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Abstract: Estimating leaf chlorophyll content (LCC) in a timely manner and accurately is of great
significance for the precision management of rape. The spectral index derived from UAV images
has been adopted as a non-destructive and efficient way to map LCC. However, soil background
impairs the performance of UAV-based LCC estimation, limiting the accuracy and applicability of
the LCC estimation model, and this issue remains to be addressed. Thus, this research was con-
ducted to study the influence of soil pixels in UAV RGB images on LCC estimation. UAV campaigns
were conducted from overwintering to flowering stages to cover the process of soil background
being gradually covered by rapeseed plants. Three planting densities of 11.25, 18.75, and 26.26 g/m?
were chosen to further enrich the different soil background percentage levels, namely, the rape frac-
tional vegetation coverage (FVC) levels. The results showed that, compared to the insignificant dif-
ference observed for the ground measured LCC at a certain growth stage, a significant difference
was found for most of the spectral indices extracted without soil background removal, indicating
the influence of soil background. Removing soil background during the extraction of the spectral
index enhanced the LCC estimation accuracy, with the coefficient of determination (R?) increasing
from 0.58 to 0.68 and the root mean square error (RMSE) decreasing from 5.19 to 4.49. At the same
time, the applicability of the LCC estimation model for different plant densities (FVC levels) was
also enhanced. The lower the planting density, the greater the enhancement. R? increased from 0.53
to 0.70, and the RMSE decreased from 5.30 to 4.81 under a low planting density of 11.25 g/m?2 These
findings indicate that soil background removal significantly enhances the performance of UAV-
based rape LCC estimation, particularly under various FVC conditions.

Keywords: leaf chlorophyll content; UAV RGB images; model enhancement; spectral index; cover-
age influence; oilseed rape

1. Introduction

Oilseed rape, as one of the major oilseed crops across the world, has exhibited an
increasing yield in recent years because of the increasing global demand for food and fuel
[1,2]. Compared to cereal crops, oilseed rape requires much more nitrogen [3]. To maxim-
ize oilseed yield, over-fertilization has become a common agronomic operation for prac-
tical rape planting in China, resulting in serious environmental problems such as soil com-
paction, greenhouse gas emissions, and water contamination [4,5]. Thus, for precise
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nitrogen fertilizer management, it is very important to estimate rape nitrogen nutrition
status quickly and accurately.

Leaf chlorophyll content (LCC) has been confirmed in previous studies to indicate
the nitrogen nutritional status of crops [6]. Traditional LCC detection methods rely on
chemical analysis, which is difficult to apply at the farm scale [7,8]. A portable chlorophyll-
measuring instrument (SPAD-502) can determine LCC based on the absorption and re-
flection characteristics of crop pigment groups in certain band regions, and has been
widely adopted around the world [9,10]. However, in precision agriculture, spatial-tem-
poral LCC distributions are required for the generation of prescription maps and thus for
guiding precise nitrogen fertilizer application.

Remote sensing-based mapping approaches have been adopted in previous studies
using various platforms to monitor crop growth status [8,11]. Satellite images have been
used on a large scale. Images acquired from ground-based vehicles are applied in green-
house scenes. However, for crop monitoring at the farm scale, images with high spatial-
temporal resolution are required. Unmanned aerial vehicles (UAVs) are more effective for
this than satellites and ground-based platforms, allowing for the acquisition of LCC infor-
mation with high spatial-temporal resolution [12].

Hyperspectral [13,14] and multispectral [12,15] cameras have been commonly inte-
grated on UAV platforms to map LCC in previous studies. Similar to the measuring prin-
ciple of SPAD-502, a vegetation index calculated using a combination of the reflectance of
two or more bands has been a common choice for estimating crop LCC [16]. For example,
maize chlorophyll content was estimated based on vegetation indices derived from UAV
hyperspectral images [13]. Vegetation indices derived from UAV multispectral images
have been chosen to estimate the chlorophyll content of spring wheat [17]. Although crop
LCC has been successfully estimated in previous studies based on UAV hyperspectral or
multispectral remote sensing technology, the high price of the above equipment has been
a hindrance for farmers needing to monitor crop growth status in practical planting sce-
narios. The potential to use vegetation indices derived from UAV RGB images to estimate
crop LCC should be explored because this would be cheaper.

