland) for orthomosaiking with radiometric and geometric calibrations.

Figure 2: (a) Experimental plot boundary, and the UAV-derived RGB images of the soybean field plot at different
reproductive stages, (b) R3: initial pod develops, (c) R4: full pod develops, (d) R5: initial seed develops, (e) R6: full seed
develops, and (f) R7: initial maturity

2.4 Vegetation Indices and Biophysical Parameters
In this study, we made fourteen VIs from collected UAV multispectral images, followed by Shammi

et al. [15]. These VIs include canopy cover (CC), normalized difference vegetation index (NDVI), green nor-
malized difference vegetation index (GNDVI), enhanced vegetation index 2 (EVI2), normalized difference
red edge index (NDRE), atmospherically resistant vegetation index (ARVI), canopy chlorophyl content index
(CCCI), green red ratio vegetation index (GRRI), chlorophyll absorption ratio index (CARI), normalized
area vegetation index (NAVI), simplified canopy chlorophyll content index (SCCCI), chlorophyll index
red edge (CIRE), chlorophyll vegetation index (CVI), and green chlorophyll vegetation index (GCVI). The
mathematical equations of these VIs are included in Table 3.

A Python program was developed with the function to segment vegetation from background for each
experimental plot confined by the polygon in the ArcGIS shapefile through thresholding of NDVI values
formed by the extracted multispectral band data from the images.
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Table 3: Equations for calculating VIs based on Red, Red Edge, and NIR bands extracted from UAV-captured
multispectral images

Vegetation index Equation

Canopy cover (CC) No. of vegetative pixels/No. of total pixels

Normalized difference vegetation index (NDVI) NIR − RED
NIR + RED

Green normalized difference vegetation index (GNDVI) NIR −GREEN
NIR +GREEN

Enhanced vegetation index 2 (EVI2) 2.5 (NIR − RED)
NIR + 2.4 RED + 1

Normalized difference red edge index (NDRE) NIR − RED EDGE
NIR + RED EDGE

Atmospherically resistant vegetation index (ARVI) GREEN − RED
GREEN + RED − BLUE

Canopy chlorophyl content index (CCCI) NDRE − NDREMIN

NDREmax − NDREMIN

Green red ratio vegetation index (GRRI) GREEN
RED

Chlorophyll absorption ratio index (CARI) RED EDGE
RED

Normalized area vegetation index (NAVI) NIR − RED
NIR

Simplified canopy chlorophyll content index (SCCCI) NDV I
NDRE

Chlorophyll index red edge (CIRE) NIR
RED EDGE

− 1

Chlorophyll vegetation index (CVI) NIR × RED
GREEN2

Green chlorophyll vegetation index (GCVI) NIR
GREEN

− 1

Soybean LAI and biomass were measured in the field at different reproductive growth stages (Table 2).
The LAI-2200 plant canopy analyzer (LI-COR Environmental. Lincoln, NE, USA) was used to measure LAI
at each plot. This device is a passive sensor used to compute LAI among variety of other canopy structure
attributes from radiation measurements above and below canopy. It integrates a fish-eye optical sensor with
five silicon detectors arranged in circular rings that sample radiation above and below the canopy at five
zenith angles simultaneously. The biomass was determined by the dry weight of five plants collected from
each plot dehydrated by an oven to evaporate all moisture from the plants. LAI was measured at R3, R5, R6,
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and R7 stages and biomass was measured at R3, R5, and R6 stages as shown in Table 2. No other LAI and
biomass data were collected due to labor and cost limitations.

2.5 Data Modeling and Evaluation
2.5.1 ML Models

Three commonly used models including linear regression (LR) [4,5,27,28], support vector machine
(SVM) [29,32,34,35], and random forest (RF) [24,26–29,32,34,35] were applied for machine learning in this
study to evaluate soybean LAI and biomass estimations at the field scale.

