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Abstract: The precise estimation of above-ground biomass (AGB) is imperative for the advancement
of breeding programs. Optical variables, such as vegetation indices (VI), have been extensively
employed in monitoring AGB. However, the limited robustness of inversion models remains a
significant impediment to the widespread application of UAV-based multispectral remote sensing in
AGB inversion. In this study, a novel stem–leaf separation strategy for AGB estimation is delineated.
Convolutional neural network (CNN) and transfer learning (TL) methodologies are integrated to
estimate leaf biomass (LGB) across multiple growth stages, followed by the development of an
allometric growth model for estimating stem biomass (SGB). To enhance the precision of LGB
inversion, the large-scale remote sensing data and image simulation framework over heterogeneous
scenes (LESS) model, which is a three-dimensional (3D) radiative transfer model (RTM), was utilized
to simulate a more extensive canopy spectral dataset, characterized by a broad distribution of canopy
spectra. The CNN model was pre-trained in order to gain prior knowledge, and this knowledge
was transferred to a re-trained model with a subset of field-observed samples. Finally, the allometric
growth model was utilized to estimate SGB across various growth stages. To further validate the
generalizability, transferability, and predictive capability of the proposed method, field samples from
2022 and 2023 were employed as target tasks. The results demonstrated that the 3D RTM + CNN +
TL method outperformed best in LGB estimation, achieving an R² of 0.73 and an RMSE of 72.5 g/m²
for the 2022 dataset, and an R² of 0.84 and an RMSE of 56.4 g/m² for the 2023 dataset. In contrast, the
PROSAIL method yielded an R² of 0.45 and an RMSE of 134.55 g/m² for the 2022 dataset, and an R² of
0.74 and an RMSE of 61.84 g/m² for the 2023 dataset. The accuracy of LGB inversion was poor when
using only field-measured samples to train a CNN model without simulated data, with R² values of
0.30 and 0.74. Overall, learning prior knowledge from the simulated dataset and transferring it to a
new model significantly enhanced LGB estimation accuracy and model generalization. Additionally,
the allometric growth model’s estimation of SGB resulted in an accuracy of 0.87 and 120.87 g/m² for
the 2022 dataset, and 0.74 and 86.87 g/m² for the 2023 dataset, exhibiting satisfactory results. Separate
estimation of both LGB and SGB based on stem and leaf separation strategies yielded promising
results. This method can be extended to the monitor and inversion of other critical variables.

Keywords: maize above-ground biomass; convolutional neural network; transfer learning; allometric
growth model; UAV multispectral
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1. Introduction

Maize is the main food crop in China, accounting for 23% of global annual produc-
tion [1,2]. Monitoring the growth status of maize is crucial for food production security [3,4].
Above-ground biomass (AGB) is a key parameter in yield estimation models [5] and serves
as an important ecological indicator in ecosystems, used to assess the efficiency of crops
in utilizing light and storing carbon [6]. Efficient and accurate monitoring of maize AGB
provides essential decision-making information for breeding and enhances crop yield.

Traditional biomass measurement methods rely primarily on destructive laboratory
measurements, which are inefficient and time-consuming [7,8]. These methods are not
suitable for application in the breeding field. Recently, UAV remote sensing has been widely
used to estimate AGB [9,10]. For example, the studies by [11] and [12] estimated AGB
for wheat and potato using UAV imaging. However, the accuracy of existing methods is
insufficient for the breeding field. In the early crop growth stage, leaf biomass constitutes
the main proportion of AGB. In the mid-to-late crop growth stage, stem biomass becomes
the predominant component [13]. Therefore, to achieve high-accuracy AGB estimation, it is
necessary to use a stem and leaf separation strategy for maize AGB estimation.

Most current research has focused on estimating AGB using UAV data, verifying the
potential of UAVs to estimate crop traits [12,14,15]. Many scholars estimate biomass by
screening the best band or VIs; these methods can be divided into the statistical regression
method [16,17] and the machine learning method [18,19]. The statistical regression method
aims to establish a relationship between the features extracted from UAV images and pheno-
typic traits. In contrast, machine learning models are suitable for dealing with the problem
of collinearity between independent variables and dependent variables. However, these
models often lack generalizability to other regions and years due to their high dependence
on field-measured data, which are influenced by meteorological conditions [20].

Deep learning exhibits superior generalization capabilities compared to traditional
machine learning. CNNs which are feedforward neural networks are widely used in
image recognition and regression prediction [21]. The basic structure of a CNN includes
the input layer, convolution layer, pooling layer, and fully connected layer. Regression
prediction with CNN models necessitates a substantial number of samples, which can be
prohibitively expensive to acquire under real-world conditions. RTMs can simulate canopy
reflectance based on biophysical variables determined by the geometry, physiological, and
biochemical characteristics of a crop [22,23]. Simulated data account for various observation
conditions and combinations of leaf optical properties. Incorporating prior knowledge
from extensive training datasets can mitigate uncertainties in the model. However, despite
the utility of simulated data, model robustness remains a significant bottleneck. When
observational conditions vary, most models require re-training from scratch with newly
collected data, a process that is both time-consuming and labor-intensive. Therefore,
TL emerges as a universal and efficacious modeling technique that reduces the need for
extensive field-training samples. By transferring the weights from a large pre-trained model
and fine-tuning it with a smaller dataset, TL enhances model robustness, accelerates the
modeling process, and improves overall performance [24,25].