Additionally, vegetation indices have been directly derived from UAV images and
then adopted to estimate LCC without considering the influence of soil background pixels
[9,18]. After emergence, the percentage of plant pixels gradually increases until full cov-
erage throughout the growing season, and the percentage of soil background pixels grad-
ually decreases. During this period, the influence of each type of pixel on the directly de-
rived vegetation index also changes dynamically with their changing percentages. This is
why a vegetation index extracted without background removal could be successfully ap-
plied to monitor crop fractional vegetation coverage (FVC) in previous studies [19-21]. Its
successful use for FVC estimation indicates that, when a vegetation index extracted with-
out background removal is adopted to estimate crop LCC, the different soil background
percentages (i.e., the different FVC levels) will have an impact. There is no research ex-
plicitly examining the pattern with which soil background pixels influence LCC estima-
tion performance. Thus, it is critical to study the influence of soil background on LCC
estimation to enhance the latter’s accuracy and applicability.

In this study, UAV campaigns and ground LCC sampling were conducted from the
overwintering stage to the flowering stages. The main process of changes in FVC for rape-
seed plants until full coverage was investigated. At the same time, three rapeseed planting
densities were set to further enrich the different FVC levels at a certain growth stage. The
main objectives were (1) to explore the response of FVC, LCC, and vegetation indices to
plant density across the FVC full covering process; (2) to evaluate the influence of soil
background pixels on the ability to use the vegetation index to estimate LCC; and (3) to
establish a rape LCC estimation model based on low-cost UAV RGB images by overcom-
ing the influence of soil background pixels.
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2. Materials and Methods
2.1. Study Area and Experimental Design

In this study, the data were collected from the experimental field located in Zhen-
jlang, Jiangsu Province, China (32°12'19.49" N, 119°17'46.19" E, elevation 8 m) with four
rape varieties: Qinyou 1718 (Species 1), Detian 158 (Species 2), Suyou 1908 (Species 3), and
Ningza 158 (Species 4). Oilseed rape is an important economic crop in Jiangsu Province.
It ranks first in China in terms of average yield per hectare, at 2800 kg/ha. Three rapeseed
planting densities of 11.25, 18.75, and 26.26 g/m2 were set for each variety to explore the
influence of soil background on LCC estimation. Three replicates were adopted for each
variety and each planting density, resulting in a total of 36 plots with 25 m? each (10 m x
2.5 m). The rapeseeds were manually sown on 17 October 2023. The seedling emergence
and harvest dates were 29 October 2023 and 24 May 2024, respectively. Figure 1 shows the
overview of the experimental design.
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Figure 1. UAV image of experimental field (a), experimental design (b), location of sampling sites
in each field plot (c), and image of the ground control points (d).

2.2. Measurement of Rape Leaf Chlorophyll Content

The widely used chlorophyll content sensor SPAD (Soil and Plant Analyzer Develop-
ment) 502 Plus was adopted to characterize rape LCC between 11:00 and 13:00 (sunny) on
27 January 2024 (overwintering stage), 17 February 2024 (stem elongation stage), 8 March
2024 (stem elongation stage), 16 March 2024 (stem elongation stage), and 29 March 2024
(flowering stage). The corresponding days after sowing (DAS) were 102, 123, 143, 151, and
164, respectively. As shown in Figure 1, three subareas in each plot were selected to meas-
ure rape LCC. The middle site of the first fully expanded leaf for each rapeseed plant was
chosen to measure chlorophyll content, and three plants were diagonally selected in each
subarea. All the SPAD values of rape measured in each sampling subarea were averaged.
A total of 540 LCC samples were collected across the three stages.

2.3. Acquisition of UAV RGB Orthomosaic

Simultaneously, UAV RGB images of the rape field were captured using a DJI
Zenmuse L1 camera (Da-Jiang Innovations, Shenzhen, China). The UAV platform was an
M300 RTK with a longest flight time of 55 min. UAV flights were implemented between
11:00 and 13:00 at a height of 30 m with heading and side overlaps of 85%, resulting in a
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ground sample distance of 8 mm. To obtain an orthomosaic of the whole rape field,
Pix4DMapper version 4.5.6 was adopted to mosaic these UAV RGB images. To enhance
the geographic location accuracy of the orthomosaics, the geo-locations of ground control
points (Figure 1) were measured using an RTK differential GNSS device (CHCNAY,
Shanghai, China).

