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Abstract: Aboveground biomass (AGB) is an important basis for wheat yield formation. It is useful
to timely collect the AGB data to monitor wheat growth and to build high-yielding wheat groups.
However, as traditional AGB data acquisition relies on destructive sampling, it is difficult to adapt to
the modernization of agriculture, and the estimation accuracy of spectral data alone is low and cannot
solve the problem of index saturation at later stages. In this study, an unmanned aerial vehicle (UAV)
with an RGB camera and the real-time kinematic (RTK) was used to obtain imagery data and elevation
data at the same time during the critical fertility period of wheat. The cumulative percentile and the
mean value methods were then used to extract the wheat plant height (PH), and the color indices (CIS)
and PH were combined to invert the AGB of wheat using parametric and non-parametric models.
The results showed that the accuracy of the model improved with the addition of elevation data,
and the model with the highest accuracy of multi-fertility period estimation was PLSR (PH + CIS),
with R2, RMSE and NRMSE of 0.81, 1248.48 kg/ha and 21.77%, respectively. Compared to the
parametric models, the non-parametric models incorporating PH and CIS greatly improved the
prediction of AGB during critical fertility periods in wheat. The inclusion of elevation data therefore
greatly improves the accuracy of AGB prediction in wheat compared to traditional spectral prediction
models. The fusion of UAV-based elevation data and image information provides a new technical
tool for multi-season wheat AGB monitoring.

Keywords: wheat; UAV RGB image; color indices; AGB; elevation; regression models

1. Introduction

Wheat is one of the three major food crops and occupies a dominant position in
agricultural production in the world. With the growing population, there has been an
increasing demand for wheat in recent years. Therefore, it is essential to improve wheat
production efficiency and achieve a high yield for food security and market demand.
Aboveground biomass (AGB), a key basis for grain yield formation, plays an important role
in light energy utilization [1]. AGB is a crucial indicator of crop response to management
practices and environmental conditions [2,3]. Thus, accurate and effective monitoring
of wheat biomass at the plot scale can provide strong support for the high-throughput
screening of wheat breeding materials [4,5].

Traditional AGB estimation is based on destructive measurement sampling, which is
not only labor-intensive and time-consuming, but more seriously, is difficult to apply in
large fields [2,6]. Remote sensing is an effective tool for monitoring crop growth season
and assessing spatial variability of AGB [6]. In recent years, a large number of studies have
been carried out to estimate crop AGB using unmanned aerial vehicles (UAVs) and the
main methods can be specifically divided into direct or indirect estimation [7]. The direct
method is to build a regression model for AGB estimation based on multiple parameters
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extracted from the sensors for the measured sample. The common statistical models include
parametric and non-parametric models [8]. Parametric models mainly include logistic
regression, linear component analysis and perceptual machines. Non-parametric models in-
clude decision trees (DT), parsimonious Bayes, support vector machines (SVM) and neural
networks (NN). Regular parameters extracted from sensors include color [9], texture [10,11],
spectrum [12], etc. The indirect method is to establish the corresponding AGB estimation
model based on the response relationship between the agronomic parameters extracted
from the UAV images and AGB. The agronomic parameters mainly extracted from UAV
images are plant height (PH) [6,13], leaf area [14] and crop canopy cover [15]. Although
both modeling approaches for AGB estimation have achieved promising results, the corre-
lation between spectral information and crop AGB varies with the growth period and is
closely related to the physiological condition of the crop [6,16]. To solve this problem, it is
necessary to conduct field crop monitoring during multiple key growth periods. Biomass
estimation of different reproductive periods is a hot topic in the field of remote sensing
monitoring. Remote sensing techniques can be used to obtain crop canopy reflectance, and
researchers use these spectral features to estimate biomass. However, it was gradually
found that spectral features have some limitations in phenotype monitoring and are prone
to spectral saturation in late crop reproduction [17]. For such problems, researchers have
used synthetic aperture radar (SAR) [18] or incorporated texture features [16], canopy
cover [19] and elevation data [13] in the model construction, which reduce the reliance of
the model on spectral data. It has been demonstrated that the inclusion of elevation data
has a significant positive effect on the improvement of biomass estimation accuracy.