Currently, developed RTMs mainly include 1D and 3D models. While 1D RTMs have
performed well in estimating LAI and chlorophyll [26], their accuracy depends on the
model’s ability to realistically simulate canopy reflectance under a fixed canopy structure
and optical properties [27]. The 1D RTM assumes that leaves are randomly distributed in
a horizontally homogeneous canopy, making it difficult to describe the spectral response
of structure changes [28]. To address this limitation, 3D RTMs such as LESS [29] and
DART [30] have been developed to accurately simulate remote sensing signals and provide
datasets for retrieving physiological and biochemical parameters. Although RTMs can
estimate physiological and biochemical variables, few studies have focused on maize LGB
estimation. Given that leaves are the main contributors to canopy reflectance, using spectra
to estimate leaf biomass is reasonable. However, detecting changes in stem biomass through
canopy reflectance alone is challenging. In this study, there was an obvious allometric
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growth relationship between the leaf biomass and stem biomass of maize. Estimating stem
ground biomass (SGB) via the allometric growth model represents a novel approach.

This study took maize as the research object and aimed to propose a stem–leaf separa-
tion strategy for AGB estimation based on UAV multispectral data. This research simulated
UAV multispectral data using the LESS model and gained knowledge from the simulated
dataset to apply it to a new CNN model for LGB estimation. An allometric model was
utilized to estimate SGB. The main objectives of this study are (1) to verify the accuracy
of the simulated dataset and select the appropriate VIs for CNN training; (2) to verify
the performance of 3D RTM, CNN, and TL models for estimating LGB compared to 1D
RTM; and (3) to evaluate the accuracy of stem biomass estimation using the stem and leaf
allometric growth model.

2. Materials and Methods
2.1. Experiment Site and Design

This study conducted three experiments at the National Precision Agriculture Research
Center (40.17◦ N, 116.43◦ E), Beijing, China, across different years. The first maize data-
collection campaign was conducted from July to September 2021, the second from June
to August 2022, and the third from June to August 2023, with field trials in both 2022 and
2023 (Figure 1). The experimental sites are characterized by a warm temperate continental
monsoon climate with abundant light and heat. The annual average temperature is about
13 ◦C, and the annual average precipitation is about 508 mm, mostly concentrated between
June to August.
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ducted with plant densities treatment in 2021; (c) experiment 2 was conducted with plant densities 
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Figure 1. Geographical location of the experimental sites and UAV digital images acquired in 2021,
2022 and 2023. Note: (a) the geographical location of all experiments; (b) experiment 1 was conducted
with plant densities treatment in 2021; (c) experiment 2 was conducted with plant densities treatment
in 2022; (d) experiment 2 was conducted with nitrogen gradient treatment in 2023; A1–A5, B4, B5,
C6, and C7 are Zhengdan 958, Jiyuan 1, Jiyuan 168, Jingjiuqingchu 16, Nongkenuo 336, Dajingjiu 26,
Jingnongke 728, Tianci 19, and Jingnuo 2008, respectively.

Five cultivars were planted in each of the experiments conducted in 2021 (Exp. 21),
2022 (Exp. 22), and 2023 (Exp. 23). The sowing dates for the maize were June 11, 2021,
May 20, 2022, and May 30, 2023, respectively. Exp. 21 and Exp. 22 included density
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treatment with plant densities of 90,000 plant/ha, 67,500 plant/ha, 60,000 plant/ha, and
33,000 plant/ha for Exp. 21, and 90,000 plant/ha, 67,500 plant/ha, 60,000 plant/ha, and
45,000 plant/ha for Exp. 22. Exp. 23 involved different nitrogen stress-gradient treatments:
0 kg/ha, 270 kg/ha, 540 kg/ha, and 810 kg/ha. Exp. 21 had 80 plots, each measuring
3.6 m in width and 2.5 m in length. Both the 2022 and 2023 filed experiments had 60 plots,
with plots measuring 3.6 m in width and 3.6 m in length. The maize inbred lines used
in this study represented various genotypes. Fertilization and irrigation were carried out
according to local practices.

2.2. Data Acquisition
2.2.1. Field Measurements

In this study, maize with different genotypes was used, resulting in variations in the
growth process among the cultivars. The maize growth stages were primarily defined
based on Zhengdan 958. Maize biomass was determined by separating the leaves and stem.
During each campaign, two maize plants were randomly selected from each plot, collected,
and taken to the laboratory. Each plant was divided into green leaves and stem, which were
then bagged and processed in an oven at 105 ◦C before being dried at 85 ◦C until reaching
a constant weight. These data were collected during each key growth period (Table 1). Leaf
ground biomass (LGB) and stem ground biomass (SGB) in each plot were calculated using
Equations (1) and (2). Leaf length and maximum leaf width were measured to construct 3D
models and leaf area index (LAI) was calculated using Equation (3).

