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Abstract: Timely and accurate estimates of crop parameters are crucial for agriculture management.
Unmanned aerial vehicles (UAVs) carrying sophisticated cameras are very pertinent for this work
because they can obtain remote-sensing images with higher temporal, spatial, and ground resolution
than satellites. In this study, we evaluated (i) the performance of crop parameters estimates using a
near-surface spectroscopy (350~2500 nm, 3 nm at 700 nm, 8.5 nm at 1400 nm, 6.5 nm at 2100 nm),
a UAV-mounted snapshot hyperspectral sensor (450~950 nm, 8 nm at 532 nm) and a high-definition
digital camera (Visible, R, G, B); (ii) the crop surface models (CSMs), RGB-based vegetation indices
(VIs), hyperspectral-based VIs, and methods combined therefrom to make multi-temporal estimates
of crop parameters and to map the parameters. The estimated leaf area index (LAI) and above-ground
biomass (AGB) are obtained by using linear and exponential equations, random forest (RF) regression,
and partial least squares regression (PLSR) to combine the UAV based spectral VIs and crop heights
(from the CSMs). The results show that: (i) spectral VIs correlate strongly with LAI and AGB over
single growing stages when crop height correlates positively with AGB over multiple growth stages;
(ii) the correlation between the VIs multiplying crop height and AGB is greater than that between
a single VI and crop height; (iii) the AGB estimate from the UAV-mounted snapshot hyperspectral
sensor and high-definition digital camera is similar to the results from the ground spectrometer when
using the combined methods (i.e., using VIs multiplying crop height, RF and PLSR to combine VIs
and crop heights); and (iv) the spectral performance of the sensors is crucial in LAI estimates (the
wheat LAI cannot be accurately estimated over multiple growing stages when using only crop height).
The LAI estimates ranked from best to worst are ground spectrometer, UAV snapshot hyperspectral
sensor, and UAV high-definition digital camera.

Keywords: crop surface model; crop height; aboveground biomass; LAI; random forest regression;
partial least squares regression
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1. Introduction

Crop parameters, such as leaf area index (LAI) and above-ground biomass (AGB) are crucial for
accurately monitoring crop growth for agriculture management [1,2], and accurate estimates of crop
variables can help improve crop monitoring and yield predictions [3,4]. Traditional methods to estimate
crop parameters are based on destructive measurements, which not only are time and labor consuming
but, more importantly, are also difficult to apply over large areas. Remote-sensing data acquired from
the various platforms (ground, airborne, and satellite) can capture crop-canopy spectra and thereby
provide information on the biochemical composition of the crop canopy [5–8], and remote-sensing
technology is now used for estimating crop parameters such as LAI at different spatial resolutions [6],
AGB [5,7], chlorophyll (Chl) [9,10], and the fraction of absorbed photosynthetically active radiation
(fAPAR) [11,12].

Timely and accurate estimates of crop parameters are crucial for agriculture management.
To achieve this goal, remote sensing via unmanned aerial vehicles (UAVs) has recently attracted the
attention of many researchers because it yields remote-sensing images with higher temporal, spatial,
and ground resolutions than are available from satellites [13–16]. Unmanned aerial vehicle remote
sensing has numerous advantages compared with remote sensing from conventional aerial vehicles,
including cost, weight, flight speed, and flight altitude. More importantly, however, UAVs have
simpler requirements for takeoff and landing.

Crop-canopy spectral reflectance is determined by the parameters of the internal structure of
leaves (i.e., leaf mesophyll, chlorophyll a and b concentrations, water content, dry matter content, mass
per unit area, brown pigments, and total carotenoid content) and of the canopy structure (i.e., LAI,
leaf-inclination distribution function, sun and sensor zenith angles, and soil background) [17–20].
Therefore, the crop parameters can be estimated from the spectral characteristics. However, redundancy
and multicollinearity are two important aspects of hyperspectral data that cannot be ignored.
Many studies on estimating crop parameters tend to use the characteristic spectra in the visible
and near infrared blue (460 nm), green (560 nm), red (670 nm), near infrared (800 nm), and red-edge
bands) [21–23].