LR defines the linear relationship between dependent (responsive) and independent (casual) vari-
ables [8]. After testing the data normality using residual analysis, the linear regression method estimates the
slope and the intercept of a linear equation to fit the data. SVM enables an optimal hyperplane to minimize
the difference between estimated and observed values. It is formed based on structural risk minimization
principle and statistical modeling [32]. The Gaussian kernel has been used to map the raw input data to high-
dimensional data space. RF is an ensemble machine learning model where many decision trees (DTs) are
developed and integrated for accurate classification or estimation results [8]. In this study, we have built 50
independent trees and combined them in a Bagging manner.

The performance of these models, Eqs. (1) and (2) below, is measured by the coefficient of determination
(R2) and the Root Mean Square Error (RMSE):

R2 = 1 − SSE
SST

= 1 − ∑(y − ŷ)2

∑(y − y)2 (1)

RMSE =
√
∑n

i=1( ŷi − yi)2

n
(2)

where ŷ is the estimated parameter value, y is the measured parameter value, y is the average parameter
value, n is the number of samples, SSE is the sum square error, SST is the total sum square. Both evaluation
metrics are widely used in regression analysis to measure model performance. R2, or known as the coefficient
of determination, indicates the proportion of variance in the dependent variable explained by the model,
ranging from 0 to 1. RMSE measures the average magnitude of errors between predicted and actual values,
with lower values indicating better fit. While both indicate how well a model fits the data, R2 focuses on
explained variance, while RMSE focuses on prediction accuracy of all regression models for LAI and Biomass
estimation in this study.

2.5.2 Leave-One-Out Cross Validation
We used a leave-one-out cross-validation (LOO-CV) method to evaluate the performance of the

three regression models: linear regression, SVM regression, and random forest regression. LOO-CV has
the advantage of using every data point for both training and testing, making the most out of limited
datasets [39]. Unlike methods such as k-fold (k > 1) cross-validation [40], where the data is divided into larger
subsets, LOO-CV ensures that every sample is tested exactly once. This makes the evaluation highly accurate
and less biased, particularly useful for small datasets where data scarcity is an issue. Specifically, for a dataset
with n samples, LOO-CV trains a model on (n− 1) samples and then tests the trained model on the remaining
single sample. This process is repeated n times, with each sample serving as the test point once. The final
performance metric is obtained by averaging the errors across all test cases. This LOO-CV method ensures
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a robust estimate of model performance by maximizing the use of available data while avoiding overfitting,
as each sample is both a training and test case at different points in the process [41].

We had a limited number of samples in about 60 experimental plots with multiple days of image
acquisitions with UAV flyover imaging. So, we used one-leave out cross validation, i.e., the training data will
include some samples from the same plot as the test sample, to deal with the limited samples.

3 Results

3.1 Data Exploration and Analysis
3.1.1 LAI and Biomass Estimations

We have explored the ranges of LAI (m2/m2) (Fig. 3a). The range in R3, R5, R6, and R7 stages
are 0.5–3.1 (m2/m2), 0.1–4.9 (m2/m2), 1–4 (m2/m2), and 0.8–3.2 (m2/m2), respectively. The maximum LAI
observed in R5 stage and the minimum in R7 stage.

Figure 3: (a) Ranges of LAI at different reproductive stages, i.e., R3, R5, R6, and R7; (b) Ranges of biomass at different
reproductive stages, i.e., R3, R5, and R6

The biomass is observed and plotted in Fig. 3b. The ranges of biomass in R3, R5, and R6 stages are about
5–65 (g/weight of 5 plants), 50–175 (g/weight of 5 plants), and 10–110 (g/weight of 5 plants), respectively. The
maximum biomass is observed in R5 stage and minimum in R3 stage.
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3.1.2 VIs
We have plotted the normalized values of VIs at different reproductive stages, i.e., R3 (Fig. 4a), R5

(Fig. 4b), R6 (Fig. 4c), and R7 (Fig. 4d), respectively. Here, we observe the median values and extent of VIs
at the different soybean growth stages.