Crop PH is an important indicator reflecting the crop growth status. Researchers have
shown the correlation between PH and crop biomass [14,20]. With the development of
remote sensing technology, the extraction methods of PH are gradually enriched. The
measured height is a common approach used to assess crop height. The calculation of
crop height measurement based on UAV is obtained by extracting the crop surface model
(CSM). CSM refers to the difference between a digital surface model (DSM) (the altitude
of the vegetation on top of the bare soil) and the corresponding digital elevation model
(DEM) (the altitude of the bare soil) [14]. LiDAR, ultrasonic, depth cameras and other
sensors can directly obtain elevation information, but such sensors also have some defects
and are not conducive to the actual production and application. For instance, LiDAR
obtains elevation information by laser time of flight, has strong penetration and works
independently of ambient light, but is difficult to apply in practice due to its high cost
and difficult data processing [20]. Ultrasound has been used in agriculture for a long time
and works on a similar principle to LiDAR, emitting ultrasonic pulses as a measure of
detecting information about an object. However, ultrasonic signals are susceptible to the
environment and distance, and ultrasound can only detect objects at close range, which
limits the application scenarios of this sensor and the need to meet the growing demand
for high-throughput phenotype monitoring [21,22]. The depth cameras suffer from similar
problems to the ultrasonic sensor. Compared to the sensors mentioned above, the use of
UAVs with RGB cameras is less costly. The UAV measurement applies the structure from
motion (SfM) technique for feature detection and matching of captured images to construct
a point cloud model, which is combined with interpolation to generate elevation data [23].

As an emerging remote sensing platform, UAVs, with their low cost, high efficiency
and flexibility, can make up for the inability of satellite remote sensing to acquire data due
to factors such as transit time and environment [24]. Rapid advances in UAV technology
have made it increasingly easy to acquire remote sensing data at the ultra-high spatial
resolution [25,26], and UAVs can carry multiple sensors (e.g., RGB, multispectral and
LiDAR) for the task of collecting remote sensing information from multiple sources in a
single flight [27]. The physiological parameters estimated based on radar 3D point cloud
data are less susceptible to saturation issues with high-density vegetation [20,28,29]. The
SfM enables the reconstruction of 3D point clouds from high-resolution RGB images, which
provides a new, more cost-effective technique for the acquisition of point cloud data [30,31].
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The 3D point clouds reconstructed from RGB images have been successfully used to
extract the canopy structure of vegetation and to estimate physiological parameters such
as crop height and biomass [30–32]. For example, Geipel et al. [33] found that combining
vegetation indices (VIs) with PH could improve the accuracy of maize yield prediction.
Qin et al. [34] proposed that the fusion of hyperspectral data and LiDAR measurements of
PH significantly improved the accuracy of maize fAPAR estimation. Maimaitijiang et al. [35]
and Wan et al. [23] found that the combination of spectral and structural information based
on UAVs was effective in estimating soybean and rice yields, and that the fusion data
improved the ability to monitor aspects of crop growth conditions.

Although an increasing number of researchers have reported that combining spec-
tral data with SfM-based structural features from UAV data can improve the robustness
of predicting crop AGB, as structural features help to mitigate canopy spectral satura-
tion [10,24,36,37], some uncertainties remain. Mao et al. [38] demonstrated that the com-
bination of spectral and structural features did not improve the accuracy of biomass
estimation in desert shrubs. Bendig et al. [39] found that the combination of visible light
band characteristics and PH had little impact on the biomass estimation of barley. Therefore,
it is unclear whether the combination of RGB color indices (CIS) with structural features
can improve the AGB estimation in wheat, because canopy structure and AGB composition
changes dynamically throughout the growth cycle. In addition, the density of the plants
and the size of the crop canopy vary across the period of growth and the different field
treatments [40]. Although the UAVs are able to obtain elevation information, the canopy
height does not change significantly in the later stages of fertility, and the PH measured
using the camera technique is not acceptable for estimating the canopy of high-density
crops. Therefore, it is not feasible to estimate wheat biomass based only on the average PH
at a single scale (throughout the growing season). Based on this issue, this paper used two
PH calculation methods (mean values and cumulative height percentile methods) to extract
wheat PH, which were combined with RGB CIS, and estimated the wheat AGB using
parametric and non-parametric models at multiple stages. Therefore, the main objectives of
this study were to (1) quantify the utility of color and structural features (PH) in estimating
wheat AGB variability across multiple periods, (2) assess whether combining canopy color
and structural features could improve wheat AGB estimation across treatments.

2. Materials and Methods
2.1. Experimental Design

The trials of winter wheat were conducted for two growing seasons (2019–2020, 2020–2021)
at the experimental fields of Fengling Reservoir, Yizheng City, Yangzhou City, Jiangsu
Province (32◦16′ N, 119◦12′ E). The test areas were located in the middle and lower reaches
of the Yangtze River plain, which belong to the north subtropical monsoon climate, with an
annual average temperature of about 15 ◦C and annual precipitation of about 1200 mm. The
soil type of the test field was loamy with a hydrolytic N content of 87.22 mg/g, an effective
phosphorus content of 30.16 mg/g and an effective potassium content of 121.35 mg/g in
the top 20 cm soil layer.