LGB =
DW1 × N

Area × 1000
(1)

SGB =
DW2 × N

Area × 1000
(2)

where DW1 is the leaf dry matter content, g; DW2 is the stem dry matter content, g; N is the
number of maize plants in each plot; and Area is the covering area of each plot.

LAI =

(
n
∑

i=1
a × b × 0.75)× N

Area
(3)

where a is leaf length (m) and b is maximum width (m) of i-th leaf; n is the leaf number of
one plant; N is the plant number in each plot; and Area is the area of each plot.

Table 1. The dates of measurement and data collection by the UAV platform. Exp 21, Exp 22, and Exp
23 represent experiments conducted in 2021, 2022, and 2023, respectively. Maize ground biomass
was measured at key growth stages. Min, Mean, and Max represent the minimum, average, and
maximum values of maize biomass within an experiment at a specific stage, respectively. SD stands
for standard deviation.

Experiment Day after Sowing Growth Stage
AGB (g/m2)

Min Max Mean SD

Exp. 21 32 Jointing 56.67 299.00 150.20 54.52
Exp. 21 47 Trumpet 216.66 882.00 510.08 149.79
Exp. 21 59 Tasseling 300.00 1564.33 829.60 249.79
Exp. 22 28 Jointing 36.9 137.7 86.6 23.65
Exp. 22 44 Trumpet 214.5 716.0 440.9 104.38
Exp. 22 58 Tasseling 550 1844.2 973.5 250.03
Exp. 23 27 Jointing 33.1 105.9 71.1 16.58
Exp. 23 44 Trumpet 140.8 415.9 280.8 67.66
Exp. 23 63 Tasseling 399.6 1142.0 671.0 158.35
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We acquired maize 2D images using an RGB camera and extracted maize leaf angles
using ImageJ 1.53a software (https://imagej.nih.gov/ij/, accessed on 15 April 2023). ImageJ
is open-source image processing software that has angle measurement tools to extract an
angle based on three points. The measurement method cites the literature [31]. ImageJ can
determine an angle based on any three points. The measurement positions are shown in
Figure 2.
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Figure 2. The measurement position of the leaf angle. The red point is the center position of the leaf.

2.2.2. Multispectral Data Collection and Processing

The DJI Phantom 4 Multispectral, equipped with an integrated multispectral imaging
system consisting of six CMOS sensors and five bands (blue, green, red, near-infrared,
and red-edge), was employed to acquire data. To avoid shadow interference from direct
sunlight, data acquisition was performed between 10:00 and 14:00 on the specified dates
(Table 1). Before the drone took off, a radiation calibration board (MicaSense, Seattle, WA,
USA) was placed horizontally on the ground for multispectral data calibration. The DJI
GS Pro platform was used for precise location data acquisition and flight route planning.
During the drone flight, the forward and lateral overlaps were set to 80%, with a flight
altitude of 30 m and a speed of 2.1 m/s in Exp. 21, Exp. 22 and Exp. 23. Afterwards, the raw
images were processed in DJI Terra to generate orthoimages of the calibrated reflectance for
the study area. Finally, ENVI 5.6 software was used to delineate the minimum boundary
rectangle of the region of interest, and the average reflectance of each plot (600 plots in
total) was calculated for subsequent spectral analysis.

2.3. 3D RTM and 1D RTM Canopy Reflectance Simulations

In this study, we generated two distinct datasets for LGB estimation using RTMs,
specifically the LESS and PROSAIL models. First, we constructed 60 3D scenes, including
five varieties, four planting densities, and three growth stages. The structural differences
among the five varieties were obtained from measured data, generating 3D scenes with
different structural parameter combinations for canopy spectrum simulation. The method
for constructing the 3D scenes was based on the same author’s method described in the
literature [32]. The parameter range of the constructed 3D scene is shown in Table 2. The
total leaf area of the canopy 3D scenes was obtained, and trial investigations revealed a
high correlation between LGB and LAI, allowing LGB to be calculated for each 3D scene.
The LESS model can accurately simulate canopy reflectance for any soil reflectance and
leaf properties (mainly related to leaf biochemical contents) at a given canopy structure
and observational configuration. The PROSPECT-D model, a leaf bidirectional reflectance
model, was used within the LESS model to generate a large number of simulated spectra
by varying its parameters. The names and ranges of variables in the PROSPECT-D model
are shown in Table 3. The simulated data include five bands in the visible, red-edge, and

https://imagej.nih.gov/ij/
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near-infrared regions with central wavelengths of 450 nm, 560 nm, 650 nm, 730 nm, and
840 nm. The view zenith and azimuth angle were set to 0, and the sun zenith and azimuth
angle were set to 40, 50, and 60 degrees. We generated a total of 52,565 canopy spectra,
referred to as the LR Dataset.

