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Abstract: Leaf area index (LAI), which is an important vegetation structure parameter, plays a crucial
role in evaluating crop growth and yield. Generally, it is difficult to accurately estimate LAI only
using vegetation index in remote sensing (RS), especially for unmanned aerial vehicle (UAV) based
RS, as its high-resolution advantage has not been fully utilized. This study aims to propose an
improved LAI estimation method that comprehensively considers spectral information and structural
information provided by the UAV-based RS to improve the LAI estimation accuracy of field-grown
wheat. Specifically, this method introduces the canopy height model (CHM) to compensate for the
lack of structural information in LAI estimation, and then takes canopy coverage (CC) as a correction
parameter to alleviate the LAI overestimation. Finally, the performance of this method is verified on
RGB and multispectral images, respectively. The results show that canopy structure, namely CHM
and CC, can significantly improve the accuracy of LAI estimation. Compared with the traditional
method, the proposed method improves the accuracy by 22.6% on multispectral images (R2 = 0.72,
RMSE = 0.556) and by 43.6% on RGB images (R2 = 0.742, RMSE = 0.534). This study provides a simple
and practical method for UAV-based LAI estimation, especially for the application of low-cost RGB
sensors in precision agriculture and other fields.

Keywords: wheat; canopy height; LAI; UAV; growth characteristics; canopy coverage

1. Introduction

Wheat is one of the major food crops in the world. To ensure stable wheat production,
crop managers must monitor its growth status quickly and accurately. Leaf area index
(LAI) is a key canopy structure parameter related to the photosynthesis, respiration, and
transpiration of vegetation, and is generally regarded as an effective indicator for moni-
toring crop growth [1]. Accurate estimation of crop leaf area index can provide effective
technical support for fertilization and water management in precision agriculture [2].

Remote sensing (RS) is a technology that can obtain information about an object
without making physical contact with the object. Due to its advantages of wide coverage,
non-destructive, and repeatable observations, it has been widely used in monitoring crop
growth [3,4]. It has been proved that RS could efficiently acquire canopy spectral data
which contains a large of information on the canopy interaction with solar radiation such
as vegetation absorption and scattering [5]. Vegetation reflectance and vegetation index
(VI) have been developed as the main spectral features to evaluate vegetation growth. In
the previous studies, various VIs have been proposed to retrieve biophysical parameters
such as LAI [6–8], chlorophyll content [9–11], and biomass [12–14]. It is worth mentioning
that despite the relatively low reflectance of leaves in the visible spectrum range, there are
still studies that propose to use the mathematical combination between the visible bands to
construct a color index (CI) to estimate the LAI and other biophysical parameters [15–17].
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The platforms for obtaining remote sensing data in previous studies mainly include
ground-based, airborne, and satellite platforms. Ground-based sensors are easy to oper-
ate and can quickly acquire high-precision ground data, but the measurement range of
these sensors is limited, and data acquisition is time-consuming and labor-intensive. In
contrast, satellite platform remote sensing monitoring has a wide range and high efficiency.
However, satellites are often limited by factors such as revisiting periods or weather con-
ditions [18], making it difficult to obtain adequate and valid satellite data across multiple
crop growth stages. In addition, the small size and scattered distribution of the fields in
most regions of China also provide a challenge for the spatial resolution of satellite images.
Airborne platforms, especially unmanned aerial systems (UAS), have the advantages of
flexibility, efficiency, and low cost, and can acquire large-area high-resolution image data in
time. Therefore, there are numerous studies using UAVs with multispectral, hyperspectral,
or true color (RGB) sensors for crop growth monitoring [19–21]. UAV remote sensing
technology has also been widely used in wheat LAI monitoring [22,23]. In addition, UAV
photogrammetry system based on structure from motion (SfM) algorithm matches image
feature points using overlapping photos acquired from multiple positions and generates
3D point cloud with high geometric accuracy [24]. Structural features such as canopy
height can be obtained based on UAV photogrammetry point clouds [25]. In recent years,
research on monitoring crop growth status by combining spectral information and crop
height has gradually increased. Studies have found that the combination of vegetation
index and canopy height can effectively improve the estimation accuracy of LAI [26],
biomass [16,27,28], forest volume [29] and crop yield [30]. Other studies showed that
vegetation index combined with canopy coverage can also be used to estimate LAI [31,32].
However, the above studies are rarely used for LAI estimation of crops such as wheat. In
addition, previous studies either directly estimate LAI based on vegetation index, or esti-
mate LAI based on a single combination of vegetation index and canopy height or canopy
coverage, which lacks comprehensive consideration of spectral features and structural
features (canopy height and coverage).