Three variables were considered in the two-year field experiment, including different
varieties, planting densities and N application rates (Table 1). The trial was conducted in a
randomized group trial designed with three replications, including three varieties (Zhen-
mai 12, Yangmai 16 and Ningmai 13), three planting densities (M1: 1.5 million plant/ha,
M2: 2.25 million plant/ha and M3: 3 million plant/ha) and four N application levels (N0:
0 kg/ha, N1: 125 kg/ha, N2: 225 kg/ha and N3: 375 kg/ha). A total of 216 plots (each plot
3 m × 4 m, or 12 m2) were used in the two-year trial. Urea was applied at the ratio of 5:1:2:2
as basal fertilizer, tiller fertilizer, nodulation fertilizer and ears fertilizer. Approximately
120 kg/ha of phosphorus and potassium fertilizer were split as basal fertilizer and nodula-
tion fertilizer. The details of the experiment can be seen in Table 1. Other field management
practices followed the actual production of winter wheat in local fields.
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Table 1. Information on the field experiments.

Experiment Sowing Date Sampling/UAS
Test Date Growth Stage Flight Height

above Ground
Number of

Samples Soil Characteristic

2019–2020
Exp. 1 2019-11-3

03/11/2019 25 m
Hydrolytic N = 87.22 mg kg−1

Available P = 30.16 mg kg−1

Available K = 121.35 mg kg−1

SBD = 1.25 g cm−3

OM = 40.12%
pH = 6.2

17/03/2020 Jointing 25 m 108
02/04/2020 Booting 25 m 108
25/04/2020 Flowering 25 m 108

2020–2021
Exp. 2 2020-11-6

06/11/2020 25 m
24/03/2021 Jointing 25 m 108
09/04/2021 Booting 25 m 108
29/04/2021 Flowering 25 m 108

Note: SBD: soil bulk density; OM: organic matter; pH: potential of hydrogen.

Eighteen ground control points (GCPs) were placed in the test area for the correction
of elevation data, and the test plot layout is shown in Figure 1. The specifications of ground
control points were 0.8, 1 and 1.2 m, with a total of 6 GCPs for each specification. One GCP
was placed between every two plots in a gradient pattern. The spatial position information
of these GCPs was positioned using Global Navigation Satellite System (GNSS) receivers
carried on the UAV and calibrated for measurement using the built-in real-time kinematic
(RTK). At the same time, the actual GCP heights were measured manually before each
flight shooting for later calibration.
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2.2. Data Acquisition
2.2.1. UAV Image Acquisition and Pre-Processing

In this study, a DJI Phantom 4 RTK UAV (SZ DJI Technology, Co., Shenzhen, China)
was used for field image data acquisition. RGB images were acquired for bare soil before
sowing and for vegetation during different periods such as jointing, booting and flowering
stages. The DJI Phantom 4 RTK UAV is a small, lightweight, easy-to-carry, multi-rotor
and high-precision aerial survey drone equipped with centimeter-level navigation and
positioning system and a high-performance imaging system. The drone was equipped with
an RGB camera with 20 megapixel CMOS and a 24 mm focal length sensor. The built-in
RTK and GNSS give it precise positioning capabilities that can significantly improve the
absolute accuracy of image metadata. Prior to image acquisition, 18 GCPs (Figure 1) were
set up uniformly throughout the study plots, and the spatial position information of these
GCPs was positioned using GNSS receivers and calibrated for measurement using RTK
with a horizontal error of 0.01 m and a vertical error of 0.015 m. All flight missions were
performed from 10:30 a.m. to 14:00 p.m. under cloud-free days with low wind. The flight
altitude was 25 m, the image repetition rate was set to 70%, and the resolution of the aerial
images was 0.8 × 0.8 cm.

After RGB image acquisition, the photogrammetric software, Pix4Dmapper (Pix4D
SA, Lausanne, Switzerland), was used to generate 3D point cloud data and a DSM. In the
software, images were aligned according to the tie points, and then geometrically corrected
and mosaicked to generate high-density point clouds. For the aim of building accurate
and high-density point clouds, the “original image size” and “high” options were selected
in the point cloud settings, then these point clouds were georeferenced by merging the
geographic coordinates of 18 GCPs. Subsequently, mesh and texture were constructed
based on the generated point clouds, resulting in a DSM and a digital orthophoto map
(DOM). In addition, the bare soil images were processed using the above method and the
resulting digital elevation model was noted as a DEM, as shown in Figure 2.

2.2.2. Field Data Collection

A ground sampling of winter wheat was carried out after the imagery collection.
Twenty wheat plants were randomly selected from the sampling sites at the jointing,
booting and flowering stages, and PHs were measured with a ruler, followed by destructive
sampling. Plant samples were separated into different organs in the laboratory, including
leaves, stalks and spikes. After drying in an oven at 80 ◦C to a constant weight, the
dry weights of the plant organs were then weighed. The AGB for each period was then
determined from the sum of the dry weights of the organs. There were 648 plant samples
collected over two years from three growth stages.