Table 2. Parameters of 3D maize scene used in this study.

Variables Unit Min Typical Max

Plant distance m 0.18 0.28 0.36
Leaf area per plant m2 0.19 0.45 0.88

Base angle of largest leaf ◦ 10 23 50
Maximum plant height m 0.74 1.6 3.2

Maximum number of leaves per plant 6 10 16

Table 3. Distribution of input variables used to generate canopy reflectance with 3D RTM simulations.
VZA, VAA, SZA, and SAA correspond to view zenith angle, view azimuth angle, sun zenith angle,
and sun azimuth angle. N, Cab, Car, Cm, and Cw represent leaf structure index, leaf chlorophyll per
leaf area, leaf carotenoid per leaf area, leaf dry matter, and leaf equivalent water thickness.

Name Minimum Maximum Interval Mean Std

VZA 0 0 0
VAA 0 0 0
SZA 40, 50, 60
SAA 180, 200

N 1.5 1.5
Cab 20 90 5 60 30
Car 4 18 1 12 6
Cm 0.0025 0.009 0.0003 0.005 0.0016
Cw 0.015 0.027 0.003 0.021 0.004

PROSAIL simplifies the canopy scene into a turbid medium, i.e., homogeneous and
infinitely extending, and cannot extract organ components such as tassels and stems [27].
In this study, a total of 28,800 simulated data were generated using the PROSAIL model.
The wavelength range of the simulated dataset was 400 to 2500 nm. We selected five
wavelengths for constructing the dataset: 450 nm, 560 nm, 650 nm, 730 nm, and 840 nm.
The input parameters for the PROSAIL model are shown in Table 4.

Table 4. Distribution of input variables with PROSAIL simulations.

Name Minimum Maximum Interval Unit

Leaf structure index 1.5 1.5 ug/cm2

Chlorophyll a + b content 20 90 10 ug/cm2

Carotenoid content 4 18 1 ug/cm2

Dry matter content 0.0025 0.009 0.0003 ug/cm2

Equivalent water 0.015 0.027 0.003 ug/cm2

LAI 1 8 0.5 m2/m2

Brown pigments 0 ug/cm2

Soil coefficient 0 coefficient
Azimuth angle 90 Degrees

Solar zenith 40 50 10 Degrees
Observer zenith angle 0 Degrees

Average leaf inclination angle 30 50 10 Degrees

2.4. CNN Architecture and TL

This study utilized a CNN network architecture incorporating deep and shallow
features (Figure 3). This network fused multilayer features, learning complex and non-
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linear relationships within the data to enhance model inversion performance. The 1D CNN
architecture includes input, convolution, dropout, fully, and output layers. The first two
convolution layers consist of convolution, batch normalization, rectified linear units (ReLU
layer), and average pooling, while the last two convolution layers include convolution,
batch normalization, ReLU, and average pooling. The initial weights of the model were
set to zero and then updated using the Adam’s gradient descent algorithm. The name and
function of all dataset were shown in Table 5.
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Table 5. The name and explanation of two datasets. These datasets are used to train the CNN model,
and to compare the performance between the proposed method and other methods.

Dataset Explanation Function

LR dataset The data simulated from LESS model Used for pre-training CNN model
MR dataset The data obtained from 2021 Used for re-training CNN model
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TL, a widely adopted technique for deep neural networks, has found extensive ap-
plication in various remote sensing domains [33]. It facilitates the rapid application of
previously acquired knowledge to novel problems. TL utilizes knowledge learned from a
source domain and task as a starting point, reapplying it to the predictive functions of a
target task. This capability of cross-domain learning allows for the utilization of different
yet related tasks between the source and target. In this study, TL was used to leverage
knowledge from simulated datasets, reducing the need for field-observed training data. A
simulated dataset (LR dataset, n = 52565) generated from 3D RTM was used to pre-train the
model, while measured data from 2021 (MR dataset, n = 240) were employed to re-train the
CNN model. The prior knowledge obtained from the simulated dataset was subsequently
utilized to estimate the LGB for the years 2022 and 2023. The pre-trained and re-trained
models were trained for 500 and 300 epochs, respectively. Both models had a learning rate
of 0.001, with batch sizes of 32 and 16, respectively. The analyses were conducted using
Python version 3.7 and Torch version 1.7.1.

The experiments were conducted on a system with an Intel Core i7-9700K CPU @
3.60 GHz, 64 GB of RAM, and an NVIDIA GeForce RTX A4000 Ti GPU. The training
time for the pre-trained model on the simulated dataset was approximately 1 h, while the
re-training on the measured dataset took around 2 min. These configurations ensured
efficient processing and facilitated the application of deep learning techniques for accurate
LGB estimation.

