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Abstract: The study of estimating rapeseed above-ground biomass (AGB) is of significant importance,
as it can reflect the growth status of crops, enhance the commercial value of crops, promote the
development of modern agriculture, and predict yield. Previous studies have mostly estimated crop
AGB by extracting spectral indices from spectral images. This study aims to construct a model for
estimating rapeseed AGB by combining spectral and LiDAR data. This study incorporates LiDAR
data into the spectral data to construct a regression model. Models are separately constructed for the
overall rapeseed varieties, nitrogen application, and planting density to find the optimal method for
estimating rapeseed AGB. The results show that the R² for all samples in the study reached above
0.56, with the highest overall R² being 0.69. The highest R² for QY01 and ZY03 varieties was 0.56
and 0.78, respectively. Under high- and low-nitrogen conditions, the highest R² was 0.64 and 0.67,
respectively. At a planting density of 36,000 plants per mu, the highest R² was 0.81. This study has
improved the accuracy of estimating rapeseed AGB.

Keywords: LiDAR; AGB estimation; multispectral; regression model

1. Introduction

Rapeseed (Brassica napus subsp. napus) is a significant source of edible oil and protein-
rich livestock feed [1]. Over the past five years, the global average rapeseed yield has been
approximately 2.1 tons per hectare (hm2). The biomass and quality of rapeseed vary due to
location, crop variety, and their interactions [2]. Above-ground biomass (AGB) is closely
related to crop nutritional status, making it a valuable indicator of crop growth conditions [3].
In the research conducted by M. Corti, it was found that the trend of nitrogen content in the
AGB of cover crops followed that of AGB. Indeed, treatments characterized by high nitrogen
content had a high AGB (e.g., white mustard) and a high nitrogen concentration (e.g., hairy
vetch) [4]. In a separate study by Qiu, the impact of nutrients such as nitrogen, phosphorus,
and potassium on biomass was investigated. The findings indicated that crops with better
nutritional status tend to produce more AGB [5]. Understanding the spatiotemporal dy-
namics of AGB is crucial for formulating and implementing site-specific crop management
strategies. Timely AGB monitoring is an essential component of precision agriculture.

AGB is typically measured through manual sampling, a process that can be time-
consuming and labor-intensive [6]. This method relies heavily on subjective, often inaccurate,
and labor-intensive ground survey methods [7]. Remote-sensing methods from orbital and
sub-orbital platforms have gained prominence as powerful tools in estimating AGB by
observing the crops’ and environment’s physical, chemical, or biological properties, such as
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temperature, humidity, vegetation type, or land use [3]. Unmanned aerial vehicles (UAVs)
are increasingly prominent due to their high flexibility, ease of operation, high spatial
resolution, and on-demand data acquisition capabilities. Consequently, UAVs provide
a novel technological approach for rapidly and non-destructively extracting field crop
phenotypic information [8].

UAVs equipped with multispectral cameras have been proven to be a mature method
for predicting crop biomass. Their advantages include multispectral imaging, high spatial
resolution, and rapid data acquisition [9]. Fu et al. utilized a multi-rotor UAV equipped
with a multispectral camera to collect canopy spectral data during various wheat growth
stages. They integrated multiple parametric and non-parametric modeling methods to
monitor key growth indicators, including leaf area index (LAI) and leaf dry matter (LDM),
and predict grain yield [10]. Zheng et al. improved rice AGB estimation by combining
texture information from UAV multispectral (MS) images with spectral data. Specifically,
they found that the normalized difference texture index (NDTI) based on mean textures
derived from the red and green bands performed better than other texture variables and
spectral indices. This research contributes valuable methods for enhancing crop growth
monitoring using UAV imagery [11]. Niu et al. utilized UAV red, green, and blue (RGB)
imagery to estimate plant height and vegetation indices. They compared the performance
of models based solely on vegetation indices, solely on plant height, and a combination of
both. The results indicated that the directly extracted plant height from UAV RGB point
clouds strongly correlated with ground-truth measurements. Additionally, the vegetation
indices derived from UAV RGB imagery showed significant potential for estimating corn
biomass in field conditions [12]. Bendig et al. estimated fresh and dry biomass on a
summer barley test site with 18 cultivars and two nitrogen (N) treatments using plant
height (PH) derived from the crop surface model (CSM). The super-high resolution, multi-
temporal CSM was derived from RGB images captured from a small UAV. The combination
of spectral indices and plant height outperformed using a single index alone [13]. Yue
et al. constructed several single-parameter models for estimating AGB based on spectral
parameters. These models included specific wavelength bands, spectral indices (such as the
normalized difference vegetation index (NDVI), greenness index (GI), and wide dynamic
range vegetation index (WDRVI)), and crop height. Comparative analysis of experimental
results demonstrated that incorporating crop height into the models improved the accuracy
of AGB estimation [14].