2.3. CIS and PH
2.3.1. Extraction of CIS

UAV RGB images were spatial images with three color components, red, green and
blue. The color indices calculated by the three components have a significant correlation
with the dynamic change in crop growth. Based on the results of previous studies on
predicting biomass, 17 of the more widely used CIS (Table 2) were selected for AGB
estimation in this study. Prior to the extraction of CIS, background soil was removed from
the raster layer of RGB images by calculating the RGRI (red-green ratio index) parameter
using Band Math in ENVI 5.3 software (Exelis Visual Information Solutions, Boulder, CO,
USA), to classify plants and others. Then, the classification was used to generate a binary
mask layer to extract CIS. The digital number (DN) for the red, green, and blue bands of
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the extracted wheat layers were expressed as R, G and B, respectively. The normalizations
of the three colors components were calculated by the following formula:

r = R
R+G+B

g = G
R+G+B

b = B
R+G+B

(1)Agriculture 2022, 12, x FOR PEER REVIEW 6 of 23 
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Table 2. CIS used in this study.

Color Indices Formula Reference

VARI (g − r)/(g + r − b) [41]
ExG 2g − r − b [42]

MGRVI (g2 − r2)/(g2 + r2) [39]
NDI (r-g)/(r + g + 0.01) [42]

ExGR 3g−2.4r − b [43]
RGBVI (g2 − br)/(g2 + br) [39]
BRRI B/R [42]
GRRI G/R [44]
RGRI R/G [45]
BGRI B/G [42]

NGBDI (G − B)/(G + B) [45]
NPCI (R − B)/(R + B) [46]

GIVE 0.441R−0.881G + 0.386B +
18.787 [47]

IF (2G-R-B)/(G − B) [48]
VEG G/(R0.667 × B0.333) [49]
WI (G − B)/(R − G) [42]

COM 0.25EXG + 0.3EXGR +
0.33GIVE + 0.12VEG [49]

2.3.2. Calculation of PH

PH is a useful indicator of plant growth. Pix4Dmapper software (Pix4D SA, Lausanne,
Switzerland) was used to generate DSM and DOM for each flight. The CSM is widely
applied for different crops to extract PH, which is the difference between the DSM and the
DEM. In this study, two commonly used CSM calculation methods, namely the mean value
method [16] and the cumulative percentile method [50,51], were conducted to obtain PH at
different stages of winter wheat.

The binary mask layer generated from the RGRI index was stacked with the elevation
images (DSM) to remove the confounding image elements and to extract the vegetation
elevation information. Using zonal statistics, the mean value method was used to extract
the mean PH of each plot from the CSM. Plant heights were validated by one-third of the
total sample (n = 648) measured at the plot level.

The cumulative percentile method involved importing the DSM into ENVI 5.3 software
and calculating the percentile pixel values for each plot from 90 to 100% in a 0.5 percentile
interval, with the different percentile pixel values corresponding to different undulating
plant heights. To achieve the optimal PH, the lower percentile height value was considered
as the base boundary and the higher percentile height value (90–100%) as the upper plant
boundary. Finally, the height of the base plant boundary was subtracted from the height of
the upper boundary at different percentiles to calculate the estimated PH for each plot.

2.4. Modeling Methods: Parametric and Non-Parametric Models

Two different statistical models, including parametric (multiple stepwise regression
(MSR), least absolute shrinkage and selection operator (LASSO)) and non-parametric (par-
tial least square (PLSR), support vector regression (SVR) and Gaussian process regression
(GPR)), were analyzed in this study in order to assess the improvement in the accuracy
of AGB estimation for wheat at multiple developmental stages by the combination of CIS
and PH.

2.4.1. Parametric Models

In past studies, empirical models based on parametric regression have been widely
used for AGB estimation in agricultural contexts. Parametric models assume a direct
relationship between color features and biomass to establish parametric statistical relation-
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ships [52]. The parametric models in this study included MSR and LASSO, which were
chosen to explore the statistical relationships between CIS, PH variables and AGB.

MSR is generally used to investigate the linear relationship between a dependent
variable and multiple independent variables [53]. This paper used a stepwise method to
screen the independent variables. The stepwise method performs an F-test for each new
independent variable introduced, and subsequently recalculates the already substituted
independent variables, re-evaluates their values within the equation using a T-test, and
then decides to retain or eliminate them, alternating the cycle until no new variables can be
introduced or eliminated, thus obtaining the optimal model.

First proposed by Tibshirani [54] in 1996, LASSO regression is a compression esti-
mation method based on the principle of reducing the set of variables. By constructing
a penalty function, the coefficients of variables are compressed to achieve the purpose
of variable selection. LASSO performs well on the problem of large overfitting in linear
regression by introducing regularization in the loss function.

2.4.2. Non-Parametric Models

Non-parametric models are data-driven modeling approaches derived from the direct
definition of regression models based on information from given remote sensing data and
relevant variables [52]. In this study, three different non-parametric models, including PLSR,
SVR and GPR, were analyzed to evaluate the improvement of wheat biomass estimation
accuracy by the combinations of color and PH at different growth stages.