Based on the above knowledge, the main purpose of this study is to introduce a novel
method for wheat LAI estimation based on UAV images, which comprehensively considers
spectral information and structural information. Experiments analyze the performance of
this method on visible light and multispectral sensors, respectively. To this end, the study
derived various spectral indices, canopy height model (CHM), and canopy coverage (CC)
based on UAV images, and then the CHM_VI constructed by vegetation index weighted
canopy heights was used as a remote sensing index to estimate LAI. Finally, the LAI
estimation model was corrected with CC as the correction parameter. In order to verify the
effectiveness of the method, the LAI estimation results before and after the introduction
of canopy height and CC correction were used to evaluate the accuracy with the field
measurements. This study will provide technical support for LAI monitoring of farmland
crops based on UAV imagery.

2. Materials and Methods
2.1. Study Area

The study area is located in Xinyang City, Henan Province, China (32◦19′5′′N, 114◦38′1′′E),
with a continental monsoon climate transitioning from the northern subtropical zone to the
warm temperate zone (Figure 1). The average annual temperature is 15.1–15.3 ◦C, the average
annual rainfall is 900–1400 mm, the terrain is flat, and the sunshine is sufficient, which is suitable
for the growth of various crops. The study area is similar to a trapezoid, and only wheat
named Tianning 38 is grown in the area. As shown in Figure 1c, in order to facilitate drainage
and irrigation, there are many ditches distributed from west to east in the study area. In this
experiment, 80 quadrats of 2 m × 2 m were designed and evenly distributed in the study
area. During the study period, wheat was at the heading stage and was treated with normal
fertilization and irrigation.
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nels (i.e., blue (475 ± 32 nm), green (560 ± 27 nm), red (668 ± 14 nm), NIR (842 ± 57 nm), 
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Figure 1. Overview of the study area. (a,b) shows the location of the experimental farm in this study;
(c) general situation of experimental field and the distribution of LAI ground quadrat; (d) shows the
aircraft, sensors and calibration version used for data acquisition.

Eight ground control points (GCPs) were arranged evenly in the study area for image
mosaicking and rectification. The position information of GCPs was collected with a global
navigation satellite system real-time kinematic (GNSS RTK) instrument (Trimble R8s GNSS).
This instrument had a horizontal accuracy of 1.0 cm and a vertical accuracy of 2.0 cm.

2.2. UAV Data Acquisition and Pre-Processing

A CMOS camera with a field of view of 84◦, a maximum aperture of f/2.8, and an effec-
tive pixel of 20 million was mounted on the DJI Phantom 4 RTK UAV (DJI, Shenzhen, China)
to capture RGB images. RGB images were saved in JPEG format at 4864 × 3648 resolution.

A MicaSense Altum camera was mounted on the Matrice 200 UAV (DJI, Shenzhen,
China) to capture multispectral images. MicaSense Altum camera can acquire five channels
(i.e., blue (475 ± 32 nm), green (560 ± 27 nm), red (668 ± 14 nm), NIR (842 ± 57 nm), and
RE (717± 12 nm)) of spectral information. The spectral response curves of the five channels
are shown in Figure 2.

Micasense Altum camera is equipped with light intensity sensor, Global Positioning
System (GPS) module, and calibration target. The light intensity sensor can be used to
correct the influence of sunlight changes on the image; the GPS module simultaneously
records the position information of each image; the calibration target has fixed reflectance
information, which can be used to correct the reflectance of the image. Before each flight,
the calibration target was placed horizontally on the ground, then the UAV was fixed one
meter above the calibration target, and the Micasense Altum camera was used to take
images of the calibration target from the vertical sun exposure direction, and these images
were used for subsequent radiation correction.
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Figure 2. Spectral response curves of MicaSense Altum.