Light detection and ranging (LiDAR) for estimating vegetation height and AGB in forestry
applications has matured. Researchers have successfully demonstrated the utility and potential
of repeat LiDAR data for resource monitoring and carbon management. Zhao et al. described
robust techniques that are highly suitable for analyzing multi-temporal LiDAR data. They also
affirmed the utility and potential of repeat LiDAR data for resource monitoring and carbon
management. In crop applications, LiDAR is still in its early stages [15]. However, Jimenez-Berni
et al. demonstrated the capabilities of LiDAR installed on lightweight mobile ground platforms.
They conducted rapid, non-destructive canopy height, ground cover, and AGB estimations.
Their findings revealed a strong relationship between canopy height and LiDAR (with an R2 of
0.99 and an RMSE of 0.0017 m), emphasizing the close correlation between LiDAR-based AGB
predictions and actual AGB [16].

Currently, biomass monitoring is primarily accomplished through spectral and spectral
index data. Kross et al. demonstrated the applicability of biomass estimation for two
types of crops (corn and soybeans) with different canopy structures, leaf structures, and
photosynthetic pathways using Rapid Eye multispectral data [17]. Wang et al. utilized
drone multispectral technology to acquire large-scale plant spectral information and, based
on this, compared machine-learning methods to find the optimal model for estimating
the biomass of camphor trees [18]. Before conducting our experiment, we found a close
relationship between biomass and plant height through preliminary experiments and
observations. However, the spectral data need to adequately reflect plant height, leading to
instability in biomass estimation. Therefore, we combined radar-extracted plant height with
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spectral data to estimate biomass, improving accuracy. The properties of the sensors limit
the responses generated by different sensors, and the information obtained is limited. Using
multiple sensors to acquire and integrate data is necessary, which can avoid bottlenecks
caused by a lack of sufficient features [19]. Wan et al. simultaneously obtained RGB
and multispectral images of rice at multiple stages, extracted plant height and vegetation
index, respectively, and integrated these two types of feature information to predict rice
biomass. The prediction accuracy was significantly higher than prediction models based
on a single sensor [9]. Zhu et al. extracted vegetation index, texture index, elevation, and
temperature information from hyperspectral, RGB, lidar, and thermal infrared images,
achieving precise estimation of corn’s LAI, AGB, plant height, chlorophyll concentration,
and water content [20].

Previous studies have utilized remote-sensing techniques for AGB estimation, achiev-
ing favorable results. However, uncertainties persist in estimating rapeseed AGB under
complex cultivation conditions, especially when dealing with multiple varieties and nitro-
gen treatments, often influenced by population architecture and leaf color. LiDAR data
can effectively capture canopy structure, and when combined with spectral data, they
can better differentiate population variations caused by different varieties and cultivation
methods. Therefore, this study aims to enhance AGB estimation accuracy and applicability
by integrating UAV LiDAR and spectral image data. The research objectives include (1) se-
lecting vegetation indices and texture indices closely related to AGB based on different
spectral combinations; (2) constructing and optimizing AGB estimation models by combin-
ing LiDAR data with spectral image features, comparing model accuracy, and conducting
practical validation; and (3) assessing model suitability for AGB estimation across different
varieties and nitrogen levels.

2. Materials and Methods
2.1. Experimental Design

As shown in Figure 1, the study area is located in Zhenjiang City, Jiangsu Province,
with a longitude of 119◦18′45′′ and a latitude of 32◦10′59′′. The altitude ranges from 2.0 m to
5.5 m, and the area has a subtropical monsoon humid climate. The test varieties in this field
are the cabbage-type hybrid rapeseed varieties ZY03 and QY01. The previous crop was corn,
harvested in late September, and the sowing date for the varieties was 5 October 2021. The
planting is divided into ten density levels, namely 60,000, 120,000, 180,000, 240,000, 300,000,
360,000, 420,000, 480,000, 540,000, and 600,000 plants per ha. Overall, there are two nitrogen
application rates of 225 kg/hm2 and 270 kg/hm2, with the nitrogen fertilizer operation
being at a base fertilizer–jointing fertilizer ratio of 5:5. Each plot applies phosphorus and
potassium fertilizers at 120 kg/hm2, boron fertilizer at 4.5 kg/hm2, and the plot area is set
to 2.4 m × 10 m = 48 m2. At each stage, three samples (three replicates) are taken from each
plot. Seedlings are established 4–5 periods after mechanical broadcasting.