A vegetation index (VI) is a combination of two or more characteristic spectra acquired by
multispectral or hyperspectral remote-sensing techniques. It is a simple, effective, and empirical
measure of the status of surface vegetation. Many VIs have been developed to estimate crop parameters,
such as the normalized difference VI (NDVI) [21], the two-band enhanced VI (EVI2) [23], and the
optimized soil regulation VI (OSAVI) [22]. However, many VIs tend to saturate when used to estimate
crop parameters because they are insensitive at medium-to-high canopy cover [24]. Compared with
using only optical remote-sensing information, several fruitful results have been obtained in numerous
previous studies by using multi-source remote-sensing data. For example, Gao et al. [25] estimated
the LAI, height, and biomass of maize by using single-temporal Huanjing-1A/B (spectral) and
RADARSAT-2 (synthetic aperture radar, SAR). Jin et al. [24] estimated the LAI and biomass of winter
wheat by using multi-temporal Huanjing-1A/B (spectral) and RADARSAT-2 (SAR). These studies
indicate that best results for are obtained when spectral data and light detection and ranging (LiDAR)
or SAR data are combined.

Unmanned aerial vehicles may be equipped with snapshot sensors, global navigation satellite
systems, and inertial navigation systems, and the combined system can obtain geo-referenced images
in various geographic locations. The corresponding field digital orthophoto maps (DOMs) and
crop surface models (CSMs) [26] can be obtained by using digital photogrammetry technology.
UAV-mounted remote sensing can obtain not only spectral data but, more importantly, vertical growth
information on crops, such as crop height [27]. Crop height in turn may be used to estimate other crop
parameters because it describes the vertical growth state of crops when traditional satellite optical
remote sensing cannot [28].

Numerous studies have used UAV-based remote-sensing data to estimate crop parameters
[14,27,29,30]; they focus mostly on only CSMs or RGB-based VIs obtained from high-definition digital
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cameras to estimate crop parameters. The objectives of this study are thus to evaluate the performance
of different sensors by use of CSMs, VIs, and combinations thereof to make multi-temporal estimates
and maps of crop parameters. More specifically, we evaluate (i) the performance of crop parameters
estimates by using near-surface spectroscopy (350~2500 nm, 3 nm at 700 nm, 8.5 nm at 1400 nm,
6.5 nm at 2100 nm), a UAV-mounted snapshot hyperspectral sensor (450~950 nm, 8 nm at 532 nm)
and a high-definition digital camera (R, G, B); (ii) the crop surface models (CSMs), RGB-based VIs,
hyperspectral-based VIs, and methods combined therefrom to make multi-temporal estimates of crop
parameters and to map the parameters. Moreover, the estimated LAI and AGB are obtained by using
linear and exponential equations, random forest (RF) regression, and partial least squares regression
(PLSR) to combine the UAV based spectral VIs and crop heights (from the CSMs). This paper is
structured as follows:

(1) Section 2 presents the field sampling and treatment, the UAV remote-sensing data-acquisition
methods, and the methods used to generate DOMs and CSMs. It also discusses the selection of
VIs, data analysis, estimation methods, and statistical analysis.

(2) Section 3 presents the results and the precision of the estimates of crop parameters (i) when using
only RGB-based VIs and hyperspectral-based VIs; (ii) when using only crop height; (iii) when
combining the VIs and crop height; and (iv) when combining the spectral VIs and crop height by
using random forest regression and partial least squares regression.

(3) Section 4 analyzes and compares the advantages and disadvantages of the four approaches
detailed in Section 3. The advantages and disadvantages of remote sensing by UAV-mounted
snapshot hyperspectral sensors and high-definition digital cameras are also discussed.

(4) Finally, we discuss potential applications in agriculture of UAV-mounted snapshot hyperspectral
sensors and high-definition digital cameras.

2. Materials and Methods

2.1. Experiments

Experiments were conducted at the Xiao Tangshan National Precision Agriculture Research Center
of China, which is located in the Changping District (115◦50′17”–116◦29′49”E, 40◦2′18”–40◦23′13”N) of
Beijing, China. The territory of Changping District is flat, with an average altitude of 36 m, and it has a
warm temperate semi-humid continental monsoon climate. Changping District has an average low
temperature of−10–7.5 ◦C, an average high temperature of 35–40 ◦C, and an annual rainfall of 450 mm
(from China Meteorological Data Service, http://data.cma.cn/). The study site has fine-loamy soil.