The UAV campaign was conducted under clear and calm weather conditions on
27 April 2021. All flights were recorded between 10:00 a.m. and 2:00 p.m. local time. When
acquiring an RGB images, set the photo ratio to 4:3, enable elevation optimization, and set
the white balance according to the actual situation. An automatic mode was utilized to
acquire multispectral images, which was recommended by MicaSense for normal exposure.
The aerial photography parameters of UAVs equipped with different sensors are shown
in Table 1.

Table 1. UAV image acquisition information.

Sensor Flight Data Altitude (m) Speed (m/s) Overlap Image GSD (cm)

COMS camera 12:05 a.m. 55 3
80% (forward)

1.4570% (side)

Micasense Altum 12:27 a.m. 55 3
70%(forward)

2.6170% (side)

UAV images underwent a series of pre-processing, including vignetting correction,
lens distortion correction, and image mosaicking, in addition to multispectral images
including band registration and radiometric calibration. The above pre-processing steps
were performed in the Pix4D Mapper software. During the image mosaicking, the GPS
information of the eight control points measured by GNSS RTK was imported into the
Pix4D Mapper to improve the geometric accuracy of the generated orthomosaics and point
clouds. Based on the photogrammetric point clouds, the digital surface model (DSM)
was generated and exported in the TIF format with the same GSD as the corresponding
orthomosaics. For radiometric calibration of multispectral images, the calibration plate
images captured by the Micasense Altum camera were first imported into Pix4D Mapper,
and the software can recognize these images and automatically use the known reflectance
values provided by MicaSense for radiometric calibration.

2.3. Field Data Acquisition

LAI was obtained using the LAI-2200C vegetation canopy analyzer before 10:00 a.m.
on the same day as the UAV flights. To minimize measurement errors, thirteen independent
measurements were taken for each quadrat, and the average of thirteen readings was



Remote Sens. 2022, 14, 4013 5 of 17

calculated as the ground truth of LAI in each quadrat. In this study, 80 quadrats with
different degrees of density were measured, all of which were used for subsequent analysis.
In order to verify the accuracy of the canopy height model, the experiment measured the
wheat canopy height with a ruler, and the minimum measurement unit was 1 mm. In the
experiment, 10 wheat plants were randomly selected in each quadrat to measure their plant
height, and the average value was calculated as the measured canopy height of the quadrat.
The geographic coordinates of the quadrats were recorded using GNSS RTK device to
match the UAV images with the corresponding quadrats.

2.4. Method
2.4.1. An Improved LAI Estimation Method

An improved LAI estimation method proposed in this study mainly includes three
steps: (1) Extract wheat canopy spectral information (vegetation index (VI)) and wheat
growth characteristics (canopy height (CHM) and canopy coverage (CC)) based on UAV
images; (2) The vegetation index weighted canopy height model obtains the remote sensing
index CHM_VI; (3) The LAI estimation model based on CHM_VI was corrected by using
CC as a correction parameter. The overall flow of this method to estimate LAI is shown
in Figure 3.
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The essence of an improved LAI estimation method is to further improve the LAI
estimation accuracy by incorporating the crop canopy height and coverage on the basis
of spectral information. Among them, canopy height and vegetation index were used to
construct the LAI estimation model, and CC was used as a correction parameter to optimize
the performance of the estimation model. The study estimated the final wheat LAI by
Equations (1) and (2).
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LAIcorrected = LAImodel × CC (1)

LAImodel = F (CHM, VI) (2)

where LAIcorrected is the final LAI estimate after CC correction, LAImodel is the original LAI
estimate based on the empirical model, and F is the linear regression function, CHM and
VI are the characteristic variables for estimating LAI. The research used CHM to adjust VI
in a weighted manner to generate CHM_VI, and then establishes an empirical model of
CHM_VI and LAI for LAI estimation. Its calculation formula is as follows:

CHM_VI = CHM × VIRmax (3)

In the Equation (3), VIRmax is a vegetation index with the highest correlation with LAI.
The VIRmax and CHM were combined in the form of multiplication (VIRmax ∗ CHM) to
establish LAI regression models [26].