2.2. UAV Image Acquisition

The UAVs used in this study are the Phantom 4 Multispectral and the Matrice M300
RTK equipped with a DJI L1 lens (SZ DJI Technology Co., Ltd., Shenzhen, China), as
shown in Figure 2, produced by DJI. The image overlap rate between the primary and main
flight lines is 80% and 60%, respectively. It captures spectral information from five bands:
R (650 nm ± 16 nm), G (560 nm ± 16 nm), B (450 nm ± 16 nm), NIR (840 nm ± 26 nm), and
RE (730 nm ± 16 nm). The DJI L1 lens mounted on the Matrice M300 RTK has an effective
point cloud ratio of 100%, a measuring distance of 450 m, a reflectance of 80%, 0klx, and a
practical point cloud data rate of 240,000 points/s, with three echoes. The UAV flies under
clear weather and low wind speed conditions from 10 am to 2 pm local time, at a height of
20 m above the test site, at a constant speed of 1.7 m/s. There are 49 waypoints, the flight
line length is 2958 m, the number of main flight lines is 24, the gimbal pitch angle is 90◦,
the shooting interval is 2 s, the flight direction overlap rate is 75%, and the side overlap
rate is 70%.
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2.3. AGB Determination

The sampling date is one day before or after the UAV activity and on-site spectral
radiometer measurement. The samples were subjected to different levels of nitrogen
fertilizer and planting density, a total of 360 for fresh biomass; a 50 cm × 50 cm frame was
placed in each plot, and all the rapeseed plants within the frame were dug out for sampling
and brought back to the laboratory, where the samples were cleaned, the roots were cut off,
and the stems, leaves, and ears were weighed. In the next step, the samples were dried at
70 ◦C for 120 h, and the dry biomass of each plant was weighed again.

2.4. Image Feature Extraction

The acquired visible images of rapeseed are calibrated with a whiteboard and then
stitched together using DJI Terra to obtain orthoimages, digital surface models (DSMs), and
a digital elevation model (DEM) of the experimental site. ArcGIS and ENVI5.3 are used to
crop the images. The DN values of the R, G, and B channels are extracted from the acquired
UAV images. After normalization, r, g, and b are obtained. The calculation formulas are
as follows:

r =
R

R + G + B
(1)

g =
G

R + G + B
(2)

b =
B

R + G + B
(3)

After obtaining r, g, and b, they are mathematically combined to obtain the color
index. The color index calculated from the three components is significantly related to
the dynamic changes in crop growth. This paper summarizes 12 standard color indices
(Table 1) through a literature review used for AGB estimation research. The calculation
formulas are as follows:

Table 1. Color index.

Color Index Calculation Formula References

INT (r + g + b)/3 [21]

IKAW (r − b)/(r + b) [22]

VARI (g − r)/(g + r − b) [23]

ExR 1.4∗r − g [24]

ExG 2∗g − r − b [25]

GLI (2 ∗ g − r − b)/(2 ∗ g + r + b) [26]

ExGR 3∗g − 2.4∗g − b [24]

NGRDI (g − r)/(g + r) [27]

NGBDI (g − b)/(g + b) [28]

MGRVI
(

g2 − r2)/
(

g2 + r2) [29]

RGBVI
(

g2 − b ∗ r
)
/
(

g2 + b ∗ r
)

[30]

RGRI r/g [31]

The vegetation index was obtained by multispectral image extraction; vegetation indices
are obtained, which serve as essential indices for measuring crop growth and distinguishing
crop feature types. Based on previous research, this paper summarizes 13 standard vegetation
indices (Table 2) used for AGB estimation research. The calculation formulas are as follows:
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Table 2. Vegetation index.