PLSR is an integration of principal component analysis and typical correlation analysis
on the basis of linear regression [55]. PLSR was initially used for regression relationships
between multiple independent variables and multiple dependent variables, but in later stud-
ies it was also commonly used for regression analysis between single dependent variables
and multiple independent variables [56,57]. PLSR eliminates possible multi-collinearity
among variables and makes that regression analysis performed under conditions of multi-
ple correlations and with a smaller sample size than the number of variables. Therefore,
PLSR is more explanatory.

Support vector machine is one of the machine learning algorithms that can be used
for classification and regression [58–60]. In this paper, SVR was selected and used to map
the data linearly or nonlinearly through the selection of kernel functions, so as to map the
data into a high-dimensional space and construct the optimal regression function in the
high-dimensional space. The SVR method has advantages in solving problems such as
small samples and co-linearity.

GPR is a non-parametric model that belongs to a kernel-based approach and relies
on solid Bayesian formalism, thus allowing for a formal treatment of uncertainty quantifi-
cation and error propagation [61–63]. Regression analysis of data using GPR leads to the
construction of models based on generalizability, which is often used for solving problems
having few sample data.

2.5. Wheat AGB Modeling and Validation

Two-thirds of the total sample size was used as the training set (n = 432) and one-third
as the validation set (n = 216) to construct wheat biomass estimation models for single and
multi-fertility periods, respectively. The calibration dataset was used to adjust the model
parameters, while the validation dataset was used to confirm the true predictive ability of
the model built and had no impact on the model construction [40].

In this study, the coefficient of determination (R2), root mean square error (RMSE) and
normalized root mean square error (NRMSE) were used to assess the accuracy of wheat
AGB predicted by different models, and the three indicators were calculated as follows:

R2= 1−∑n
i=1(xi−yi)

2

∑n
i=1(xi−x)2 (2)
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RMSE =

√
1
n ∑n

i=1 (y i−xi)
2 (3)

NRMSE =
RMSE

x
(4)

where xi is the measured value of sample i, yi is the estimated value of sample i, x is the
mean of the measured values of the sample and n is the total number of samples.

3. Results
3.1. Statistical Analysis of PH and AGB

Table 3 shows the statistical results for measured PH and biomass. The coefficient
of variation for PH in Exp. 1 was greater than 10% for all periods and showed a gradual
decrease, while the coefficient of variation for biomass was greater than 20% for all periods,
with the coefficient of variation varying more before than after tasseling. The analysis of the
Exp. 2 data set was consistent with these results. Overall, the two-year wheat experiment
provided a suitable dataset with large variability for optimizing the wheat AGB monitoring
model using PH.

Table 3. Descriptive statistics for PH and AGB from Exp. 1 and Exp. 2 datasets across wheat
growth stages.

Experiment Stages Number
PH (cm) AGB (kg/ha)

Mean SD CV Mean SD CV

2019–2020
Exp. 1

Jointing 108 32.14 6.41 19.92% 2531.64 674.81 26.75%
Booting 108 50.03 8.05 16.11% 5659.68 2159.31 38.24%

Flowering 108 77.61 8.51 11.02% 9092.79 2277.11 25.03%
Total 324 53.26 20.24 38.07% 5761.37 3261.38 56.62%

2020–2021
Exp. 2

Jointing 108 33.62 6.30 18.73% 2685.67 688.13 26.11%
Booting 108 49.30 7.64 15.53% 5849.53 2343.83 40.17%

Flowering 108 77.53 8.59 11.12% 8122.05 2122.87 25.67%
Total 324 53.48 19.69 36.86% 5552.42 2888.37 52.02%

Note: PH: plant height; AGB: aboveground biomass; SD: standard deviation; CV: coefficient of variation.

3.2. PH Estimation

Wheat PH values were extracted using the cumulative percentile method and the
mean method, respectively. As can be seen from Figure 3, the R2, RMSE and NRMSE of PH
extracted from the 90th to 100th percentile and the measured PH showed good accuracy at
the jointing, booting and flowering stages. Meanwhile, R2 showed a pattern of increasing
and then decreasing values with the rising percentile during all three periods, and RMSE
and NRMSE showed a pattern of decreasing and then increasing in general. However,
owing to the small division interval, the changes in R2, RMSE and NRMSE were flatter.
The three indicators of PH extracted at the 100th percentile were lower than those at the
98th to 99.5th percentile.

The constructed model for estimating wheat PH was validated using data from the
validation set (Figure 4). In this paper, the actual and estimated values of PH fitted well
at different developmental stages. The cumulative percentile method was more accurate
than the mean method for monitoring the height of wheat plants during all three fertility
periods. Therefore, for the later estimation of biomass, the fused PH data was calculated
using a model constructed by the cumulative percentile method.
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Figure 3. Results of the plant height estimation based on elevation data using the cumulative
percentile method. Note: (a) coefficient of determination, (b) root mean square error, (c) normalized
root mean square error.