For the calculation of sample values of CHM and VI, a square buffer with a side length
of 2 m was first generated for each quadrat, and then the VI and CHM values of all pixels
in the region were averaged to express the VI value and CHM value of the quadrats.

2.4.2. Vegetation Index (VI) Calculation

In order to evaluate the correlation between different VIs and LAI, and to find the most
correlated multispectral vegetation indices (MS-VIs) and visible light vegetation indices
(RGB-VIs) among VIs for LAI estimation, a series of published optical indices, including five
MS-VIs and five RGB-VIs, were calculated by the formulas shown in Table 2. These indices
have all been proven to be useful indicators of vegetation growth and were commonly
used in crop growth monitoring and vegetation detection. MS-VIs were calculated from
multispectral images using the mean value (i.e., spectral reflectance) of each quadrat, while
RGB-VIs were calculated using re-normalized r, g, and b bands [33].

Table 2. Definition of the selected VIs.

Vegetation Index Formula 1 Reference

Excess Green Index
(ExG) 2 g – r − b [34]

Excess Green minus Excess Red Index
(ExGR) 3 g − 2.4 r − b [33]

Normalized Green minus Red Difference Index
(NGRDI) (g − r)/(g + r) [34]

Visible Atmospherically Resistant Index
(VARI) (g − r)/(g + r − b) [35]

Green Leaf Index
(GLI) (2 g – b − r)/(2 g + b + r) [36]

Red-edge Normalized Difference Vegetation Index
(NDRE) (pnir − pred edge)/(pnir + pred edge) [37]

Normalized Difference Vegetation Index
(NDVI) (pnir − pred)/(pnir + pred) [38]

Green Normalized Difference Vegetation Index (GNDVI) (pnir − pgreen)/(pnir + pgreen) [39]
Difference Vegetation Index

(DVI) pnir − pred [40]

Optimized Soil Adjusted Vegetation Index
(OSAVI) (1 + 0.16) × (pnir − pred)/(pnir + pred + 0.16) [41]

1 Wavelengths of pred, pgreen, pbule, pred edge, and pnir were 475, 560, 668, 717, and 842 nm. g = G/(R + G + B),
r = R/(R + G + B), b = B/(R + G + B). R, G, and B represent the mean digital number values of each quadrat
derived from RGB images, which range from 0 to 255.

The correlations between the above ten VIs and LAI are shown in Table 3.
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Table 3. Correlation coefficient (R) between image-derived information and LAI.

Index Type Spectral Index Pearson Correlation Coefficient (R)

RGB-VIs

ExG 0.433 **
ExGR 0.408 **

NGRDI 0.379 **
VARI 0.372 **
GLI 0.434 **

MS-VIs

NDRE 0.729 **
NDVI 0.570 **

GNDVI 0.727 **
DVI 0.453 **

OSAVI 0.542 **
The highest r value for each type of metrics is highlighted in boldface. Description for each index and metric
referred to Table 2. ** Correlation is significant at the 0.01 level (2-tailed).

The results showed that all vegetation indices selected in the experiment were signifi-
cantly correlated with LAI. Among them, the indices with relatively highest correlation
coefficient values in MS-VIs and RGB-VIs were NDRE (R = 0.729) and GLI (R = 0.434),
respectively. Therefore, in this study, the best spectral features for estimating wheat LAI
from RGB imagery and multispectral imagery were GLI and NDRE, respectively, and the
LAI estimation model is constructed on this basis.