Vegetation Index Calculation Formula References

NDVI (Nir − R)/(Nir + R) [32]

NDREI (Nir − RedE)/(Nir + RedE) [33]

EVI 2.5 ∗ (Nir − R)/(1 + Nir + 6 ∗ R − 7.5 ∗ B) [34]

GNDVI (Nir − G)/(Nir + G) [35]

OSAVI 1.16 ∗ (Nir − R)/(Nir + R + 0.16) [36]

MCARI [(RE − R)− 0.2 ∗ (RE − G)] ∗ (RE/R) [37]

TCARI 3 ∗ [(RE − R)− 0.2 ∗ (RE − G) ∗ (RE/R)] [38]

NRI (G − R)/(G + R) [39]

TVI
√

NDVI + 0.5 [40]

MSR [(NIR/R)− 1)]/
√

NIR/R + 1 [41]

SIPI R − (NRI − B)/(NRI + B) [42]

PSRI (R − B)/NIR [43]

CIRE (Nir/RedE)− 1 [35]

Texture features refer to extracting texture feature parameters through specific image
processing techniques to obtain a quantitative or qualitative texture description. Texture features
are the leading indicators for target detection and image classification, and they are widely used
in AGB estimation. The gray level co-occurrence matrix (GLCM) was proposed by Haralick [44].
This algorithm creates a corresponding GLCM based on the relative position of the image to
represent the spatial gray level dependence between image pixels and then realizes the relevant
texture information of the image. Although the GLCM provides information about image gray
levels’ direction, interval, and change amplitude, it cannot directly provide characteristics to
distinguish textures. Therefore, statistical properties that quantitatively describe texture features
based on GLCM must be calculated. The calculation formulas for the five commonly used
texture feature statistical properties are as follows:

Contrast = ∑N−1
i,j=0 Pi,j(i − j)2 (4)

Correlation = ∑N−1
i,j=0 Pi,j

[
(i − µi)

(
i − µj

)
/
√(

σ2
i
)(

σ2
j

)]
(5)

Energy = ∑i ∑j p(i, j) ∗ ln p(i, j) (6)

Homogeneity = ∑N−1
i,j=0

Pi,j

1 + (i − j)2 (7)

ASM = ∑i ∑j p(i, j)2 (8)

2.5. LiDAR Feature Extraction

A UAV-based LiDAR scanning system is used to fly over the fields and collect high-density
LiDAR point cloud data and image data. DJI Pilot (SZ DJI Technology Co., Ltd., Shenzhen,
China) processes the raw data to generate true-color point cloud data. The ArcGIS 10.8 software
is used to import the point cloud data and create an LAS dataset. The LAS dataset undergoes
preprocessing, including noise removal, ground point separation, and DEM generation. The
LAS dataset is then normalized, i.e., the DEM height is subtracted from the point cloud height
to obtain the normalized height. The normalized LAS dataset undergoes vegetation height
extraction using a grid-based interpolation method, resulting in a vegetation height grid layer
or feature class.

H =
R2 − R1

2· sin(θ)
(9)
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where H is the height of the plant, R1 is the distance from the radar to the ground, R2 is the
distance from the radar to the top of the plant, and θ is the incidence angle of the radar beam.

2.6. Modeling and Validation

This paper collects 360 sample data points during the critical growth period. Of these,
70% are used for modeling, and 30% are used for validation. Three models, random forest
(RF), linear regression (LR), and Extreme Gradient Boosting (XGBoost), are compared. The
Particle Swarm Optimization (PSO) algorithm is employed to fine-tune the parameters and
select the most effective method [45]. RF is a combination of tree predictors, where each
tree depends on the values of a random vector sampled independently and with the same
distribution for all trees in the forest [46]. LR is a supervised learning algorithm that predicts
a continuous target variable. Linear regression assumes a linear relationship between the
target variable and the input variables [47]. XGBoost proposed a new sparse data-aware
algorithm and a weighted quantile sketch for approximate tree learning. More importantly,
it provides insights about cache access patterns, data compression, and sharding to build a
scalable tree-boosting system. Combining these insights allows XGBoost to scale to billions
of examples using far fewer resources than existing systems [48]. This paper uses the
coefficient of determination (R2) as the evaluation criterion for the model, uses the root
mean square error (RMSE) to evaluate the accuracy of the model, and uses the normalized
root mean square error (nRMSE) to describe the accuracy of the model. The calculation
formulas for R2, RMSE, and nRMSE are as follows:

R2 = 1 − ∑N
i=1(yi − ŷi)

2

∑N
i=1(yi − yi)

2 (10)

RMSE =

√
∑N

i=1 (yi − ŷi)
2

N
(11)

MAE =
∑N

i=1 | ŷi − yi |
N

(12)

where xi and yi are the measured and estimated values of the model, respectively; n is the
sample size; 0020x is the measured mean.