Figure 4: Normalized values of VIs at different reproductive stages, i.e., (a) R3, (b) R5, (c) R6, and (d) R7

3.2 LAI Estimation ML Modeling
According to the ML modeling of LAI, different VIs showed different levels of R2 and RMSE at different

reproductive stages. This pattern is plotted in Fig. 5a,b. In R3 stage, CC, NDVI, EVI2, ARVI, GRRI, CARI,
NAVI, SCCCI, CIRE showed better estimation ability in all ML models which had R2 about 0.6–0.8 and
the RMSE found within 0.2–0.4 (m2/m2). In R5 stage, CC, NDVI, ARVI, GRRI, CARI, NAVI showed about
0.4–0.6 reliability, and RMSE between 0.6 to 0.8 (m2/m2).

Figure 5: (Continued)
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Figure 5: R2 values and RMSE values for R3 stage in (a,b), R5 in (c,d), R6 in (e,f), and R7 in (g,h), respectively, from
LAI estimation modeling

In R6 stage, CC, NDVI, EVI2, ARVI, GRRI, CARI, NAVI, CIRE showed better estimation ability where
R2 is around 0.8 or above and RMSE is within a range of 0.3 to 0.4 (m2/m2). The R7 stage, EVI2, ARVI, GRRI,
CARI, and GCVI showed about R2 at 0.6–0.75 for estimation ability.

Among the ML models showed consistency in forecasting LAI. Besides, some VIs, i.e., NDRE, CCCI,
SCCCI, CVI showed lowest reliability in estimating LAI. Therefore, we also modelled the total reproductive
stages using ML models. The results are mentioned in Appendix A Table A1. We found the best estimation
ability in RF models with an R2 of 0.5–0.68 and RMSE of 0.52–0.60 (m2/m2). However, the LR and SVR
model showed about similar R2 (0.42–0.48) from CC, and NDVI indexes. Overall, the similarity of estimation
results observed in both LR and SVR models and best estimation in RF models.
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3.3 Biomass Estimation ML Modeling
From ML modeling of crop biomass, the values of R2 and RMSE at different reproductive stages are

shown in Fig. 6.

Figure 6: R2 values and RMSE values for R3 stage in (a,b), R5 in (c,d), and R6 in (e,f), respectively, from biomass
estimation modeling

At R3 stage, CC, EVI2, ARVI, GRRI, CARI, and SCCCI showed better estimation ability in all ML
models, which had an R2 of about 0.6–0.7 and an RMSE found within 6–8 (g/weight of 5 plants). The RF
model showed better estimation ability.

At R5 stage, EVI2, ARVI, GRRI, CARI, NAVI, CIRE, and GCVI showed an R2 of about 0.5–0.6 for
estimation, and an RMSE within the range of 10 to 15 (g/weight of 5 plants). At R6 stage, CC, EVI2, ARVI,
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GRRI, CARI, NAVI, CIRE and GCVI showed an R2 between 0.4 to 0.5 for estimation ability where RMSE is
within a range of 12 to 15 (g/weight of 5 plants).

Among the ML models showed consistency in forecasting crop biomass. Also, some VIs, i.e., NDRE,
CCCI, and CVI showed lowest reliability in estimating crop biomass. Besides the total reproductive stages
modeled by ML models mentioned in Appendix A Table A2. In the LR models, we found that GNDVI, EVI2,
NDRE, CIRE, and CVI showed an R2 between 0.20 to 0.27 for estimation whereas in SVR models, EVI2,
NDRE, CIRE, CVI, and GCVI showed an R2 of about 0.18–0.22 for estimation. However, the RF models
showed an R2 of about 0.44–0.63 for estimation with an RMSE of 20–26 (g/weight of 5 plants). It is considered
that RF model estimates crop biomass better than other models.

3.4 Cross-Validated LAI Estimation Modeling
From the cross-validated LAI estimation model by using the fourteen VIs, the levels of R2 and RMSE at

different reproductive stages are shown in Fig. 7a,b.