2.4.3. Canopy Height and Coverage Extraction

The Canopy Height Model (CHM) represents the height of vegetation growth. To
get the CHM, the digital surface model (DSM) generated by the photogrammetric point
clouds was subtracted from the bare ground DSM [28] (Figure 4). The bare ground model
was represented by a constant that was the mean of all quadrat elevations measured with
GNSS RTK. Because the terrain of the study area is flat, the quadrat was evenly distributed
throughout the study area, and the standard deviation of the elevation of the quadrat is
only 0.056 m, so it is feasible to use the average elevation of the quadrat in the study area
as the bare ground model of the flat wheat field. The above operations were performed in
ArcGIS10.5 software.
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In the experiment, the canopy coverage of all quadrats was calculated according
to Equation (4).

CC =
Avegetation

Aall
(4)

In the formula, Avegetation represents the area of vegetation in the quadrat, and Aall
represents the area of the entire quadrat.

The study used support vector machine (SVM) to classify the entire study area, di-
viding the objects in the study area into two categories: vegetation and non-vegetation,
and then counting the area occupied by vegetation in the quadrat to calculate CC of each
quadrat. The entire quadrat dataset was divided into sparse canopy structure dataset
and closed canopy structure dataset based on CC to explore the difference in estimation
performance under different canopy structures. The quadrats with CC less than 90% were
classified as sparse dataset, and the remaining ones were classified as closed dataset.

2.5. Evaluation Method

Based on the entire dataset (80 quadrats), closed dataset (39 quadrats), and sparse
dataset (41 quadrats), the LAI estimation results obtained by the traditional method and
the improved LAI estimation method were compared with on-site measurement for ac-
curacy evaluation. The performance of the LAI estimation model was assessed using the
Coefficient of determination (R2), Root mean square error (RMSE) and Normalized Root
mean square error (NRMSE), and its expression is shown in Equations (5)–(7). Origin 2017
software was used for modeling and the production of result graphs.

R2 =
∑n

1 (xi − x)2(yi − y)2

n ∑n
1 (xi − x)2 ∑n

1 (yi − y)2 (5)

RMSE =

√
∑n

1 (pi − qi)
2

n
(6)

NRMSE =
RMSE

q
(7)

In the formula: n is the number of samples; xi, yi, x, and y, represent the independent
variable value, dependent variable value, independent variable mean value, and dependent
variable mean value involved in the model, respectively; pi is the estimated value of the
model; qi is the field observed value, q is the mean value of field observations.

3. Results
3.1. LAI Estimation Accuracy

Based on the vegetation index GLI and NDRE calculated from UAV RGB and multi-
spectral images, the research compared the accuracy of LAI estimation by the traditional
method only using vegetation index and the improved method proposed in this experiment
(incorporating with CHM and CC). The results are shown in Figure 5.

From the entire dataset, the R2 of the LAI estimated by the GLI and the improved
method was 0.188 and 0.742, the RMSE was 0.946 and 0.534, the NRMSE was 0.384 and
0.217, respectively, and the RMSE decreased by 43.6%. The R2 of the LAI estimated by
the NDRE and the improved method was 0.531 and 0.72, the RMSE was 0.718 and 0.556,
the NRMSE was 0.291 and 0.226, respectively, and the RMSE decreased by 22.6%. The
results show that the improved LAI estimation method combined with CHM and CC
correction on the basis of the original vegetation index can significantly improve the LAI
estimation accuracy. Both RGB images and multispectral images showed good results,
but the improvement of RGB images is more prominent. The improved method performs
similarly on closed and sparse datasets.
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3.2. Influence of Canopy Height

In order to explore the influence of canopy height on LAI estimation, for RGB images,
two empirical models were constructed to estimate LAI using GLI and CHM_GLI obtained
from GLI weighted CHM, respectively. For multispectral images, two other empirical
models were constructed to estimate LAI using NDRE and CHM_NDRE obtained from
NDRE weighted CHM, respectively. The performance of the four models on different
canopy structure datasets was shown in Figure 6.