3. Results
3.1. Feature Correlation Analysis

In order to investigate the relationship between the biomass of rapeseed and spec-
tral data, different spectral indices were extracted for each band combination. This was
performed by exploring various band combinations. Under the RGB band combination,
the spectral indices EXG, Coverage, INT, IKAW, VARI, ExR, GLI, ExGR, NGRDI, NGBDI,
MGRVI, RGBVI, and RGRI were extracted, and the texture features contrast, correlation,
energy, homogeneity, and ASM were calculated. Under the GRN band combination, the
spectral indices Coverage, NDVI, NDWI, VI2, GVI, SAVI, GNDVI, OSAVI, and TVI were
extracted. Under the GRNRE band combination, the spectral indices NDVI, NDWI, NDRE,
VI1, VI2, CI, GVI, SAVI, GNDVI, OSAVI, TVI, NDCI, and CRI550 were extracted. This
study used the Pearson correlation and analysis method to screen rapeseed’s spectral
data and selected the spectral indices strongly correlated with AGB (Figure 3). Under
the RGB band combination, four spectral indices, VARI, GLI, NGRDI, and MGRVI, were
selected because their correlation with AGB was more significant than 0.69, while the rest
were less than 0.55. Under the GRN and GRNRE band combination, four spectral indices,
NDVI, GVI, SAVI, and OSAVI, were selected because their correlation with AGB was more
significant than 0.71, while the rest were less than 0.49. Additionally, under the GRNRE
band combination, an extra index, CI, was selected due to its correlation coefficient with
AGB reaching 0.75. Under the GRNRE band combination, this study selected five spectral
indices: NDVI, CI, GVI, SAVI, and OSAVI. Through these spectral indices, this study can
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more accurately estimate the AGB of rapeseed, providing a basis for the growth monitoring
and management of rapeseed.

There is no collinearity between the spectral data and LiDAR data of rapeseed, mean-
ing there is no significant linear correlation between them. This indicates that the spectral
and LiDAR data reflect different aspects of the characteristics of rapeseed and can com-
plementarily provide information on its AGB. Therefore, this study will attempt to use
the combination of spectral data and LiDAR data to construct a more accurate estimation
model for the AGB of rapeseed.
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3.2. Image Feature Modeling Results

This study is based on data on rapeseed with different treatments and varieties.
The mean is also an essential aspect that aids us in assessing accuracy (Table 3). After
conducting a correlation analysis between the obtained image features and AGB, these
image features were used to construct a random forest regression model to estimate the
AGB of rapeseed (Figure 4). The study found that under the RGB band combination, when
not distinguishing between rapeseed varieties and nitrogen fertilizer treatments, the R²
in the random forest regression model constructed through image features and AGB was
0.42, and the RMSE was 1503.66 kg/hm2. Under the GRN band combination, when not
distinguishing between rapeseed varieties and nitrogen fertilizer treatments, the R² in the
random forest regression model constructed through image features and AGB was 0.43,
and the RMSE was 1438.87 kg/hm2. Under the GRNRE band combination, when not
distinguishing between rapeseed varieties and nitrogen fertilizer treatments, the R² in the
random forest regression model constructed through image features and AGB was 0.58,
and the RMSE was 1217.40 kg/hm2. The prediction effect is relatively poor compared to
the regression model that only uses image features.
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Table 3. Mean values.

Classification Mean Value (kg/hm2)

Not distinguish All samples
8252.11

Variety QY01 ZY03
8533.41 7971.60

Nitrogen application rate HN LN
8428.25 8076.77

Planting density 4000 8000 12,000 16,000 20,000 24,000 28,000 32,000 36,000 40,000
6514.56 7945.34 7691.11 7665.42 8142.95 8361.43 9389.90 9212.80 8615.98 8985.49
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Figure 4. (A) represents the 1:1 line plot of the random forest model under the RGB band for all
samples, (B) represents the 1:1 line plot of the random forest model under the GRN band for all
samples, and (C) represents the 1:1 line plot of the random forest model under the GRNRE band for
all samples. The light blue shaded area around the regression line represents the 95% confidence
interval. The green dots in the plot represent the relationship between the true values (measured
above-ground biomass, AGB) and the estimated values (predicted AGB) from your model.