A total of three plant groups were selected for ground measurements during the winter wheat
jointing, flagging, and flowering periods of 2015 (see Figure 1). Winter wheat was grown on 48 plots
and different amounts of nitrogen fertilizer and irrigation levels were used, as shown in Figure 1.
We applied two winter wheat varieties ((1) J9843 (human selected type being), Beijing Municipal
Bureau of Agriculture, China, and (2) ZM175 (human selected type being), Institute of Crop Science,
Chinese Academy of Agricultural Sciences, China), three water treatments (W0 is rainfall only, W1 is
rainfall plus 100 mm, and W2 is rainfall plus 200 mm), and four nitrogen treatments (N0 is no fertilizer,
N1 is 195 kg/ha, N2 is 390 kg/ha, and N3 is 780 kg/ha).

Three hyperspectral and high-definition digital images of winter wheat field were acquired
by using a snapshot hyperspectral sensor and a high-definition digital camera mounted on a
UAV. Ground hyperspectral data were collected by using a near-surface spectrometer. During the
ground-measurement campaign, winter wheat LAI, AGB, and canopy height were also measured
for each plot. Sensor parameters and data collection and processing methods are discussed in the
following sections.

http://data.cma.cn/
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Figure 1. Location of study area and experimental design: (a) location of study area in China; (b) map
showing Changping District in Beijing City; (c) design of treatments and images of ground-measurement
field acquired from unmanned aerial vehicle mounted high-definition digital camera.

2.2. Ground Measurement of Crop Parameters

2.2.1. Measurement of Field Hyperspectral Reflectance

Ground winter wheat canopy reflectance was measured by using an ASD Field Spec 3
spectrometer (Analytical Spectral Devices, Boulder, CO, USA). ASD Field Spec 3 spectrometer has a
full-range detection capacity (350 nm to 2500 nm, spectral resolution: 3 nm at 700 nm, 8.5 nm at 1400 nm,
6.5 nm at 2100 nm) and provides uniform visible near-infrared shortwave infrared data collection
over the entire solar spectrum. Data was resampled to 1 nm spacing automatically. Measurements
were collected during the jointing (21 April 2015), flagging (26 April 2015), and flowering (13 May
2015) stages of winter wheat growth. After the UAV flight (from 11.00 h a.m. to 2.00 h p.m.),
ground measurements were carried out under windless conditions and stable light levels. We calibrated
the field spectrometer based on the reflectance from a 40 cm × 40 cm BaSO4 whiteboard. Winter wheat
canopy reflectance was measured 10 times at the center of each plot, and the average reflectance
was recorded.

2.2.2. Measurement of Crop Height

The crop height was measured by using a straight measuring stick (crop height was from the
ground to the highest part of the wheat plant). We measured three times at the center of each
plot, and recorded the average reflectance. The sampling location was near the center of the plots,
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and 20 winter wheat plants growing close to the center were selected. After ground measurements,
the winter wheat organs were processed in the laboratory.

2.2.3. Measurement of Leaf Area Index in Laboratory

In the laboratory, all leaves were stuck onto A4-size paper and the total area of each leaf was
measured by using an optical scanner. The winter wheat LAI was calculated as:

LAI =
S× n
p× l

(1)

where S is the total area of all the leaves, n is the number of winter wheat ears per unit area, p is the
number of select winter wheat plants (p = 20, in this study), and l is the row spacing (15 cm).

2.2.4. Measurement of Aboveground Biomass in Laboratory

After calculating the LAI, all the leaves and stems from each plot were put into paper bags
together and dried at 80 ◦C to remove moisture. Once the sample weight became constant (about 24 h),
they were weighed by using a balance with an accuracy of 0.001 g. Finally, the biomass per unit area
was calculated based on the measured planting density and the dry weight of the sample. The winter
wheat AGB was calculated by using:

AGB =
m× n
p× l

(2)

where m is the dry weight of the sample, n is the number of winter wheat ears per unit area, p is the
number of select winter wheat plants (p = 20, in this study), and l is row spacing.