2.5. Validate the Availability of the Simulated Dataset

The objective of this study was to pre-train a CNN model using a simulated dataset,
followed by fine-tuning a new CNN model with the MR dataset. Acquiring high-quality
prior knowledge from the pre-trained model is crucial for accurate LGB estimation, neces-
sitating the verification of the accuracy and stability of the simulated dataset. To achieve
this, we employed the following strategies to validate the accuracy and stability of the
simulated dataset. A well-performing simulated dataset should encompass a broad range
of conditions, including spectra from real-world measurements. When generating sim-
ulated canopy spectra with the LESS model, the three-dimensional scenarios included
maize at three different growth stages. First, we validated whether the simulated spectra
closely matched the spectra obtained from field measurements. Subsequently, we compared
the value distributions of VIs used to train the CNN model within the simulated dataset
to those of the measured VIs. This comparison is essential to ensure that the simulated
dataset has a sufficiently broad distribution, allowing for the acquisition of prior knowledge
applicable to transfer learning.

2.6. Stem and Leaf Separation Strategy for Maize Biomass Estimation
2.6.1. Leaf Biomass Estimation Method

This study employed the CNN combined with TL methodology to estimate leaf
biomass. VIs were utilized as characteristic variables, with those exhibiting a high corre-
lation with LGB in the simulation dataset selected for training the CNN model (Table 6).
To identify the most suitable VIs for LGB estimation, we ranked 20 VIs based on their
correlation coefficients. We then sequentially increased the number of features, observing
changes in model accuracy until stabilization was achieved. During the training of the
CNN model, 80% of the LR dataset was designated as the training set, while the remaining
20% was allocated for validation. For the re-training of the CNN model, 70% of the MR
dataset served as the training set, with 20% reserved for testing. This re-trained model was
then employed to estimate leaf biomass for the years 2022 and 2023.



Remote Sens. 2024, 16, 3000 9 of 20

Table 6. Spectral indices of multispectral image.

Spectral Indices Definition References

Modified Simple Ratio MSR = (Rnir − Rred − 1)/
(√

Rnir + Rred + 1
)

[34]
Difference Vegetation Index DVI = Rnir − Rred [35]

Modified Triangular Vegetation Index 2 MTVI2 =
1.5×[1.2×(Rnir−Rgreen)−2.5×(Rred−Rgreen)]√

(2×Rnir+1)2−(6×Rnir−5×
√

Rred)−0.5
[36]

INRE INRE = 100 × (Rnir − Rred) [37]
Enhanced Vegetation Index EVI = 2.5 × Rnir−Rred

(Rnir+6×Rred−7.5×Rblue+1)
[38]

SAVI SAVI = (Rnir−Rred)
(Rnir+Rred+0.5) × (1 + 0.5) [39]

Modified Soil Adjusted Vegetation Index MSAVI = (1 + 0.1)
(

Rnir−Rred
Rnir+Rred+0.1

)
[40]

Structure-Insensitive Pigment Index SIPI = (Rnir−Rblue)
(Rnir+Rred)

[41]

Normalized Difference Vegetation Index NDVI = (Rnir−Rred)
(Rnir+Rred)

[42]

Ratio Between NIR and Red Bands VIred = Rnir/Rred [43]

Modified Chlorophyll Absorption Reflectance Index MCARI =(
Rre − Rred − 0.2 ×

(
Rre − Rgreen

))
×

(
Rre
Rred

) [44]

Normalized Difference Red-Edge Index NDRE = Rnir−Rre
Rnir+Rre

[42]
Ratio Between NIR and Green Bands VIgreen = Rnir/Rgreen [43]

Normalized Difference Index NDI = (Rnir−Rre)
(Rnir+Rred)

[45]

Red-Edge Chlorophyll Index 2 CI2 = Rre
Rgreen

− 1 [46]
Ratio Between NIR and Red-Edge Bands VIre = Rnir/Rre [43]

Optimized SAVI OSAVI = (1 + 0.16)
(

Rnir−Rred
Rnir+Rred+0.16

)
[35]

Modified Chlorophyll Absorption Reflectance Index 2
MCARI2 =

1.5 × (2.5×(Rnir−Rrededge)−1.3×(Rnir−Rgreen))
(2×(Rnir+1)2−(6×Rnir−5×(R red)

2)−0.5)

[36]

Simplified Canopy Chlorophyll Content Index SCCCI = NDRE
NDVI [47]

Transformed Chlorophyll Absorption Reflectance Index TCARI =
3×

(
(Rre − Rred)− 0.2 ×

(
Rre − Rgreen

)
×

(
Rre
Rred

)) [48]

2.6.2. Stem Biomass Estimation Method

The existing literature has demonstrated an allometric growth relationship between
leaf biomass and stem biomass at various growth stages. In this study, we analyzed the
measured LGB and SGB value at jointing, trumpet, and tasseling stages and constructed
allometric growth models using Equation (4), and then the total biomass was calculated
using Equation (5).

SGB = aLGBb (4)

AGB = LGB + aLGBb (5)

where AGB is maize above-ground biomass; LGB is leaf biomass; SGB is stem biomass; and
a and b are coefficients.