3.2.1. Results of the Combination of Image and LiDAR

This study is based on data on rapeseed with different treatments and varieties. It
selected image features strongly correlated with AGB under the three band combinations
of RGB, GRN, and GRNRE (Figure 5), including color and vegetation indices. Then, these
image features were combined with the elevation data of LiDAR data to construct a random
forest regression model, linear regression model, and XGBoost model to estimate the AGB of
rapeseed. The study found that under the RGB band combination, when not distinguishing
between rapeseed varieties and nitrogen fertilizer treatments, the R² in the random forest
regression model constructed through image features and LiDAR data with AGB was 0.56,
and the RMSE was 1291.59 kg/hm2. Under the GRN band combination, the R² was 0.56,
and the RMSE was 1232.38 kg/hm2. Under the GRNRE band combination, the R² was
0.67, and the RMSE was 1056.86 kg/hm2. After incorporating the elevation data, the R²
value improved, and the RMSE significantly decreased. The combinations of the RGB,
GRN, and GRNRE bands, respectively, decreased by 284.07 kg/hm2, 206.49 kg/hm2, and
160.54 kg/hm2. The prediction effect obtained is relatively poor compared to the regression
model that only uses image features.
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Figure 5. (A) represents the 1:1 line plot of the random forest model constructed with the addition of
LiDAR data under the RGB band for all samples, (B) represents the 1:1 line plot of the random forest
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In this study, a new approach was attempted. Namely, the construction of regression
models relied on image features and incorporated LiDAR data into the models. This attempt
yielded significant results, with a noticeable improvement in the predictive accuracy of the
models. This discovery provides a new perspective; that is, when constructing regression
models, we should consider and utilize more data types, such as LiDAR data. Furthermore,
LiDAR data can also be introduced into the AGB estimation models of other crops, thereby
playing a more significant role. In future research on other crops, introducing more data
types can further improve the predictive accuracy of the models.

3.2.2. The Results between Different Varieties

In this study, two varieties of rapeseed, namely QY01 and ZY03, were used. Both
varieties used the image features obtained under the RGB band combination and LiDAR
data to construct a random forest model (Figure 6). The R2 of QY01 was 0.45, the RMSE
was 1077.41 kg/hm2, the R2 of ZY03 was 0.78, and the RMSE was 1112.20 kg/hm2. It can
be seen that under the same conditions, the AGB estimation of QY01 did not achieve a
positive effect, while the R2 of the AGB estimation of ZY03 increased by 0.33, and the RMSE
decreased by 44.79 kg/hm2. In summary, the estimation model based on image features
and LiDAR data has significantly improved AGB estimation accuracy for ZY03.

3.2.3. The Results of Different Nitrogen Application Rates

This study has two nitrogen fertilizer treatments, 225 kg/hm2 and 270 kg/hm2 (from
now on referred to as low-nitrogen and high-nitrogen treatments). Both nitrogen fertil-
izer treatments use the image features and LiDAR data obtained under the RGB band
combination to construct a random forest model (Figure 7). The R2 under high-nitrogen
treatment is 0.52, and the RMSE is 1246.47 kg/hm2; the R2 under low-nitrogen treatment
is 0.67, and the RMSE is 1132.34 kg/hm2. When distinguishing between nitrogen fertil-
izer treatments, the R2 of the high-nitrogen treatment increased by 0.15, and the RMSE
decreased by 114.13 kg/hm2. Although the low-nitrogen treatment did not improve, it did
not decrease either.
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above-ground biomass, AGB) and the estimated values (predicted AGB) from your model.
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Figure 7. (A) The 1:1 line graph in the RGB band of the random forest model built with LiDAR data
under high-nitrogen treatment. (B) represents the 1:1 line graph in the GRN band of the random
forest model under low-nitrogen treatment. The light blue shaded area around the regression line
represents the 95% confidence interval. The green dots in the plot represent the relationship between
the true values (measured above-ground biomass, AGB) and the estimated values (predicted AGB)
from your model.

3.2.4. The Results of Different Planting Densities

This study has ten density levels, specifically 60,000, 120,000, 180,000, 240,000, 300,000,
360,000, 420,000, 480,000, 540,000, and 600,000 plants per ha. These ten density levels are
used to construct a random forest model (Figure 8) using the image features and LiDAR
data obtained under the combination of RGB bands. As can be seen from the figure, the
R2 accuracy is relatively high at the density levels of 60,000, 300,000, and 540,000 plants
per hectare with R2 values of 0.69, 0.69, and 0.81, and RMSE values of 1596.06 kg/hm2,
1399.56 kg/hm2, and 861.87 kg/hm2, respectively.
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Figure 8. A comparison of the accuracy of the random forest model constructed through image
features and LiDAR data under ten density levels.