2.3. Acquisition and Processing of Unmanned Aerial Vehicle Remote-Sensing Images

2.3.1. Unmanned Aerial Vehicle, Snapshot Hyperspectral Sensor, and High-Definition Digital Camera

As UAV sensor platform, we used a DJI S1000 UAV (SZ DJI Technology Co., Ltd., Sham Chun,
China) with eight propellers, which is very stable at low flight speed and low altitude. When equipped
with two 18,000 mAh (25 V) batteries, it runs for 30 min with a takeoff weight of 6 kg, a flying altitude
of 50 m, and a flight speed of 8 m/s.

The Sony DSC–QX100 (Sony DSC–QX100, Sony, Tokyo, Japan) is a high-definition digital camera
(Table 1) with a short exposure and integration time. It weighs 0.18 kg and measures 63 × 63 × 56 mm3.
It provides digital number (DN) values in the visible (spectral: R, G, B).

The UHD 185 Firefly (UHD 185 firefly, Cubert GmbH, Ulm, Baden-Württemberg, Germany) is
a snapshot hyperspectral sensor (Table 1). The UHD 185 has a short exposure and integration time,
weighs 0.47 kg, and measures 195 × 67 × 60 mm3. Its operating range spans from the visible to the
near-infrared (wavelength range: 450 nm to 950 nm, 8 nm @ 532 nm, Table 1). Hyperspectral data
cubes were automatically resampled to 4 nm spacing. Collected radiation is recorded as a 1000 × 1000
(1 band) panchromatic image and a 50 × 50 (125 bands) hyperspectral cube. Because the acquired
panchromatic images are rich in texture information, and stitching is relatively simple; and the
50 × 50 (125 bands) hyperspectral cubes are characterized by rich spectral information, but lack
texture information, hyperspectral image fusion was used to splice the UHD 185 hyperspectral
images. The fusion steps are implemented in Cubert Cube-Pilot software (Cube-Pilot, Version 1.4,
Cubert GmbH, Ulm, Baden-Württemberg, Germany). After fusion, all hyperspectral images with
1000 × 1000 (125 bands) were stitched together using an image stitching process.
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Table 1. Sensor parameters and abbreviations used in this study.

Platforms Ground UAV

Sensor Types Spectrometer Snapshot Spectrometer Digital camera

Sensor Names ASD FieldSpec 3 UHD 185 Sony DSC–QX100

Field of view 25◦ 19◦ 64◦

Image size - 1000 × 1000 5472 × 3648

Working height 1.3 m 50 m 50 m

Spectral information 350~2500 nm 450–950 nm R, G, B

Original spectral resolution
3 nm @ 700 nm;

8.5 nm @ 1400 nm;
6.5 nm @ 2100 nm

8 nm @ 532 nm -

Data spectral resolution 1 nm 4 nm Red, Green and Blue band

Image spatial resolution - 2.16 × 2.43 cm 1.11 × 1.11 cm

Height Steel tape ruler Photogrammetry method Photogrammetry method

Crop Height Abbreviations G-height UHD-height DC-height

Note: G- indicates crop height measured by a steel tape ruler; UHD- indicates crop height measured using the
snapshot hyperspectral sensor mounted on the UAV; and DC- indicates crop height measured by using the digital
camera mounted on the UAV.

2.3.2. Radiometric Calibration

Flights were conducted during the jointing (21 April 2015), flagging (26 April 2015), and flowering
(13 May 2015) stages of winter wheat, with the UAV carrying a UHD 185 snapshot hyperspectral
sensor (abbreviated as UAV-UHD) and a Sony DSC–QX100 high-definition digital camera (abbreviated
as UAV-DC). The UAV-UHD and UAV-DC images were obtained at 50 m altitude and during stable
light conditions, so atmospheric correction was not required. The UHD 185 and Sony DSC–QX100
exposure times were fixed depending on the intensity of sun light.

The UHD 185 was calibrated on the ground before the UAV flight by using Cubert Cube-Pilot
software (Version 1.4) and a BaSO4 whiteboard. The original DN values of the UAV-DC images were
calibrated by imaging a black-and-white fabric placed on the ground and using

DNi =
DNoriginal − DNblack

DNwhite − DNblack
× 255, (3)

where DNi is the band names, such as R, G, B, DNoriginal is the original DN value of the high-definition
digital camera images; and DNwhite and DNblack are the original DN values from the white-and-black
fabric in the UAV-DC images (see Figure 1).