2.4. Acquisition of Rape Fractional Vegetation Coverage

After cropping the orthomosaic for each subarea (Figure 1), the fixed-threshold
method proposed by Niu et al. [22] was adopted to acquire rape FVC. This method as-
sumes that the vegetation and soil background pixels in a certain image color space or
index channel follow a two-component Gaussian mixture model. The classification thresh-
old for discriminating vegetation and background pixels can be calculated by fitting the
two-component Gaussian mixture model. The authors also found that a fixed classifica-
tion threshold exists and could be obtained through statistical analysis. Finally, an excess
green index (ExG) value of 11.03 was taken as the fixed classification threshold for the
acquisition of rape FVC. To verify the accuracy of the above fixed-threshold method, 60
out of 540 subareas’ images were chosen to obtain referenced FVC values using the super-
vised classification method. The coefficient of determination (R?) and root mean square
error (RMSE) between the results of the two methods were 0.95 and 0.04, indicating that
rape FVC was accurately determined using the fixed-threshold method.

2.5. Extraction of Spectral Indices from UAV RGB Images

To explore the influence of rape FVC on LCC estimation and establish a robust esti-
mation model, the three bands of the RGB images were used to compute eight vegetation
indices (Table 1). To further mine the potential of this method, UAV RGB images were also
turned to different color spaces. The H and A channels were extracted from HSV and Lab
color spaces, respectively. Thereafter, all the vegetation indices and color indices were
noted as spectral indices. To extract spectral indices from UAV RGB images, two methods
were adopted. One was directly deriving spectral indices from the subarea’s orthomosaic
that was normally adopted in previous studies. The other method was choosing only the
rape pixels in the subarea’s orthomosaic to extract spectral indices. The same method as
depicted in Section 2.4 was adopted for the recognition of rape pixels.

Table 1. Spectral indices selected in this study.

Spectral Index Equation
Visible atmospherically resistant index [23] VARI = (G—-R)/(G+R—-B)
Vegetative index [24] VEG =G/ (R**" *B{%)
Green-red vegetation index [25] GRVI =(R-G)/(R+G)
Excess green index [26] ExG=2G-R-B
Excess G minus excess red index [27] ExGR=3G-24R-B
Red-green ratio index [28] RGRI =R/G
Normalized blue-red difference index [23] NGRDI =(G-R)/(G+R)
Normalized blue—green difference index [29] NGBDI = (G —B)/ (G +B)

2.6. Modeling and Statistical Analysis

LCC estimation models were established using support vector machines (SVMs) and
random forest (RF) algorithms (Figure 2). The performance of multivariate linear regres-
sion (MLR) algorithms was compared with that of SVM and RF. Three LCC models were
constructed with RStudio using the “e1071”, “randomForest”, and “Im” packages. In the
process of implementing the SVM algorithm in RStudio, the radial basis function was
adopted and the two hyperparameters penalty parameter C and kernel parameter g were
selected as the kernel function, with their values set to 1 and 0.067, respectively. The RF
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algorithm, which integrates multiple decision trees, is suitable for constructing a model
based on high-dimensional data with less overfitting problems. In the process of imple-
menting the RF algorithm in RStudio, the number of decision trees was set to the default
value (500) and the number of variables per node was set to the square root of the number
of input variables.
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Figure 2. Workflow for analyzing the impact of soil background pixels on the performance of the
rape leaf chlorophyll content (LCC) model. SI: spectral index.

For establishing the LCC estimation models, all the data were divided into three
groups: a training set, validation set, and testing set. The training and validation sets were
used to establish training models and validate their accuracy. The testing set was used to
test the applicability of the models to a new dataset. Data collected from replicas 1 and 3
were used as the training and validation sets with a ratio of 2:1. Data collected from replica
2 were used as the testing set. The accuracy of the rape LCC estimation models was eval-
uated using R?and the RMSE.

e 2a(9-9)
zin:l(yi - 7)

D

RMSE = @)

where ¥, is the LCC predicted using the SVR, RF, and MLR models; Y, is the LCC

measurements obtained in the field; V is the average of the LCC measurements; and n
is the total number of LCC measurements.