3.2.5. Cross-Validation

To ensure the stability and reliability of the experiment, we used cross-validation
to validate the regression model under various conditions. We uniformly used the best-
performing GRNRE band combination for validation (Figure 9). Under all sample condi-
tions, the R² was 0.73, and the RMSE was 975.29 kg/hm². When distinguishing varieties, the
R² for QY01 was 0.64, and the RMSE was 1000.97 kg/hm², while for ZY03, the R² was 0.80,
and the RMSE was 903.69 kg/hm². When distinguishing nitrogen application amounts, the
R² for HN was 0.72, and the RMSE was 1024.54 kg/hm², while for LN, the R² was 0.70, and
the RMSE was 975.46 kg/hm². The results indicate that the progress of this study is reliable.
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3.3. Comparison Results of Different Models 
Through the performance of the models above, the results show that overall, the 

XGBoost model is relatively balanced, whether in overall estimation or in distinguishing 
each variety and different nitrogen application levels. In the case of distinguishing varie-
ties, each model has its advantages, but the best results are obtained under the GRNRE 
band combination. In the case of different nitrogen fertilizer treatments, the best results 
are also obtained with the GRNRE band combination type (Figure 10). 
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light blue shaded area around the regression line represents the 95% confidence interval. The green
dots in the plot represent the relationship between the true values (measured above-ground biomass,
AGB) and the estimated values (predicted AGB) from your model.

3.3. Comparison Results of Different Models

Through the performance of the models above, the results show that overall, the
XGBoost model is relatively balanced, whether in overall estimation or in distinguishing
each variety and different nitrogen application levels. In the case of distinguishing varieties,
each model has its advantages, but the best results are obtained under the GRNRE band
combination. In the case of different nitrogen fertilizer treatments, the best results are also
obtained with the GRNRE band combination type (Figure 10).
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4. Discussion

This study improves AGB prediction accuracy through spectral features by incor-
porating LiDAR data and deep learning. Our study, which uses color and vegetation
indices to estimate rapeseed AGB fairly accurately, is consistent with the conclusions of
other researchers but could have achieved higher accuracy. Regarding model comparison,
this study selected models based on spectral indices and models incorporating elevation
data. For models based on spectral indices, the best prediction effect under all samples
was achieved by the GRNRE band combination with an R² of 0.68. When distinguishing
rapeseed varieties, the best prediction effect for QY01 was achieved by the GRNRE band
combination with an R² of 0.55. At the same time, ZY03 had the best estimation effect with
the RGB band combination with an R² of 0.76. When distinguishing nitrogen application
amounts, HN and LN had the best prediction effects with the RGB band combination,
with R² values of 0.57 and 0.63, respectively. LiDAR estimation of AGB is feasible, as
mentioned in Jin’s study, which combined the AquaCrop (Rome, Italy) model with optical
and LiDAR imaging data using a location and direction system algorithm to develop a
method for estimating winter wheat AGB, making the predicted AGB highly correlated
with the measured AGB, which is also consistent with our research [49]. Many studies
have shown that plant height can be used to estimate crop yield. Ji et al. obtained the plant
height of broad beans from UAV images. They used machine-learning algorithms to explore
the relationship between plant height data at different time points and combinations of
time points and yield, thereby estimating broad bean yield [50]. Feng et al. used low-cost
UAVs to obtain cotton image data and evaluated the feasibility of using image-based plant
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height to estimate cotton yield [51]. Adark et al. used a machine-learning-based regression
algorithm to better predict corn yield and flowering time using the time vegetation index
and plant height [52]. Tao et al. improved the accuracy of the model predicting wheat yield
by adding the crop plant height extracted from UAV hyperspectral measurements to the
prediction model. Most of them improve model prediction accuracy by directly establishing
a prediction model with yield through plant height [53]. We combine the two to improve
the estimation accuracy of AGB further. For models incorporating elevation data, the best
prediction effect under all samples was achieved by the GRNRE band combination with an
R² of 0.69. When distinguishing rapeseed varieties, the best prediction effect for QY01 was
achieved by the GRNRE band combination with an R² of 0.56. At the same time, ZY03 had
the best estimation effect with the GRN band combination with an R² of 0.78. When the
GRNRE band combination with an R² of 0.64 achieved distinguishing nitrogen application
amounts, the best prediction effect for HN was achieved. At the same time, LN had the
best prediction effect with the GRN band combination with an R² of 0.67.