2.7. CNN Ablation Experiments

This study conducted 4 ablation experiments to validate the efficacy of CNNs with
fusing shallow and deep features to enhance LGB estimation performance. Experiments E1
to E4 employed CNN networks with varying numbers of convolutional layers (Table 7). In
all these experiments, the LR dataset was utilized to pre-train the model to gain prior knowl-
edge. Subsequently, the MR dataset was used to re-train the final three layers of the new
CNN model, and the 2023 dataset was employed to evaluate CNN models’ performance.
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Table 7. Ablation experiments.

Experiments CNN Architecture Input

E1 Cov4 LR, MR dataset
E2 Cov3 + Cov4 LR, MR dataset
E3 Cov2 + Cov3 + Cov4 LR, MR dataset
E4 Cov1 + Cov2 + Cov3 + Cov4 LR, MR dataset

3. Results
3.1. Selection of Vegetation Indices

Figure 4 shows the Pearson correlation coefficients between LGB and 20 selected VIs.
As depicted, the majority of these indices demonstrated a robust correlation with LGB,
with coefficients generally exceeding 0.6. Incorporating these high-correlation VIs into the
CNN enhances the model’s capacity to discern relationships between feature variables and
target variables. Many of these indices were also employed for predicting LAI, which was
strongly correlated with LGB, thus rendering them suitable for LGB estimation. The top
five VIs exhibiting the highest correlations are VIRed, MSAVI, MTVI2, SAVI, and SIPI, all
of which include the near-infrared and red bands. Figure 5 depicts the variations in R2

and RMSE of the testing set as each of the twenty VIs was sequentially inputted into the
pre-trained model. The results revealed that the model achieved optimal accuracy and
stability when the feature count was twelve. Notably, while the R2 was not the highest with
twelve VIs, this configuration first reached a relatively stable accuracy. Moreover, the RMSE
value for the model using twelve VIs was lower compared to the model using thirteen
VIs, with twelve VIs also attaining the earliest stable RMSE. Consequently, the selected
VIs included MSR, DVI, MTVI2, Inre, EVI, SAVI, MSAVI, SIPI, NDVI, VIRed, MCARI,
and CI2. It is important to note that some of these indices, such as EVI, exhibit resistance
to saturation, whereas SAVI and MSAVI mitigate soil influence on LGB estimation. The
inclusion of the near-infrared band in many of these VIs, which is sensitive to structural
changes, further supports their suitability for monitoring LGB, as these structural changes
are indicative of crop dry matter accumulation.
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3.2. Validation of 3D RTM Datasets

In this study, we validated the stability of the simulated data by comparing the value
distributions of five bands between the simulated and measured datasets. Figure 6 shows
the value range and density of 12 VIs in both datasets. The overall results indicated that the
VI ranges of the simulated data were greater than or equal to those of the measured data.
The simulated data exhibited a normal distribution, whereas most VIs from the measured
dataset displayed bimodal peaks. This can be attributed to the higher accuracy of the
simulated data, as the canopy reflectance simulated by the LESS model was unaffected by
environmental factors. Notably, the ranges of VIRed, MCARI, and CI2 for the simulated
data were significantly greater than those for the measured data (Figure 6c,j,k). A broader
dataset allowed the model to learn more comprehensive knowledge, thereby better sup-
porting model transfer. The simulated data and measured datasets demonstrated good
consistency in other VIs, as their value ranges were similar. This result confirmed that the
simulated dataset was suitable for training the CNN model.

To substantiate the accuracy of the simulated dataset, we conducted a detailed com-
parison of reflectance across five spectral bands between the simulated and field-measured
data, as depicted in Figure 7. This comparative analysis revealed a robust concordance
between the simulated and field-measured data during the maize jointing, trumpet, and
tasseling stages. Numerically, the reflectance values across these bands were nearly indis-
tinguishable, with exceptionally narrow error margins. Among the bands, the near-infrared
band exhibited the highest degree of consistency, while the values in the visible light bands
were also closely aligned. The most pronounced divergence is noted in the red-edge band,
attributable to the idealized conditions under which the simulated data were generated,
as opposed to the field-measured data, which were subject to significant environmental
variability and atmospheric perturbations. Results from Section 3.1 further corroborated
that the selected VIs predominantly involved the near-infrared and red bands, and the data
presented in Figure 7 affirmed the accuracy of the simulated dataset. Consequently, this
dataset not only encapsulated the spectra of the field-measured data but also encompassed
additional spectra not observable in real-world scenarios. Thus, the extensively representa-
tive simulated dataset proves to be exceptionally well-suited for training CNN models and
for the acquisition of pre-trained model knowledge.
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3.3. 3D RTM Simulated Dataset Improves Estimation of LGB as Compared to 1D RTM