3.3. AGB Estimation
3.3.1. Correlation between CIS and AGB

Correlation coefficients (r) were determined between the AGB and CIS. As shown in
Figure 5, the 12 CIS: ExG, MGRVI, NDI, ExGR, RGBVI, GRRI, RGRI, BGRI, NGBDI, GIVE,
VEG and COM, were correlated with AGB in all three stages at highly significant levels.
The correlations of VARI, BRRI, NPCI, IF and WI with biomass at all stages of wheat had
different levels of correlation. The color index, VARI, did not reach significant levels only
at the jointing stage, but the correlation between VARI and biomass reached significant
levels at the booting and flowering stages. BRRI and NPCI were only correlated to highly
significant levels with biomass at the jointing stage, while IF and WI were correlated to
highly significant levels in jointing stage and flowering stage except for biomass at the
booting stage. In addition, BGRI, GIVE, GRRI and VEG showed the best correlations at
jointing, booting and flowering with their correlation coefficients of −0.795, −0.855 and
0.898, respectively.



Agriculture 2023, 13, 9 11 of 21Agriculture 2022, 12, x FOR PEER REVIEW 11 of 23 
 

 

 

Figure 4. Relationship between measured and estimated plant height (cm) using the (a) cumulative 

percentile method and the (b) mean value method. 

3.3. AGB Estimation 

3.3.1. Correlation between CIS and AGB 

Correlation coefficients (r) were determined between the AGB and CIS. As shown in 

Figure 5, the 12 CIS: ExG, MGRVI, NDI, ExGR, RGBVI, GRRI, RGRI, BGRI, NGBDI, 

GIVE, VEG and COM, were correlated with AGB in all three stages at highly significant 

levels. The correlations of VARI, BRRI, NPCI, IF and WI with biomass at all stages of 

wheat had different levels of correlation. The color index, VARI, did not reach significant 

levels only at the jointing stage, but the correlation between VARI and biomass reached 

significant levels at the booting and flowering stages. BRRI and NPCI were only corre-

lated to highly significant levels with biomass at the jointing stage, while IF and WI were 

correlated to highly significant levels in jointing stage and flowering stage except for 

biomass at the booting stage. In addition, BGRI, GIVE, GRRI and VEG showed the best 

correlations at jointing, booting and flowering with their correlation coefficients of 

−0.795, −0.855 and 0.898, respectively. 

Figure 4. Relationship between measured and estimated plant height (cm) using the (a) cumulative
percentile method and the (b) mean value method.

Agriculture 2022, 12, x FOR PEER REVIEW 12 of 23 
 

 

 

Figure 5. Correlation coefficient (r) between CIS and AGB. Note: * indicates significance at p < 0.05, 

and ** indicates significance at p < 0.01. 

3.3.2. Use of CIS to Estimate AGB 

Figure 6 showed the modeling effect of the single color index to estimate biomass. 

As the reproductive period advanced, the estimated accuracy showed an increasing 

trend. The PLSR method had the highest estimation accuracy with R2 of 0.68 and 0.77, 

RMSE of 374 kg/ha and 830.12 kg/ha, and NRMSE of 15.23% and 15.57% at the jointing 

and booting stages, respectively. The best estimation method for flowering and mul-

ti-stages was LASSO with R2 of 0.85 and 0.73, RMSE of 963 kg/ha and 1485.04 kg/ha, and 

NRMSE of 12.58% and 27.74%, respectively. In general, the prediction accuracy of all five 

models based on the CIS should be improved. 

Figure 5. Correlation coefficient (r) between CIS and AGB. Note: * indicates significance at p < 0.05,
and ** indicates significance at p < 0.01.

3.3.2. Use of CIS to Estimate AGB

Figure 6 showed the modeling effect of the single color index to estimate biomass. As
the reproductive period advanced, the estimated accuracy showed an increasing trend.
The PLSR method had the highest estimation accuracy with R2 of 0.68 and 0.77, RMSE of
374 kg/ha and 830.12 kg/ha, and NRMSE of 15.23% and 15.57% at the jointing and booting
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stages, respectively. The best estimation method for flowering and multi-stages was LASSO
with R2 of 0.85 and 0.73, RMSE of 963 kg/ha and 1485.04 kg/ha, and NRMSE of 12.58%
and 27.74%, respectively. In general, the prediction accuracy of all five models based on the
CIS should be improved.
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3.3.3. Use of CIS and PH to Estimate AGB