Figure 7: (Continued)
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Figure 7: R2 values and RMSE values for R3 stage in (a,b), R5 in (c,d), R6 in (e,f), and R7 in (g,h), respectively, from
LAI cross validated estimation modeling

In R3 stage, CC, NDVI, and EVI2 showed better estimation ability in all ML models, which had an R2 of
about 0.6–0.8 and the RMSE was found within 0.2–0.4 (m2/m2). In R5 stage, all VIs, showed an R2 of about
0.4–0.6, and RMSE between 0.6 to 0.8 (m2/m2). In R6 stage, CC, NDVI, GNDVI, EVI2, ARVI, GRRI, CARI,
NAVI, and CIRE showed an R2 of about 0.7–0.8 estimation ability where RMSE is within a range of 0.4–0.5
(m2/m2). The R7 stage, CC, NDVI, ARVI, GRRI, CARI, and NAVI showed an R2 of about 0.55–0.65 with an
RMSE of 0.4–0.6 (m2/m2). Overall, R6 stage showed the best time for LAI estimation from VIs.

Besides, the modeling of the total reproductive stages of LAI is mentioned in Appendix A Table A3. We
found the estimation ability in RF models with an R2 of 0.25–0.44 and RMSE of 0.65–0.85 (m2/m2). The
SVR model showed an R2 of about 0.23–0.47 from CC, NDVI, GNDVI, EVI2 indexes, whereas the RMSE
are within the range of 0.6–0.8 (m2/m2). Similar results were observed in LR cross-validated models.

3.5 Cross-Validated Biomass Estimation Modeling
From cross-validated ML modeling of crop biomass, the values of R2 and RMSE at different reproductive

stages are shown in Fig. 8a,b. In R3 stage, CC, NDVI, GNDVI, EVI2, ARVI, GRRI, SCCCI and CIRE showed
better estimation ability in all ML models, which had an R2 of about 0.35–0.60 and the RMSE was found
within 7–8 (g/weight of 5 plants). However, both in R5 and R6 stages, all models showed R2 of about 0.3–0.4
and RMSE of about 15–18 (g/weight of 5 plants).
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Figure 8: R2 values and RMSE values for R3 stage in (a,b), R5 in (c,d), and R6 (e,f), respectively, from biomass cross
validated estimation modeling

In addition, the total reproductive stages cross-validated modeling result is mentioned
in Appendix A Table A4. We found the best estimation ability in cross-validated RF models, which had
R2 about 0.1–0.31 and RMSE of 28–35 (g/weight of 5 plants). Similar results were observed in LR and SVR
cross-validated models.

In LR models, we found that GNDVI, EVI2, NDRE, CVI and GCVI showed 0.20 to 0.25 estimation
ability y whereas in SVR models, GNDVI, EVI2, NDRE, ARVI, CVI, and GCVI showed R2 about 0.14–0.21
estimation ability. Both models showed an RMSE range of about 31–35 (g/weight of 5 plants).
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4 Discussion
With the development of modern agricultural systems, UAVs are widely applied in precision agriculture

to monitor crop growth, bio-physical conditions, and yield. Soybean is a major crop in the United States and
significantly contributes to the overall agricultural productivity. Application of UAV technology in soybean
cultivation and management may reduce cost and labor and thereby contribute to the national economy.

It is reported that RS-based LAI estimation produces high errors during the crop reproductive stage
due to canopy closure [10]. In this study, we precisely monitored soybean reproductive phases by estimating
LAI and biomass. We developed ML approaches (i.e., LR, RF, SVR) to model LAI and biomass with VIs
from UAV multispectral RS. Some researchers recommended that NDVI made LR model best suitable for
LAI estimation [9]. We also found RF model is best suitable for LAI and biomass estimations compared to
the LR and SVR models. LAI and biomass are complex, non-linear functions of spectral data, i.e., VIs. RF
model can handle this complex non-linear relationship. It is an ensemble of decision trees, each trained on
a random subset of data and features. This reduces variance and overfitting, leading to robust and accurate
predictions, especially with noisy remote sensing data. RF model can work effectively without needing to
eliminate correlated features or reduce dimensionality. RF can perform reasonably well even with small
training datasets, unlike deep learning models. We also studied the changes of LAI and biomass during the
growth season and reported the best phases to estimate these parameters from ML approaches.