To substantiate the efficacy of our proposed method, we conducted a comparative
analysis of datasets simulated by the 3D RTM and PROSAIL models. Figure 8a–f illustrate
the outcomes of LGB estimation utilizing datasets from both the LESS and PROSAIL. The
consideration of 3D structural considerations yielded more precise LGB estimations for
maize, as opposed to relying on simplified, uniform assumptions. Specifically, Figure 8a,d
depict the model’s performance on the 2021 testing dataset during fine-tuning. Here, the
3D RTM approach enhanced the R2 by 0.12 and reduced the RMSE by 14.99 g/m2 for
the testing set, while also reducing the RMSE by 62.05 g/m2 and 5.44 g/m2 in the 2022
and 2023 datasets, respectively. These improvements underscored the superior accuracy
of the model trained with 3D RTM-simulated datasets when validated against 2022 and
2023 samples. Conversely, the PROSAIL model exhibited substantial underestimation
for LGB in 2022, as illustrated in Figure 8e. Both methods, however, were subject to
saturation effects, characterized by underestimation at high values and overestimation at
low values—an issue inherent to remote sensing inversion due to canopy closure during
later growth stages. Figure 9 depicts the loss function variation during the CNN re-
training, where the loss consistently decreases and stabilizes with an increasing number of
training epochs. To mitigate overfitting, we integrated regularization and dropout layers
into the CNN architecture. In conclusion, the results affirmed that the model utilizing
the LESS simulated dataset not only achieved superior estimation performance but also
demonstrated enhanced transferability.
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3.4. Estimation of above-Ground Biomass Based on Stem–Leaf Allometric Growth Relationships

In this study, we utilized measured data from 2021 to develop allometric growth
models between the maize stem and leaf biomass. The allometric growth equations between
the maize stem and leaf biomass at key growth stages are shown in Table 8. The stem
biomass increases exponentially with leaf biomass, varying across growth stages where
the power function evolved progressively. Figure 10 shows the result of SGB estimation
using the allometric growth model, revealing an R2 of 0.87 and RMSE of 120.87 g/m2 for
2022 data, and an R2 of 0.74 and RMSE of 86.87 g/m2 for 2023. Despite relatively high
R2 values, significant underestimation occurred in later growth stages. Particularly for
the 2023 SGB estimates, saturation occurred during the maize tasseling stage, leading to
estimation errors. This saturation in SGB estimation resulted from the saturation of LGB
estimation at this growth stage.

Table 8. The allometric growth relationship between leaf biomass and stem biomass at key growth
stages of maize. All fitting results are based on measured data from 2021.

Growth Stage Allometric Model R2

Jointing SGB = 1.37LGB0.918 0.72
Trumpet SGB = 2.95LGB0.889 0.81
Tasseling SGB = 6.05LGB0.827 0.83
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3.5. CNN Ablation Experiment

Table 5 lists four ablation experiments conducted to estimate LGB. Each experiment
used the LR dataset for initial training and then re-trained a new CNN model using the
MR dataset. To verify the effectiveness of different CNN architectures, we estimated
the LGB for 2023. The results depicted in Figure 11 indicate that experiment E4 (our
method) demonstrated the highest estimation performance. The ablation experiments can
be ranked based on their RMSE values: E4 (R2 = 0.84, RMSE = 56.4 g/m2) > E3 (R2 = 0.81,
RMSE = 58.69 g/m2 > E2 (R2 = 0.85, RMSE = 60.9 g/m2) > E1 (R2 = 0.84, RMSE = 64.98 g/m2).
These findings underscored that the integration of multi-convolutional layer features
significantly enhances LGB estimation accuracy. Given that our study employed 12 feature
variables, convolution cannot proceed when post-convolutional features were reduced
to one, indicating that four convolutional layers are optimal. This study successfully
amalgamated features extracted from both deep and shallow networks, substantially
improving the model’s performance.
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line represents 1:1 line. (a) represents experiment E1. (b) represents experiment E2. (c) represents
experiment E3. The result of E4 experiment is shown in Figure 8c.

4. Discussion
4.1. Comparison with other LGB Estimation Models

To evaluate the accuracy of our proposed methodology, we contrasted it with two
alternative approaches: a CNN model without TL technique and Partial Least Squares
Regression (PLSR) method. Figure 12a–c illustrate the results where models trained ex-
clusively on 2021 measured data were used to predict LGB for 2022 and 2023. These
models achieved R2 values of 0.30 for 2022 and 0.74 for 2023. This disparity highlighted
the challenge of applying single-year data models across different years, given the limited
scope of annual data and the variations in precipitation, fertilization, and temperature that
impact model generalization. In contrast, the PLSR method, as shown in Figure 12d–f,
demonstrated superior performance compared to the CNN approach, achieving R2 val-
ues of 0.65 for 2022 and 0.77 for 2023. This result underscored the benefit of integrating
RTM-simulated data into model training. The LR dataset, characterized by its extensive
range of observational conditions and canopy reflectance variations, enriched both machine
learning and deep learning methodologies, thus improving estimation accuracy. Existing
research results have shown that increasing the sample size can ensure the robustness
of machine learning algorithms in the training process [49], which is consistent with our
research results (Figures 8 and 12). Nevertheless, both methods displayed a tendency to
underestimate LGB at higher values (>350 g/m2). Overall, our 3D RTM + CNN + TL
approach outperformed others, attaining R2 values of 0.73 and 0.84, and RMSE values
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of 72.5 g/m2 and 56.4 g/m2 (Figure 8), by leveraging transfer learning to ensure robust
cross-year transferability in LGB estimation.
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Figure 12. Measured and estimated LGB from 3D RTM + PLSR, and CNN methods. (a–c) scatter
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samples; (c) 2023 samples; (d–f) scatter plot between estimated LAG and measured LAG using 3D
PLSR + PLSR method; (a) 2021 samples; (b) 2022 samples; (c) 2023 samples; The black line is 1:1 line.