3. Results
3.1. Response of Rape Fractional Vegetation Coverage to Planting Density

Figure 3 shows the FVC distribution for each planting density and its temporal vari-
ation across the five data collection dates. Except for the flowering stage (DAS 164), a clear
upward trend in FVC could be observed for the three planting densities. The high planting
density of 26.26 g/m? always had the highest FVC values for each date, with median values
of 0.47, 0.61, 0.82, 0.94, and 0.98, respectively. For the moderate planting density of 18.75
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g/m?, the corresponding median values were 0.32, 0.48, 0.74, 0.89, and 0.96, respectively.
The low planting density of 11.25 g/m? always had the lowest FVC values, with median
values of 0.27, 0.41, 0.65, 0.85, and 0.95, respectively. At the same time, it could be observed
that, due to the three planting densities and the two-month time span (overwintering to
flowering stages), a reliable FVC scope was captured with minimum, 25th percentile, 50th
percentile, 75th percentile, and maximum values of 0.10, 0.47, 0.74, 0.92, and 0.99, respec-
tively. For each date, the significant difference in FVC could be observed for the three
planting densities with p values less than 0.01.
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10 R .
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Figure 3. Response of rape fractional vegetation coverage to planting density on each collection date.
L, M, and H represent the low (11.25 g/m?), moderate (18.75 g/m?), and high (26.26 g/m?) planting
densities, respectively. ANOVA: analysis of variance. ****, ***, and ** represent p values less than or
equal to 0.0001, 0.001, and 0.01, respectively.

3.2. Response of Rape Leaf Chlorophyll Content to Planting Density

Figure 4 shows the distribution of rape LCC for each planting density and its tem-
poral variation over the five data collection dates. Different to FVC, for each date, there
was no significant difference observed for LCC when taking planting density as the factor,
with all the p values greater than 0.05. Regarding the temporal variation, LCC showed a
trend from rising to declining. The lowest LCC was observed on 27 Jan 2024 (the overwin-
tering stage) with mean values of 40.48, 40.81, and 40.04 for planting densities of 11.25,
18.75, and 26.26 g/m?, respectively. The highest LCC was observed on 16 Mar 2024 (the
stem elongation stage) with corresponding mean values of 59.71, 58.99, and 58.17, respec-
tively. When all the LCC data were pooled together, a fine numerical scope was also cap-
tured with minimum, 25th percentile, 50th percentile, 75th percentile, and maximum val-
ues of 26.13, 42.05, 16.13, 54.65, and 66.80, respectively.
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Figure 4. Response of rape leaf chlorophyll content (SPAD) to planting density on each collection
date. ns: p > 0.05.

3.3. One-Way ANOVA of Spectral Indices by Taking Planting Density as the Factor

To explore whether the planting density significantly influenced the spectral indices,
the latter were subjected to analysis of variance (ANOVA) by taking planting density as
the factor. As shown in Table 2, when spectral indices were directly extracted from the
subarea’s orthomosaic without removing the soil background pixels, there were signifi-
cant differences for most of the spectral indices on most of the data collection dates, indi-
cating that planting density had a significant influence. Due to the full coverage status of
rape plants on 29 March 2024 (the flowering stage), it was reasonable that most of the
spectral indices showed insignificant differences. When the background pixels were re-
moved during the extraction of spectral indices, the influence of planting density on spec-
tral indices was reduced. Among the ten spectral indices, the background removal effects
were more obvious for H, A, ExG, and ExGR. Taking the A channel as an example, the
significance level was reduced from p <= 0.0001 to p <= 0.05 on 27 January 2024, from p <=
0.001 to p > 0.05 on 27 February 2024, from p <= 0.001 to p > 0.05 on 8 March 2024, and from
p <=0.05 to p > 0.05 on 16 March 2024.