The results of the AGB estimation by combining the PH with the CIS are shown in
Figure 7. The estimation accuracy of the models was significantly improved by integrating
the PH data, and the accuracy of all models was higher than 0.7, except for the jointing
stage. Overall, among the three reproductive periods, the estimation accuracy of PLSR was
the best, with the highest R2 of 0.9, RMSE of 831.86 kg/ha, and NRMSE of 11.50%. The
accuracy of the PLSR method was the most stable and least influenced by the periods.
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3.4. Evaluation of Model Prediction Accuracy

As shown in Figure 8, the predicted and measured values of wheat AGB showed
good agreement, especially with the advancement of the fertility period, and the predic-
tion accuracy of the model became higher. For the wheat AGB prediction models at the
jointing stage, the R2 values of the regression models constructed based on CIS and on the
combination of CIS and PH were MSR (0.63 and 0.73), LASSO (0.42 and 0.57), PLSR (0.42
and 0.57), SVR (0.51 and 0.56) and GPR (0.59 and 0.63), respectively, with the constructed
MSR method having the highest accuracy for the model. The R2 values of the CIS-based
and CIS + PH-based booting AGB estimation models constructed by the five algorithms
were MSR (0.69 and 0.81), LASSO (0.69 and 0.84), PLSR (0.68 and 0.81), SVR (0.68 and 0.79)
and GPR (0.52 and 0.73), respectively. The LASSO model for the booting stage had the
highest accuracy and the most significant improvement in the prediction accuracy of the
model with the incorporation of PH. The R2 values of the CIS-based and CIS + PH-based
flowering AGB estimation models constructed by the five algorithms were MSR (0.73 and
0.81), LASSO (0.73 and 0.81), PLSR (0.74 and 0.83), SVR (0.75 and 0.83) and GPR (0.73 and
0.79), respectively, with the model constructed by the PLSR method having the highest
accuracy. Compared with the model prediction accuracy of single fertility, the difference
among the model prediction accuracies of the five methods for multiple fertility periods
was small and more stable.
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Figure 8. Relationships between the measured and the predicted AGB (kg/ha) based on CIS or
CIS + PH using five regression models at different stages. Note: (a–e) jointing stage, (f–j) booting
stage, (k–o) flowering stage, (p–t) all stages.

4. Discussion
4.1. Inversion of PH

Many studies have been carried out on the extraction of PH as an important indi-
cator of the growth status of crops. Liu et al. [64] evaluated the validity of point clouds
obtained from UAV-based LiDAR to estimate the mean height of trees. Ziliani et al. [65] and
Grüner et al. [66] successfully extracted crop height using a UAV carrying a high-resolution
RGB camera. Although the methods of PH estimation have been studied in the past, there
are few comparative studies on the accuracy of these methods. In this study, two commonly
used methods for estimating PH were analyzed and the optimal model for each period of
wheat and the optimal method for both estimation methods were derived by comparing
them using three indicators, R2, RMSE and NRMSE. The results showed that the accuracy
of the cumulative height percentile method was better than that of the mean value method,
but the difference between the two methods was small. The reason for this was mainly
from the grasp of the canopy height [67]. The mean value method uses CSM to directly
average the elevation difference between DSM and DEM as the PH of crops. However, the
disadvantage of this method may be that if the plant type is loose or the planting density
is low, some parts below the canopy will also be recorded as the PH, thus reducing the
extracted PH. We found this problem during the pre-processing of the data. Therefore,
when processing the images at low planting densities, we dispersed the ROI at the canopy
to avoid taking the lower part of the plant, while ensuring that the same image DN values
were selected as in the high-planting-density plots. As the result, the extracted heights of
the plants did not show significant differences at different density conditions in this study.
This also demonstrates the broader applicability of the method in this study. The cumu-
lative height percentile method uses the height value of the high percentile as the upper
boundary, which can avoid the influence of the lower blade. In addition, the PH extraction
based on the cumulative height percentile method, with the increase in the high percentile,
the overall PH extraction accuracy showed a trend of first rising and then declining, and
generally started to decline at the 100th percentile, reaching the best at the 99th or 99.5th
percentile. The experimental results were consistent with those of Madec et al. [20] and
differed from Lu et al. [50] and Niu et al. [51]. The main reason for this discrepancy may be
that the subject of this study was wheat, where the canopy tip consists of grain heads. In
contrast, the subject of the other two studies was maize, where the canopy top was a tassel
and the distribution of point clouds at the top of maize was sparser than wheat.