2.3.3. Generating Digital Orthophotos Maps and Crop Surface Models

Snapshot hyperspectral and high-definition digital images were mosaicked together to obtain
a panoramic hyperspectral and digital orthophotos maps (DOM) for an entire area. This is typically
accomplished by using structure-from-motion photogrammetry, which is a process for extracting
geometric structures from camera images taken from different camera stations. A digital surface model
(DSM) is a simulation of a terrain’s surface in which is recorded information about the field and crop.
The main steps to generate a DOM and DSM from hyperspectral and high-definition digital images
are as follows:

(1) Extract feature points by using the scale-invariant feature transform algorithm
(2) Match features
(3) Apply the structure-from-motion algorithm and a bundle-block adjustment to recover the image

poses and build sparse three-dimensional (3D) feature point
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(4) Build dense 3D point clouds from camera poses estimated from Step (3) and sparse 3D feature
points by using the multi-view stereo algorithm

(5) Build a 3D polygonal mesh of the object surface based on the dense cloud.

These steps are implemented in PhotoScan from Agisoft (Agisoft PhotoScan Professional Pro,
Version 1.1.6, Agisoft LLC, 11 Degtyarniy per., St. Petersburg, Russia, hereinafter referred to as
PhotoScan). Executing these steps produces a DOM and the corresponding DSM of each flight.

The CSM is generated by subtracting the digital elevation model (DEM) from DSM (DEM
represents the variations of field soils under crops). The main steps to generate DEMs, CSMs,
and UAV-based crop height from DSMs are as follows:

(1) In total of 279 soil point coordinates were recorded by using the ARCGIS software (ARCGIS,
Environmental Systems Research Institute, Inc., Redlands, CA, USA) and DSM, and then using
the ARCGIS extract tools and DSM to obtain the elevation of each soil point.

(2) The field DEM is obtained by interpolating the surface elevation between soil points by using the
ARCGIS kriging tools.

(3) The CSM of winter wheat is calculated by using the ARCGIS raster calculator tools.
(4) The crop height of each plot is obtained by using the ARCGIS ROI tools.

Figures 2 and 3 show the UAV-UHD hyperspectral images, high-definition digital camera images
and corresponding crop height maps of three plant groups for three growing periods. The increase
in canopy coverage appear clearly in Figure 2 (from Figure 2a,c,e) and Figure 3 (from Figure 3a,c,e).
Meanwhile, crop height maps (from Figure 2b,d,f; from Figure 3b,d,f) also agree that the crop
height increasing.
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2.4. Data Analysis and Estimation Methods

2.4.1. Selection of Vegetation Indices

To analyze the relationships between vegetation indices and LAI and biomass, this study
uses digital camera DN values (R, G, B, r, g, b, B/R, B/G, R/G), VIs [excess red (EXR) [31],
the visible atmospherically resistant index (VARI) [32], the green-red vegetation index (GRVI) [31],
and hyperspectral VIs [bare ground index (BGI) [33], the NDVI [21], the linear combination
index (LCI) [34], the normalized pigment chlorophyll ratio Index (NPCI) [35], the two-band
enhanced vegetation index (EVI2) [23], optimized soil adjusted vegetation index (OSAVI) [22],
the spectral polygon vegetation index (SPVI) [36], the modified chlorophyll absorption reflectivity
index (MCARI) [37]). These are shown in Table 2.

Table 2. Summary of bands and vegetation indices (VIs) used in this study.