Table 2. One-way ANOVA of spectral indices by taking planting density as the factor. Before or after
indicates that the soil background pixels were not or were removed during the extraction of spectral
indices. ****, *** ** and * represent p values less than or equal to 0.0001, 0.001, 0.01, and 0.05, respec-
tively. ns: p > 0.05.

2024-01-27 2024-02-27 2024-03-08 2024-03-16 2024-03-29
Spectral Index
Before After Before After Before After Before After Before After
H channel xAEX ns Siida ns A% * A% ns ns ns
A channel ok * oo ns xR ns * ns ns ns
VARI *% *% * ns He % K He % *% ns ns
RGRI bz *% *% ns He K He He % * ns
NGBDI e d * K% * b KA b X% ns ns
NGRDI bt *% X% IlS K% K% K% E * ns
GRVI Hof *% *% ns K% He % K% Hed % * ns
ExG g * ** ns ** ns ns ns ns ns
EXGR HH % *% bz ns K% ns *% ns ns ns
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3.4. Analysis of the Correlation between Chlorophyll Content and Each Spectral Index

The correlation between each individual spectral index and LCC is shown in Figure
5. Spectral indices were extracted from the subarea’s orthomosaic by removing back-
ground pixels (Figure 5b) or not (Figure 5a). A significant correlation between LCC and
each spectral index could be observed in both cases. Specifically, when spectral indices
were extracted without soil background removal, the A channel was negatively correlated
with LCC, with the highest absolute r value of 0.65, followed by NGDBI, with an r value
of 0.63, and ExG, with an r value of 0.61. The weakest correlation with LCC was found for
VARI, with an r value of 0.34. When soil background pixels were removed, the highest
correlation with LCC was also observed for the A channel, with an r value of —0.61, fol-
lowed by ExG, with an r value of 0.52, and ExGR, with an r value of 0.48. At the same time,
except for the correlation between the H channel and LCC, whose r value was sharply
reduced from 0.59 to 0.07, all the correlations were slightly reduced after the removal of
soil background pixels. For example, the r value of ExG’s correlation with LCC was re-
duced from 0.61 to 0.52, and the r value of VARI's correlation with LCC was reduced from
0.34 to 0.33. Considering the influence of planting density (Table 2) and the correlations
with LCC, the A channel, ExG, and ExGR were chosen to establish rape LCC estimation
models.

(b)
ExGR

ExG

GRVI

NGBDI 0.03 009 0 0.04 C.orrw

NGRDI 05
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053

SPAD 0.07 l 0.33 -0.46 0.42 0.46 -0.42 0.52 0.48 0.46
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Figure 5. Coefficients of the correlation (r) between rapeseed leaf chlorophyll content and each spec-
tral index. (a) Spectral indices were extracted without background removal; (b) spectral indices were
extracted after background removal.

3.5. Rape Leaf Chlorophyll Content Estimation Results Based on Validation and Test Datasets

Comparisons were conducted among rape LCC training models established based
on three algorithms and spectral indices with or without soil background removal (Figure
6). For the validation dataset, when spectral indices were extracted without background
removal, the SVM algorithm outperformed the other two algorithms, with an R? of 0.58,
followed by the RF algorithm, with an R? of 0.48, and the MLR algorithm, with an R? of
0.44. The corresponding RMSEs were 5.19, 5.78, and 5.98, respectively. When spectral in-
dices were extracted with background removal, the SVM algorithm still had the best esti-
mation performance, with the highest R? of 0.68 and lowest RMSE of 4.49. The perfor-
mance of the RF algorithm was also enhanced, with the R? being increased from 0.48 to
0.68 and RMSE being decreased from 5.78 to 4.50. By contrast, worse performance was
observed for the MLR algorithm, with the R? being decreased from 0.44 to 0.36 and RMSE
being increased from 5.98 to 6.39. Similar results were observed for the test dataset. The
SVM algorithm still performed the best whether or not the soil background pixels were
removed. The background removal process also enhanced the LCC estimation accuracy.
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The R? for the SVM model was increased from 0.59 to 0.66, and the corresponding RMSE
was decreased from 4.76 to 4.33. Overall, the rape LCC estimation performance was en-
hanced by removing soil background pixels during the spectral index extraction process.