Only a few studies monitored soybean growth phases by estimating plant biophysical parame-
ters [9,42,43]. In this study, we have explored 14 VIs to determine the potential VIs for better growth estimates
from the ML models. Some VIs, i.e., CC, NDVI, EVI2, ARVI, GRRI are mentionable for estimating these
parameters for this studied crop. Others reported that NDVI and GNDVI are insensitive to crop type for
LAI and biomass estimation [11].

We report that, for soybean crops, LAI is best estimated at R6 stage, whereas biomass is best estimated at
R3 stage. Previous studies showed LAI was better estimatable at seed-filling (R5–R6) than at pod developing
stage (R3–R4) [9]. In this study, we analyzed the sensitivity at each of the stages of LAI and Biomass, which
is plotted in Figs. 6 and 7. We used R-2 (R-square) value to represent sensitivity. However, the cause of this
different sensitivity could be because differences in spectral reflectance due to factors such as leaf chlorophyll
content, leaf water content, and surface roughness can affect index values at different stages. Besides, Changes
in the spectral properties due to senescence, disease, or stress can alter the relationship between the indices
and actual LAI or biomass. The other factors could be canopying structure differences which include leaf
angle distribution, canopy height, and density, influences how light interacts with vegetation. Different
canopy structures can lead to variations in index values even if LAI or biomass remains constant. The other
factors, like background impacts, the sensor types, and the climatic factors could also be responsible for this
sensitivity difference.

One of the major impacts of this VI sensitivity variation can lead to reduced precision in LAI
and biomass estimations, as changes in index values may not directly correlate with changes in these
parameters. This also causes variability in estimations over time and space, complicating efforts to monitor
and compare vegetation health and productivity across regions or seasons. High sensitivity to soil reflectance
or atmospheric conditions can also lead to misinterpretation of vegetative index data, resulting in inaccurate
assessments of plant health and productivity. Besides errors in the models used to predict LAI and biomass
from vegetative indices can arise due to unaccounted variability, impacting the reliability of these predictions.

To mitigate VI sensitivity impacts, it is essential to develop more robust models that account for these
sensitivities, use multi-spectral and hyperspectral data to improve accuracy, and employ advanced machine
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learning techniques to better understand and predict vegetation characteristics. Additionally, field validation
and calibration remain crucial for ensuring the reliability of remote sensing-based estimations.

Overall, the results of this study will be helpful for monitoring soybean growth at reproductive phases
which is a critical period for getting the most production. This research will aid the necessary information
to national crop management.

5 Conclusion
This study monitored soybean reproductive phases using UAV-derived VIs to estimate LAI and biomass.

These are major biophysical parameters for determining soybean growth conditions and productivity. We
found the R6 stage is the best period for soybean LAI estimation, and the R3 stage for biomass estimation.
The RF model outdated the LR and SVR model performance for the estimation of LAI and crop biomass.
The leave-one-out cross-validation also strengthened the results. The use of VI index for estimating LAI and
Biomass will reduce crop destruction and enhance production. The results of this study will be helpful for
the proper management of soybean crops and production in farm fields, promoting improved agricultural
crop management nationwide.
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Appendix A

Table A1: Overall LAI modeling result from ML models

VI LR model RF model SVR model

R2 RMSE R2 RMSE R2 RMSE
(m2/m2) (m2/m2) (m2/m2)

CC 0.482 0.671 0.685 0.523 0.48 0.672
NDVI 0.428 0.705 0.646 0.555 0.426 0.706

GNDVI 0.304 0.778 0.593 0.594 0.301 0.779
EVI2 0.248 0.808 0.6 0.589 0.246 0.809

NDRE 0.199 0.834 0.599 0.59 0.194 0.837
ARVI 0.171 0.848 0.596 0.592 0.166 0.851
CCCI 0.158 0.855 0.581 0.603 0.152 0.858
GRRI 0.17 0.849 0.577 0.606 0.165 0.852
CARI 0.172 0.848 0.581 0.603 0.167 0.851
NAVI 0.192 0.838 0.584 0.601 0.186 0.841