Sensors High-Definition Digital Camera Hyperspectral Sensor

Type VIs Equation VIs Equation

Spectral
information

R DNr B460 460 nm of hyperspectral reflectance
G DNg B560 560 nm of hyperspectral reflectance
B DNb B670 670 nm of hyperspectral reflectance
r R/(R + G + B) B800 800 nm of hyperspectral reflectance
g G/(R + G + B) BGI B460/B560
b B/(R + G + B) NDVI (B800 − B670)/(B800 + B670)

B/R B/R LCI (B850 − B710)/(B850 + B670)
B/G B/G NPCI (B670 − B460)/(B670 + B460)
R/G R/G EVI2 2.5 × (B800 − B670)/(B800 + 2.4 × B670 + 1)
EXR 1.4 × r − g OSAVI 1.16 × (B800 − B670)/(B800 + B670 + 0.16)
VARI (g − r)/(g + r − b) SPVI 0.4 × (3.7(B800 − B670) − 1.2 ×|B530 − B670|)

GRVI (g − r)/(g + r) MCARI ((B700 − B670) − 0.2×(B700 − B560))/
(B700/B670)

DSM information Crop Height Photogrammetry method Crop Height Photogrammetry method

Note: B460, B560, B670, and B800 represent bands at 460, 560, 670, and 800 nm of winter wheat canopy hyperspectral
reflectance. Vis: vegetation indices; DSM: digital surface model; BGI: bare ground index; NDVI: normalized difference
vegetation index; LCI: linear combination index; NPCI: normalized pigment chlorophyll ratio index; EVI2: two-band
enhanced vegetation index; OSAVI: optimize soil regulation vegetation index; SPVI: spectral polygon vegetation index;
MCARI: modified chlorophyll absorption reflectivity index; EXR: excess red; VARI: visible atmospherically resistant index;
GRVI: green-red vegetation index.
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2.4.2. Statistic Regression Methods

We used linear and exponential equations to estimate LAI and AGB. These equations are given
below. We used Equations (3) and (4) to evaluate single-spectral information or CSM information
in crop-parameter estimation where x represents a VI or the crop height and y represents the crop
parameters. Equations (5) and (6) were used to evaluate both spectral and CSM information to estimate
crop parameters, where y represents crop parameters, x1 represents crop height, and x2 represents a VI.

y = a× x + b (4)

y = a× ex + b (5)

y = a× x1 × x2 + b (6)

y = a× ex1×x2 + c (7)

y = a× x1/x2 + c (8)

y = a× ex1/x2 + c (9)

Note: Equations (4) and (5) can only be used for vegetation indices (Vis) or crop surface model
(CSM); Equations (6)–(9) can use both VIs and crop height and is abbreviated as “height × VI” method.
x: VIs or Crop height/CSM information; y : crop parameters. x1: Crop height/CSM information;
x2: VIs information; y: crop parameters.

Because the linear and exponential equations cannot solve multicollinearity problems, the models
(Equations (4)–(9)) in this study can only accept a few variables. Previous studies show that RF and
PLSR are powerful for dealing with multicollinearity problems, so we also used RF and PLSR. PLSR is
a data-analysis method proposed by Wold [38] and has been widely used in studies involving remote
sensing in agricultural because it offers powerful empirical regression techniques that make full use of
input data to monitor agricultural crop parameters. Random forest is a data analysis and statistical
method for classification and regression proposed by Breiman and Cutler [39]. In recent years, RF has
been widely used in machine-learning research. It operates by constructing a multitude of decision
trees at training time and outputting the class that is the mode of the classes (classification) or the mean
prediction (regression) of the individual trees. RF has a higher accuracy, better tolerance to outliers
and noise, and makes excellent use of the input data.

Above-ground biomass and leaf area index estimation models (RF and PLSR) calibration and
validation were done by using MATLAB software. The parameters of RF were optimized by using the
method from Yue et al. [7]. The tree number was set to 800, and parameter mtry was set to 6 for the
entire growth periods.

2.4.3. Statistical Analysis

With three measurements, we acquired a total of 144 datasets. Two groups of data (Groups 2 and
3, in Figure 1, used as the calibration set) were used to analyze the relationship between spectral, DSM,
and combined information and AGB and LAI. Group 1 was used as the validation set. After data
analysis, we used 96 sets of data to build the models and 48 setsdatas to validate the models. In this
study, the correlation analysis was done by using the statistical software R 3.5.0 and calibration set.