It can be seen from Figure 6 that the RGB-VI (GLI) calculated based on the RGB
imagery, combined with CHM, performs well in the LAI estimation of different datasets. In
the entire dataset (Figure 6d: R2 = 0.478, RMSE = 0.758, NRMSE = 0.307), closed dataset
(Figure 6e: R2 = 0.592, RMSE = 0.573, NRMSE = 0.233) and sparse dataset (Figure 6f:
R2 = 0.782, RMSE = 0.549, NRMSE = 0.222), compared with the GLI estimation model,
the CHM_GLI estimation model significantly improves R2, while the RMSE and NRMSE
decrease. It shows that RGB-VIs can significantly improve the LAI estimation accuracy
when combined with CHM. Therefore, when we conduct the estimation of crop LAI, canopy
height can also be used as one of the effective features, and its addition can improve the
estimation performance of LAI to a certain extent. Especially when the acquired spectral
information is limited (RGB imagery), canopy height can be used as an effective information
to make up for the lack of spectral information, thereby improving the estimation accuracy
of crop LAI.
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The MS-VI (NDRE) calculated based on the multispectral imagery, combined with
CHM, performed well in the LAI estimation of different datasets. However, in the
entire dataset (Figure 6j: R2 = 0.556, RMSE = 0.669, NRMSE = 0.284), closed dataset
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(Figure 6k: R2 = 0.551, RMSE = 0.601, NRMSE = 0.245), and sparse dataset (Figure 6l:
R2 = 0.824, RMSE = 0.493, NRMSE = 0.199), compared with the NDRE estimation model,
the CHM_NDRE estimation model has no significant improvement in the LAI estimation
accuracy. It can be seen that the canopy height information was more conducive to improv-
ing the accuracy of LAI estimation in RGB images with weak spectral information. For
multispectral images with strong spectral information, better LAI estimation performance
can be obtained only based on the spectral information (Figure 6g–i), and the addition of
CHM had no significant effect on it.

The experiments also found that when the measured LAI value was small or the canopy
structure was sparse, the model overestimated the LAI. Therefore, the canopy structure of
wheat appears to affect the performance of the model for LAI estimation. To account for the
impact of canopy structure on LAI estimation, the performance of the LAI estimation model
was tested with entire, closed, and sparse datasets. The LAI estimation performance based
on the GLI model is quite different among the three datasets (Figure 6a–c). In contrast, the
closed dataset (Figure 6a: R2 = 0.36, RMSE = 0.718, NRMSE = 0.292) had better estimation
performance than the entire dataset (Figure 6b: R2 = 0.188, RMSE = 0.946, NRMSE = 0.384).
Although the R2 of the sparse dataset (Figure 6c: R2 = 0.466, RMSE = 0.859, NRMSE = 0.347)
is slightly higher, both RMSE and NRMSE were larger than those of the closed dataset,
and there was an overall LAI overestimation. In addition to this, the LAI estimation
performance of other models also had obvious differences between different datasets. Thus,
the canopy structure of wheat is a critical element affecting the performance of the model
on LAI estimation.

3.3. Influence of CC Correction

As mentioned in Section 3.2, there was an overestimation in the model estimation at
low LAI values. Therefore, we tried to use CC to correct the estimation results and explore
whether CC would affect LAI estimation positively. Figure 7 shows that R2 increased and
both RMSE and NRMSE decreased after the correction for all datasets, indicating that CC
has a positive impact on LAI estimation performance. However, the effects of CC on the
estimation results varied with the datasets. The correction effects on the LAI estimation
model were significant on the entire dataset and sparse dataset, while it was not large on
the closed dataset.

Based on RGB imagery (Figure 7a–c), after CC correction, NRMSE decreased by 29.32%
on the entire dataset and by 36.04% on the sparse dataset, but only by 3.43% on the closed
dataset. The CC in the closed dataset was above 90% in every quadrat, so the correction
would not have much impact. In general, CC correction can greatly improve the accuracy
of LAI estimation from RGB images, except in areas where wheat is very densely grown.
Based on multispectral imagery (Figure 7d–f), after CC correction, NRMSE decreased by
20.42% on the entire dataset and by 23.12% on the sparse dataset, but only by 2.45% on the
closed dataset. This had a similar performance to RGB imagery. For multispectral imagery,
CC correction can also improve the estimation accuracy of LAI, but the improvement effect
was not as good as that of RGB imagery.
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4. Discussion
4.1. The Role of UAV Remote Sensing

Canopy structure information is a key factor to improve the LAI estimation accuracy in
this study. For field crops, neither ground-based measuring instruments nor satellite remote
sensing can accurately obtain crop structure information. However, with the advantages of
ultra-high resolution and photogrammetry technology, UAV remote sensing can not only
obtain crop canopy point clouds but also accurately calculate canopy coverage. Therefore,
UAV remote sensing plays an important role in precision agriculture.