Dataset Validation +  Test
MLR SVM RF
704 ’z' ’z' ’/’
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2_ . . i 2_ 2_ " N s
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Figure 6. Rape leaf chlorophyll content estimation results obtained based on UAV RGB-derived
spectral indices and machine leaning regression algorithms. Before or after indicates that the soil
background pixels were not or were removed during the extraction of spectral indices. MLR, RF and
SVM represent multivariate linear regression, random forest and support vector machine algo-
rithms.

4. Discussion

Accurately estimating LCC, an essential indicator of crop nutrition and photosyn-
thetic capacity, is very important for guiding precise field management. Generally, when
spectral indices were used to estimate LCC in previous studies, these indices were directly
derived from UAV remote sensing images without considering the influence of back-
ground pixels. How the background pixels influence the LCC estimation performance had
not been explored; thus, this was worth exploring to further improve the accuracy and
applicability of LCC estimation models.

4.1. Elimination of the Influence of Soil Background on the Spectral Index

In this study, a rape field experiment was conducted from the overwintering (27 Jan-
uary 27 2024) to flowering stages (29 March 2024), including the main process of change
for rapeseed plants gradually covering the soil during their growth (Figure 3). Three
planting densities of 11.25, 18.75, and 26.26 g/m? were established to further enrich the
FVClevels in a certain growth period. For ground sampling LCC data (Figure 4), although
temporal variation was observed from overwintering to flowering stages, there was no
significant difference among the three planting densities in a certain growth period.
Therefore, it was necessary to reduce the influence of the different FVC levels and to try
to maximize the capture of information produced by LCC itself.

As demonstrated in previous studies, spectral indices directly extracted without
background removal are closely related to FVC [19-21]. Before crop plants reach full cov-
erage, the directly derived spectral indices are influenced by both the percentage of soil
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background and crop growth status [30]. In this study, because the rape did not suffer from
other stress except for the different planting densities, an insignificant difference was ob-
served for LCC (Figure 4). Table 2 shows that significant differences could be observed for
most of the spectral indices extracted without background removal, and background re-
moval could reduce these differences. Taking the A channel as an example (Figures 7 and
8), after background removal, the mean values of the A channel on DAS 102 for planting
densities of 11.25, 18.75, and 26.26 g/m? changed from —0.42, -0.80, and -2.68 to -8.76, -8.55,
and —9.23, respectively. Consistent with the results of Qiao et al. [31], there was a large dif-
ference in the spectral reflectance of the crop canopy when the soil pixels were ignored.
Background removal is also necessary to capture more information produced by LCC itself.

DAS 102 DAS 123 DAS 143
51 ANOVA, p=46x106  *+* ANOVA, p = 0.00027 ThH ANOVA, p=0.00013 b
[ ) o o
5 * .
sfe ] . % % oY
-10- ¢ E%
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S L M H
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-15{ 3% " # # Z=l
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Figure 7. Response of A channel directly extracted from UAV RGB images to planting density on
each collection date. ****, *** and * represent p values less than or equal to 0.0001, 0.001, and 0.05,
respectively. ns: p > 0.05.

DAS 102 DAS 123 DAS 143
51  ANOVA, p=0.04 T ANOVA, p=0.7 ns ANOVA, p=0.75 ns

EE

% 15 : 3 o‘ .
a7 .
6 -204
[=]
o
o -251
3 L M H
= DAS 151 DAS 164
£ 51 ANOvA p=077 ns ANOVA, p=0.17 ns
2 o
é Density
_5_
<
10 B M

L
o

|
[he]
(=]

oL B3 H
%**%#%
Density

|
N
@

Figure 8. Response of A channel extracted from UAV RGB images with background removal to
planting density on each collection date. * represent p values less than or equal to 0.05. ns: p > 0.05.
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4.2. Enhancing the Leaf Chlorophyll Content Estimation Performance through Background Re-
moval

Although the background removal process was applied to spectral indices and the
differences caused by different FVC levels (different plant densities) were reduced, there
was still a strong correlation between each spectral index and LCC (Figure 5). A possible
reason for the above phenomenon is that the FVC and LCC had similar trends of change
during the period from emergence to full coverage (Figures 3 and 4). Namely, the FVC
and LCC both had upward trends during DAS 102 to 151. Similar change curves were
observed in previous studies [32,33]. At the same time, it could be observed that the cor-
relation with LCC was slightly reduced after background removal. For example, the high-
est correlation was reduced from —0.65 to -0.61 (A channel).