The coefficient of determination R2, root mean square error (RMSE), normalized root mean square
error (nRMSE), and mean absolute error (MAE) were used to evaluate the performance of each model.
Mathematically, a higher R2 corresponds to a smaller RMSE, nRMSE and MAE, and thus represents
better model accuracy. The following equations were used to calculate R2, RMSE, nRMSE and MAE:

R2 = 1− ∑n
i=1 (yi − xi)

2

∑n
i=1 (yi − y)2 , (10)
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RMSE =

√√√√√ n
∑

i=1
(xi − yi)

2

n
, (11)

MAE =

n
∑

i=1
|xi − yi|

n
, (12)

nRMSE =
RMSE

y
, (13)

where xi and yi are the estimated and measured values, respectively x and y are the average estimated
and measured values, respectively and n is the sample number.

3. Results and Analysis

Table 3 shows the statistics of AGB (t/ha), LAI (m2/m2), and crop height (cm) measurements for
three growing periods. A calibration set with 96 samples and a validation set with 48 samples cover
three stages.

Table 3. Descriptive statistics of above-ground biomass (AGB, t/ha), and leaf area index (LAI, m2/m2),
and crop height (cm) from the study area.

Dataset Period Crop
Variables Samples Min Mean Max Standard

Deviation
Coefficient of
Variation (%)

Calibration

Jointing
AGB 32 1.45 2.76 4.52 0.67 24.28
LAI 32 2.27 3.94 5.87 0.88 22.34

Height 32 27.33 33.55 41.00 3.16 9.42

Flagging
AGB 32 2.19 5.48 8.26 2.11 38.50
LAI 32 1.30 4.11 8.81 1.47 35.77

Height 32 53.33 67.19 76.33 6.44 9.58

Flowering
AGB 32 4.39 8.07 12.73 1.88 23.30
LAI 32 1.24 3.24 5.89 1.13 34.88

Height 32 58.00 71.38 84.33 6.62 9.27

Validation

Jointing
AGB 16 1.20 2.16 3.05 0.50 23.15
LAI 16 1.69 2.98 4.39 0.68 22.82

Height 16 25.67 29.18 34.33 2.11 7.23

Flagging
AGB 16 2.21 4.36 6.01 1.24 28.44
LAI 16 1.72 4.33 6.63 1.53 35.33

Height 16 53.33 62.37 70.66 5.12 8.21

Flowering
AGB 16 3.41 7.21 10.56 1.98 27.46
LAI 16 1.34 3.39 5.53 1.27 37.46

Height 16 55.00 69.60 82.33 7.50 10.78

3.1. Spectral and Crop Height

Figure 4a,b shows the mean hyperspectral reflectance spectra of the winter wheat canopy at three
growing stages. The hyperspectral reflectance in the near-infrared bands (about 800 to 1000 nm) first
increases and then decreases as winter wheat grows. However, this trend does not appear in the data
acquired by the high-definition digital camera (Figure 4c) calibrated by DN values because they do not
cover the near-infrared bands. As winter wheat grows, the crop height increases. The ground-measured
crop height (Figure 4d) exceeds the UAV-measured crop height (Figure 4e,f). However, the two results
for UAV-measured crop heights are similar (Figure 4e,f).
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Figure 4. Averaged hyperspectral reflectance spectra, averaged DN values, and crop height in the three
growing stages: (a) G-hyperspectral; (b) UHD-hyperspectral; (c) calibrated DC-DN values; (d) G-height;
(e) UHD-height; (f) DC height. G- indicates data measured by ground-based ASD spectrometer and
measuring stick; UHD- indicates data measured using the UHD 185 mounted on the UAV; and DC-
indicates data measured by using the digital camera mounted on the UAV.

Figure 5 shows the Pearson correlation coefficient between AGB, LAI, VI and crop height. For each
VI, crop height, AGB and LAI, a square of varying size and color represents the corresponding Pearson
correlation coefficient. The Pearson correlation coefficient indicates that a positive correlation exists
between crop height, SPVI, LCI, NDVI, OSAVI, EVI2, and BGI (Figure 5a). The results also indicate that
a negative correlation exists between crop height, MCARI, and NPCI (Figure 5b). For VIs built from
high-definition digital images, crop height correlates positively to r, R/G, and EXR, but negatively
to b, B/R, B/G, VARI and GRVI (Figure 5c). The results in Figure 5 indicate that the measured VIs
are correlated to varying degrees with AGB and LAI. Crop heights (H) are positively correlate with
AGB but uncorrelated with LAI in three growing stages. VIs are highly correlated with LAI in three
growing stages, for example, NDVI, LCI, OSAVI, etc. Most red and near-infrared-based spectral VIs
have a low correlation with AGB in three growing stages; for example, NDVI, LCI, NPCI, OSAVI, etc.
However, the R, G, B based VIs are highly correlated with AGB; for example, b, r, VARI. Sensitivity
analyses indicated that multi-temporal spectral VIs based AGB estimation may inefficiently. Single-
and multi-temporal estimates of AGB and LAI estimation are analyzed in the next section.
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3.2. Relationships between (i) Vegetation Indices, Crop Height, (ii) Leaf Area Index and Above-Ground Biomass