In this study, crop canopy height and coverage were defined as crop growth character-
istics. As a structural parameter, LAI is closely related to crop growth. Theoretically, the
taller the crop is, the more leaves it will produce, which means that within a unit area, a
taller crop will produce a larger unit leaf area, and the corresponding LAI will be larger.
Therefore, crop height and LAI are correlated. Taking crop canopy height as one of the
characteristics of LAI estimation will effectively improve the accuracy of LAI estimation,
and previous studies have also reached similar conclusions [42–44]. In our method, the
canopy height and the vegetation index were combined in a multiplicative manner, and the
effectiveness of this manner has been proved in previous studies on monitoring the growth
of rapeseed [26], which can effectively avoid the problem of weight selection. Ensuring
the accuracy of crop height information extraction is a key step before applying height
information to the features of crop LAI estimation. In this study, the canopy height model
(CHM) of crops was extracted by UAV photogrammetry. To be precise, it is obtained
by subtracting the bare ground DSM from the DSM generated by UAV photogrammetry.
Among them, the bare ground DSM is replaced by the average elevation of all sample
quadrats, and there were two main reasons why this was possible. First, the terrain of
the study area is flat, the quadrats are evenly distributed in the whole study area, and the
standard deviation of elevation of all quadrats is only 0.056 m. Second, it is difficult to
obtain enough ground points in the densely growing wheat field for the point cloud of
UAV photogrammetry. When the number of ground points is insufficient, the accuracy of
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the constructed bare-ground DSM cannot meet the requirements. Therefore, according to
the actual situation of the study area, the crop canopy height extraction method proposed
in this study is relatively more accurate. If the wheat field has a certain slope, we need to
separate the ground points from the photogrammetric point cloud to construct the bare
ground DSM to estimate the canopy height. This does not affect the LAI estimation method
proposed in this paper needing to select the appropriate bare ground DSM according to the
field situation.

In research experiments, the correlation and deviation between the canopy height
obtained by UAV photogrammetry and the canopy height measured in situ were calculated
(R2 = 0.778, RMSE = 0.027). Although the fitting accuracy of the canopy height was high,
there was also a certain error. This part of the reason was due to the fact that the sample
was a plot scale (2 m × 2 m quadrat), as the study cannot use GPS to accurately locate each
wheat plant, so there was a certain error in using the average height of 10 wheat plants as
the wheat canopy height of the entire quadrat. Another part of the reason was the error
of the DSM itself obtained by photogrammetry. Overall, the estimated canopy height in
this study exhibits strong agreement with ground measurements based on error metrics
(RMSE = 0.027 m). Similar results were also observed in other studies [45,46].

The leaf area index (LAI) is defined as the ratio of one-sided leaf area per unit of
ground area [47]. By definition, higher coverage means a higher ratio of leaf area per
unit ground area. Some studies have found that canopy coverage has a good correlation
with LAI [48–50], which is also the premise that this study can use canopy coverage as
a correction parameter to improve the accuracy of LAI estimation. Due to the structural
characteristics of wheat leaves, it is almost impossible for the canopy of wheat crops to
close. Therefore, when studying the biophysical parameters of wheat at the plot scale, the
canopy spectral values obtained from UAV images will be affected by the soil background
to a certain extent. In the process of wheat LAI estimation, the ground-measured LAI
corresponds to the heterogeneous canopy spectral index, which eventually leads to a
certain degree of LAI overestimation. To solve the above problem, CC was introduced as
a correction parameter to optimize estimated LAI values. Removing the soil background
could bring the crop canopy closer to the ideal state, and CC can offset the influence of
removing the soil background on the average reflectance. Thus, CC played an important
role in improving the estimation performance.