Regarding the discussion of flight height and plant height measurement accuracy, the
error is not significant with the increase in height, which is consistent with the research
results of Wu, who found in the height measurement research of unmanned aerial vehicles
equipped with LiDAR systems that the plant height measurement accuracy is reasonable
under the condition of reducing the measurement height (measurement height is less than
20 m) [54]. Seifert et al. evaluated accurately estimating potato crop growth characteristics
at different UAV flight heights. A UAV equipped with a multispectral camera flew at
heights of 15 and 30 m over experimental fields planted with various potatoes; evaluated
the characteristics of plant height, volume, and NDVI; and compared them with manu-
ally obtained parameters [55]. At 15 m and 30 m, the UAV-measured plant height was
significantly linearly correlated with the manually estimated plant height, with correlation
coefficients of 0.80 and 0.75, respectively [56].

In terms of model comparison, this study selected three representative models for
comparison: random forest, linear regression, and XGBoost. We classified modeling
for three band combinations. Under all samples, the R² of the LG, RF, and XGBoost
regression models was 0.65, 0.67, and 0.69, respectively. When distinguishing varieties,
the R² for variety QY01 was 0.42, 0.45, and 0.56, respectively, while for variety ZY03,
the R² was 0.76, 0.78, and 0.65, respectively. When distinguishing nitrogen application
amounts, the R² for HN was 0.57, 0.52, and 0.64, respectively, while for LN, the R² was
0.63, 0.67, and 0.55, respectively. It can be seen that the XGBoost model performs stably
and well in all situations; only in the case of distinguishing variety ZY03 and nitrogen
application amount LN does RF perform excellently. In summary, XGBoost is this study’s
most suitable model for predicting rapeseed biomass. Sara et al. used three different
AGB prediction models, compared the accuracy of each model in the AGB prediction
task, and also compared and evaluated the AGB prediction maps to assess their ability
to reconstruct the fundamental biomass dynamics [57]. Zhang et al. comprehensively
evaluated eight machine-learning regression algorithms for forest AGB estimation based on
multiple satellite data products and found the most suitable model [58]. Han et al. evaluated
and compared four machine-learning regression algorithms (multiple linear regression
algorithm, support vector machine algorithm, artificial neural network algorithm, and
random forest algorithm) to create a suitable model and then tested whether two sampling
methods would affect the training model [59]. This study proves that this method has
strong applicability under different varieties and different nitrogen application conditions,
indicating its wide range of practicality. Expansion research and prospects of this study: Our
method can also measure AGB, such as wheat and rice. With the integrated development
of sensor technology, the application cost and operation are gradually simplified.

5. Conclusions

This study designed field experiments for winter rapeseed with different varieties
and different nitrogen applications. UAV images and elevation information of rapeseed
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were obtained through UAVs. This study is based on the combination of RGB, GRN, and
GRNRE bands, extracted image features strongly correlated with AGB, including color
and vegetation indices, and calculated the elevation difference using elevation information.
The AGB of rapeseed was modeled and validated using random forest, linear regression,
and XGBoost models. The results of this study show the following: (1) Among the three
regression models, XGBoost performs best overall, whether in overall estimation or different
varieties and nitrogen fertilizer treatments, and it is better than the random forest models
and the linear regression models. (2) The modeling effect has been dramatically improved
after adding elevation data. When not distinguishing varieties and nitrogen fertilizer
treatments, R2 is 0.69; when distinguishing rapeseed varieties without distinguishing
nitrogen fertilizer treatments, the R2 of QY01 and ZY03 is 0.56 and 0.78, respectively; when
distinguishing nitrogen fertilizer treatments without distinguishing rapeseed varieties, the
R2 of high-nitrogen treatment and low-nitrogen treatment is 0.64 and 0.67, respectively.
(3) This study found that the GRNRE band is the best band combination for estimating
rapeseed AGB under three band combinations. The spectral indices extracted from this
band combination have an excellent estimation effect in different models, varieties, and
nitrogen fertilizer treatments. This study provides an effective method for the remote-
sensing estimation of winter rapeseed AGB and provides a reference for the AGB estimation
of other crops.
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