However, the lower correlation did not result in weaker LCC estimation perfor-
mance. As shown in Figure 6, compared to that for spectral indices extracted without
background removal (for which the highest R? was 0.58, with a corresponding RMSE of
5.19), a higher estimation performance was found for spectral indices extracted with back-
ground removal, with the highest R? being 0.68 and a corresponding RMSE of 4.49. The
reason could be that there was a non-linear relationship between each spectral index and
LCC. Evidence for this can also be observed in Figure 5. Compared to the two non-linear
machine learning algorithms, a weaker estimation performance was observed for the MLR
algorithm. A similar result was found by Qiao et al. [34]. The maize chlorophyll estimation
model constructed based on a linear algorithm was also less accurate than the two non-
linear models.

In addition to the enhancement of LCC estimation accuracy, the model’s applicability
for different planting densities was enhanced. As shown in Figures 9 and 10, when the
established model was used to estimate rape LCC under different planting densities based
on the validation dataset, a higher estimation performance was also observed for spectral
indices extracted with background removal, especially under low planting density. Spe-
cifically, taking the SVM model as an example, the R? was increased by 0.17 and the RMSE
was decreased by 0.49 under the low planting density of 11.25 g/m? when the soil back-
ground was removed during the extraction of spectral indices. For the moderate planting
density of 18.75 g/m?, the R? was increased by 0.03 and the RMSE was decreased by 0.16.
The smallest enhancement was observed for a high planting density of 26.26 g/m?, with
an increase of 0.01 in R? and decrease of 0.04 in RMSE. This phenomenon was reasonable
because the lower the planting density, the higher the percentage of soil background, re-
sulting in a greater influence on the spectral indices.
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4.3. Application Potential and Limitations

Overall, although spectral indices extracted without background removal could be
used to estimate rape LCC, background removal could improve the estimation accuracy
and the model’s applicability for different planting densities, especially under low plant-
ing density. Compared to MLR and RF, the SVM algorithm was better for accurately and
stably estimating rape LCC under various FVC levels. Combined with the spatial-tem-
poral advantages of UAV remote sensing technology for crop information acquisition, the
optimal rape LCC estimation model established in this study could guide precise field
management. For example, in the practical rape planting scenario, nitrogen fertilizer
should be applied after the overwintering stage to guarantee that the growth needs in the
stem elongation stage are met. Because of the close relationship with crop nitrogen nutri-
tion status, accurately estimating rape LCC at the overwintering stage could provide im-
portant information for precise nitrogen fertilizer management. The LCC map could be
converted into a nitrogen fertilizer prescription map based on the relationship between
chlorophyll content and nitrogen fertilizer supply. In the future, translating the LCC into
the nitrogen fertilizer requirement should be an important research topic. In addition, the
different FVC levels in this study were caused by different planting densities and growth
stages; more factors (such as nitrogen stress and water stress) should be considered in the
future to further enhance the stability of the rape LCC estimation model.

5. Conclusions

In this study, the impact of soil background on spectral indices was explored to en-
hance the accuracy of UAV-based LCC estimation models and their applicability. The re-
sults show that, at each growth stage, when the plant density was taken as the factor, an
insignificant difference was observed for the ground measured LCC, and significant dif-
ferences could be observed for most of the spectral indices extracted without soil back-
ground removal except for the flowering stage. The different soil background percentages
(namely the different FVC levels) impacted the spectral indices. The above impacts could
be eliminated by removing soil background pixels. The A channel had the highest corre-
lation with rape LCC whether or not the soil background was removed. A higher LCC
estimation performance was observed for spectral indices extracted with background re-
moval. In addition, the applicability of the LCC estimation model for different rape plant-
ing densities was enhanced, especially for low planting density. These findings provide a
reference for the rapid and non-destructive estimation of rape LCC based on the low-cost
UAV RGB platform, and indicates a way to enhance the accuracy and applicability of
UAV-based LCC estimation models.
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