4.2. Potential of RGB Images

An improved LAI estimation method, incorporating growth characteristics of field-
grown wheat introduced in this study, shows different effects on RGB images and multi-
spectral images. Compared with multispectral images, this method improves the accuracy
of LAI estimation based on RGB images more obviously. In fact, the multispectral imagery
contains more abundant spectral information, and the wheat LAI can be well estimated only
by the multispectral information, so it is difficult to greatly improve the estimation accuracy
with the addition of structural information. However, the spectral information of the RGB
imagery itself is weak, and it is difficult to effectively monitor the wheat LAI only from the
visible light band. At this time, it is particularly important for LAI estimation to add the
structural parameters related to the LAI. In agricultural applications, visible light sensors
have low cost and high resolution. Many scholars have conducted corresponding research
on monitoring crop growth and inversion of relevant biophysical parameters from RGB
images. For example, Zhang et al. [51] applied airborne RGB images to effectively classify
crops and estimate leaf area index for a 6.5 km2 crop planting area. Yan et al. [17] improved
the estimation of fractional vegetation cover from UAV RGB imagery by color unmixing.
Maitiniyazi et al. introduced an efficient approach for using low-cost, high-resolution UAS
RGB imagery to accurately estimate soybean AGB. Those all indicate that RGB images
have great potential in precision agriculture or agricultural production monitoring. The
improved LAI estimation method proposed in this study also performs well on RGB im-
ages. As can be seen from Figure 5, after the RGB-VI GLI was combined with the growth
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characteristics, its LAI estimation effect can already reach a performance similar to that
of multispectral images. In addition, the use of digital cameras instead of multispectral
cameras for agricultural research reduces the requirements for light conditions during UAV
data collection to a certain extent, makes UAV data acquisition more flexible, and enriches
agricultural managers’ crop monitoring methods.

4.3. Estimation Method

There are two main approaches to estimate LAI or other biophysical parameters using
remote sensing data: radiative transfer models (RTMs) and empirical statistical models
(ESMs). Typical empirical algorithms for LAI estimation are mostly based on a simple
vegetation index (VI) or spectral transform values to build an estimation model [52–55].
This study combined VI with the structural features of high-resolution remote sensing
images into a new VI to construct a more accurate ESM, and the results demonstrate that
this method could improve the accuracy of wheat LAI estimation. Although ESM methods
are simple, efficient, and widely applicable, they may not be generally applicable to other
settings due to their reliance on specific modeling datasets for empirical relationships.
Therefore, in order to achieve a more comprehensive and accurate LAI estimation, it is
necessary to explore more LAI remote sensing acquisition methods.

UAV remote sensing can obtain high-resolution remote sensing images of various
altitudes and angles by virtue of its advantages. However, the current LAI estimation using
UAV remote sensing data still uses the above-mentioned traditional methods and does not
fully utilize the advantages of UAV remote sensing. In the future, referring to the principle
of the Plant Canopy Analyzer (LAI-2200), based on Beer’s Law, a new LAI measurement
method can be explored by using the multi-angle data of UAV. This will not only get rid of
the uncertainty of traditional inversion methods, but also provide a new type of planar LAI
measurement data.

5. Conclusions

This study proposed an improved LAI estimation method, combining spectral char-
acteristics and crop growth characteristics (canopy height and coverage) to improve the
accuracy of wheat LAI estimation based on UAV images. The main conclusions are as
follows: (1) The proposed method can improve the LAI estimation accuracy on both UAV
RGB imagery and multispectral imagery, especially on RGB imagery; (2) Canopy height
is correlated with LAI, and the introduction of CHM will significantly improve the LAI
estimation accuracy; (3) CC correction can improve the performance of LAI estimation
under non-closed canopy structure. This study provides a robust, practical, and low-cost
method for accurately estimate wheat leaf area index using UAV remote sensing data. The
research enriches the ways of using digital cameras for crop growth monitoring, which can
provide a reference for reducing the cost of agricultural production monitoring. Future
research should be extended to rice, soybean, maize, and other crops to develop a general
and crop-independent LAI estimation method.
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