SCCCI 0.175 0.847 0.579 0.604 0.169 0.849
CIRE 0.162 0.853 0.596 0.592 0.155 0.857
CVI 0.152 0.858 0.59 0.597 0.145 0.861

GCVI 0.143 0.863 0.582 0.602 0.135 0.867

Table A2: Overall Biomass modelling result from ML models

VI LR model RF model SVR model

R2 RMSE R2 RMSE R2 RMSE
(g/weight of 5 plants) (g/weight of 5 plants) (g/weight of 5 plants)

CC 0.146 32.244 0.44 26.106 0.019 34.554
NDVI 0.155 32.063 0.518 24.211 0.052 33.962

GNDVI 0.227 30.685 0.556 23.257 0.147 32.215
EVI2 0.253 30.158 0.594 22.243 0.191 31.378

NDRE 0.267 29.868 0.641 20.899 0.216 30.895
ARVI 0.227 30.674 0.6 22.073 0.181 31.569
CCCI 0.195 31.31 0.567 22.955 0.141 32.334
GRRI 0.181 31.584 0.554 23.308 0.133 32.483
CARI 0.178 31.641 0.578 22.672 0.128 32.577
NAVI 0.177 31.656 0.579 22.639 0.125 32.638

SCCCI 0.183 31.531 0.602 22.018 0.134 32.464
CIRE 0.209 31.034 0.624 21.406 0.163 31.925
CVI 0.232 30.574 0.63 21.217 0.189 31.418

GCVI 0.238 30.459 0.63 21.225 0.194 31.318
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Table A3: Overall cross validated LAI estimation model result from ML models

VI LR model RF model SVR model

R2 RMSE R2 RMSE R2 RMSE
(m2/m2) (m2/m2) (m2/m2)

CC 0.474 0.676 0.438 0.699 0.47 0.678
NDVI 0.42 0.71 0.354 0.749 0.413 0.714

GNDVI 0.294 0.783 0.249 0.807 0.29 0.785
EVI2 0.238 0.814 0.256 0.804 0.23 0.817

NDRE 0.187 0.84 0.253 0.805 0.179 0.844
ARVI 0.159 0.855 0.243 0.811 0.149 0.86
CCCI 0.145 0.861 0.215 0.825 0.132 0.868
GRRI 0.158 0.855 0.209 0.829 0.145 0.861
CARI 0.16 0.854 0.215 0.826 0.145 0.861
NAVI 0.18 0.844 0.22 0.823 0.165 0.851

SCCCI 0.163 0.853 0.213 0.827 0.149 0.859
CIRE 0.15 0.859 0.244 0.81 0.136 0.866
CVI 0.14 0.864 0.233 0.816 0.128 0.87

GCVI 0.131 0.869 0.219 0.824 0.117 0.876

Table A4: Overall cross validated biomass estimation model result from ML models

VI LR model RF model SVR model

R2 RMSE R2 RMSE R2 RMSE
(g/weight of 5 plants) (g/weight of 5 plants) (g/weight of 5 plants)

CC 0.126 32.61 −0.033 35.458 −0.002 34.925
NDVI 0.137 32.417 0.104 33.031 0.044 34.105

GNDVI 0.209 31.021 0.176 31.664 0.14 32.36
EVI2 0.237 30.485 0.24 30.424 0.182 31.565

NDRE 0.251 30.191 0.33 28.552 0.205 31.11
ARVI 0.211 31 0.251 30.191 0.161 31.959
CCCI 0.177 31.649 0.194 31.323 0.12 32.738
GRRI 0.163 31.922 0.166 31.869 0.11 32.913
CARI 0.16 31.981 0.209 31.032 0.106 32.988
NAVI 0.159 31.995 0.212 30.971 0.103 33.035

SCCCI 0.166 31.87 0.256 30.089 0.109 32.932
CIRE 0.192 31.37 0.294 29.317 0.139 32.382
CVI 0.215 30.907 0.308 29.013 0.166 31.869

GCVI 0.221 30.791 0.309 29.009 0.172 31.745
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