4.2. Evaluation of Model Estimation Performance by Extracted PH

The changes in the modeling accuracy of the CIS-based AGB estimation models were
compared with that of the CIS + PH-based estimation models, and histograms (Figure 9)
were created for further analysis. As shown in Figure 9, the amount of R2 variation
was positive and the RMSE and NRMSE were negative at all fertility stages, indicating
that the addition of extracted PH improved the fit of different estimation models for
wheat biomass at different fertility stages, reduced the estimation error and improved the
estimation accuracy.
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Analysis of the effect of PH on the coefficient of determination for the models showed
that PH had the greatest effect on the accuracy of the multi-fertility estimation models, and
that the multi-fertility estimation models improved more than the single-period models.
The non-parametric models outperformed the parametric models during the jointing period,
except for SVR, which had a lower R2 variation than the two parametric models, with the
GPR model showing the greatest improvement. At the booting stage, all models, especially
the GPR model, showed a high increase with the addition of the PH parameter. In the
estimation models for flowering and multi-fertility, the non-parametric models showed
greater improvement than the parametric models, with the SVR showing the greatest
improvement. In the construction of the biomass estimation model with CIS + PH, it was
found that the modeling accuracy of the non-parametric model was generally higher than
that of the parametric model at the jointing stage and lower than that of the parametric
model at the booting stage, while the validation accuracy of the non-parametric model was
lower than that of the parametric model at both fertility stages (jointing and booting). Both
types of models (parametric and non-parametric) had high accuracy and little difference
in estimation at flowering. The non-parametric models had higher estimation accuracy
and stability than the parametric models over multiple periods. Thus, the addition of PH
had a positive effect on the biomass estimates of all models during all fertility periods. In
comparison, the non-parametric models showed the highest overall enhancement, and both
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parametric and non-parametric models responded most strongly to PH during multiple
fertility periods.

According to our research, the extracted PH information is valid for biomass estimation
at the jointing, booting, flowering and multi-fertility stages. The extracted PH improved
the AGB estimation models for different fertility stages, probably because PH was an
important indicator of wheat growth and development, and the dynamic change in PH
indicated to some extent the ability of wheat source–sink organ development, reflecting
the positive growth of wheat [51]. Secondly, multivariate traits inherently incorporate
spatial and temporal variation in wheat populations and are consistently better predictors
of biomass than single variables [68–70]. Previous studies have also reported that different
canopy height estimates can improve the accuracy of biomass prediction [71,72].

4.3. Comparison of Modeling Methods

Parametric and non-parametric models are two types of models based on empirical
models. In this paper, a few representative modeling methods were selected for comparing
the differences between the two types of models. By comparing the CIS-based and the
accuracy of the model after the addition of PH, it was found that the parametric models
were more stable than the non-parametric models both before and after the addition of
PH. This is consistent with the findings of Zheng et al. [73], which is mainly because
non-parametric models have certain requirements for sample size and feature parameters,
and failure to meet the requirements results in a decrease in validation accuracy. In multi-
fertility modeling, the stability and accuracy of the non-parametric model with the addition
of PH were greatly improved compared to the previous one, indicating that the addition of
PH greatly improved the model performance. The reason for this is that the combination of
the CIS is relatively simple, with the potential for covariance problems and easy overfitting
in non-parametric models, whereas PH, as a morphological index with a highly significant
relationship to biomass, can well compensate for the lack of CIS. At the same time, adding
PH to the model can reduce the dependence of the model on CIS and effectively solve the
problem of CIS saturation in the later stage of growth, thus improving accuracy.

Niu et al. [51] suggested that simple linear regression performed better with a small
range of PH, while empirical models usually performed better with a large range of PH.
This finding was consistent with the present study, where the range of variation in PH
under multi-fertility was large and both the single and multi-fertility AGB estimation
models fused by PH and CIS performed better as non-parametric models. The MSR
model performed poorly in the use of CIS, with most of the estimation models for each
fertility period only being able to utilize one color index for modeling, which also existed
in a previous study [19,74,75]. In contrast, LASSO was chosen less in previous biomass
estimation studies, but as a model capable of compressing coefficients and solving the
co-linearity problem [76,77], the results showed that the overall estimation was better than
that for the MSR model, while also adopting more CIS and better tapping into the class of
variables consisting of simple information such as CIS. Therefore, in future research, the
use of the LASSO regression model can be gradually increased and deepened to improve
the value of the model in the field of agricultural remote sensing monitoring.

5. Conclusions

In this study, the crop surface model and high-resolution digital canopy image of
wheat were obtained by a high-precision UAV carrying RTK, and the PH data of wheat
were successfully extracted, and then the wheat AGB estimation models were constructed
based on CIS and after adding PH. It was concluded that the PH estimation method based
on the CIS estimation method had the lowest accuracy, and the PH extraction method
based on the cumulative height percentile method was consistently more accurate than
the mean value method at all fertility stages, compared to the two types of PH extraction
methods based on elevation data. Therefore, this study concluded that the PH extraction
method based on the cumulative height percentile method is more suitable for UAVs. In
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the process of constructing the wheat AGB estimation model, the accuracy of the AGB
estimation model was significantly improved by adding PH data to both parametric and
non-parametric models. Through the analysis of results, the non-parametric model is more
susceptible to the influence of PH parameters, and the PLSR (CIS + PH) model has high
accuracy and stability.
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