4.2. Advantage of 3D RTM and TL and Allometric Growth Model

The quantitative results presented in Section 3.3 demonstrate that the integration of 3D
RTM, CNN, and TL enhances the accuracy of maize LGB estimation across three develop-
mental stages. This improvement can be elucidated through the following considerations:
First, datasets generated via RTMs exhibit increased robustness and generalizability [50]
due to the diverse 3D scenes that include varying heights, leaf areas, leaf numbers, and
planting densities. Second, the TL technique enhanced model generalization [51], while 3D
RTMs provided a more accurate simulation of canopy reflectance by incorporating both
structural and environmental factors [52]. Following pre-training on a dataset simulated
with the LESS model, the acquired weights were transferred to a new CNN model for sub-
sequent fine-tuning. The prediction accuracy for leaf biomass in 2022 and 2023 surpassed
that of the PROSAIL dataset, with R2 values increasing by 0.28 and 0.10, respectively, and
RMSE decreasing by 62.05 g/m2 and 5.44 g/m2. Lastly, SGB was estimated using an allo-
metric growth model that describes the growth dynamics between leaves and stems, with
the allometric growth relationship showing a progressive increase across various stages.
Utilizing an allometric growth model based exclusively on one year’s data to predict SGB
for subsequent years may introduce inaccuracies (Figure 10), primarily due to errors in
LGB estimation and inaccuracies inherent to the allometric growth model construction.
In summary, the SGB estimation accuracy over the two-year period achieved R2 values
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no lower than 0.84 and RMSE values no higher than 120.87 g/m2, which was deemed
satisfactory, particularly during the jointing stage where accuracy was notably high. Our
findings demonstrated that the integration of CNN with the TL technique yielded superior
estimates of leaf biomass compared to methods that do not utilize TL. This aligned with the
conclusions of [48], who reported that CNNs exhibit enhanced generalization capabilities
relative to traditional machine learning techniques and that TL significantly augments
estimation precision. These observations resonated with the results of our study, affirming
the efficacy of combining CNN and TL for improved biomass estimation.

4.3. Outlook for Future Work and Limitations

The application of the 3D RTM + CNN + TL methodology is subject to several limita-
tions. Primarily, the approach for constructing 3D scenes is specifically tailored to maize
and may not be directly applicable to other crops. Additionally, the LESS model, which
simulated 52,565 canopy spectra, imposes significant computational demands, necessitat-
ing high-performance graphics processing units (GPUs) to expedite CNN model training.
Consequently, a balance must be struck between the accuracy of the data and the speed of
the model training. This study compared LGB models utilizing both 3D RTM and PROSAIL
methodologies, and future work will investigate the potential of 3D RTM for estimating
additional traits. The integration of CNN with TL has enhanced model performance, with
TL effectively addressing some saturation issues by utilizing a limited dataset for calibra-
tion. Furthermore, this study has introduced a CNN and TL framework for leaf biomass
estimation, offering a novel method for estimating stem biomass through allometric growth
relationships. Subsequent research should encompass multi-year experiments to further
validate the methodology’s feasibility and generalizability.

5. Conclusions

Monitoring biomass provides valuable information for yield prediction. In this study,
we developed a comprehensive maize biomass estimation method based on a stem–leaf
separation strategy. We employed the 3D RTM + CNN + TL approach to estimate leaf
biomass and an allometric growth model to estimate stem biomass. Leveraging the simu-
lated dataset from the LESS model to pre-train the CNN model to gain prior knowledge, we
then applied this prior knowledge and fine-tuned a new CNN model using measured data
(2021 data: n = 240) for LGB estimation. This approach demonstrated that integrating deep
and shallow features within the CNN network significantly enhances the accuracy of LGB
estimation. Furthermore, our study results demonstrated that the 3D RTM + CNN + TL
method achieved superior performance in LGB estimation over two years, outperforming
PLSR, PROSAIL + CNN + TL, and CNN methods. Meanwhile, utilizing allometric growth
model from different growth stages also achieved acceptable accuracy for SGB estimation
over two years. We advocated for the application of this method to estimate other crop
traits, such as those of wheat and soybeans. Future research should further exploit the
benefits of 3D modeling to investigate mechanisms influencing crop trait remote sensing
inversion and to enhance estimation accuracy.
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