3.2.1. Relationships between Vegetation Indices and Leaf Area Index and Above-Ground Biomass

We used linear and nonlinear regression analysis to investigate VIs with Equations (4) and (5).
The best VIs and equations (Table 4) were selected based on growing stages and remote-sensing data
(G-VIs, DC-VIs, and UHD-VIs). Good relationships between VIs and LAI and AGB were obtained and
the regression equations of LAI and AGB were built for winter wheat (see Table 4).

Table 4. Relationship between crop parameters and spectra acquired during different growing stages.

Crop Parameters
Regression Equation Methods

Equations R2 MAE RMSE

Jointing

AGB
G-MCARI y = −297.22x + 6.31 0.66 0.30 0.39

DC-G y = 16.394× e−0.02x 0.64 0.32 0.42
UHD-LCI y = 0.6327× e2.2988x 0.50 0.38 0.49

LAI
G-MCARI y =−374.23x + 8.406 0.62 0.44 0.54

DC-G y = 19.065× e−0.018x 0.63 0.47 0.60
UHD-LCI y = 1.1283× e1.9504x 0.45 0.51 0.68

Flagging

AGB
G-LCI y = 0.8174× e2.6029x 0.67 0.75 0.84
DC-b y = 713.21× e−14.92x 0.57 0.86 0.97

UHD-LCI y = 0.641× e3.2226x 0.58 2.61 2.85

LAI
G-LCI y = 0.2101× e4.0378x 0.78 0.88 0.55
DC-b y =13327×e−24.82x 0.76 0.88 0.47

UHD-NPCI y = 2.8019× e−4.827x 0.74 0.92 0.51

Flowering

AGB
G-SPVI y = 2.7804× e2.3615x 0.67 0.87 1.12
DC-b y = 2762.4× e−17.77x 0.74 0.86 1.19

UHD-BGI y = 0.1356× e6.7115x 0.67 0.93 1.18

LAI
G-SPVI y = 0.5733× e3.7940x 0.72 0.55 0.66
DC-b y = 39963× e−28.74x 0.81 0.47 0.65

UHD-MCARI y = 39.998× e−210.9x 0.72 0.51 0.67

Total for three stages

AGB
G-LCI y = 0.6274× e2.9275x 0.26 1.88 2.25
DC-r y = 0.0033× e26.549x 0.67 1.19 1.71

UHD-LCI y = 0.4263× e3.7273x 0.30 1.84 2.18

LAI
G-LCI y = 0.4182× e3.0703x 0.59 0.67 0.88
DC-B y = 15.549× e−0.018x 0.55 0.70 0.90

UHD-LCI y = 0.4307× e3.2404x 0.46 0.80 1.01

Note: AGB: above-ground biomass; LAI: leaf area index; MAE: mean absolute error; RMSE: root mean square error;
G- indicates data measured by a steel tape ruler; UHD- indicates data measured using the snapshot hyperspectral
sensor mounted on the UAV; and DC- indicates data measured by using the digital camera mounted on the UAV.

The regression equations for LAI and AGB were validated using the calibration datasets, and the
resulting R2, MAE, and RMSE are shown in Table 4 and in Figures 6a–c and 7a–c. For the LAI estimated
for three growth stages, the RMSEs range from 0.88 to 1.01, the MAEs range from 0.67 to 0.80, and R2

ranges from 0.46 to 0.59. For AGB estimated over the three growth stages, the RMSEs range from 1.71
to 2.25 t/ha, the MAEs range from 1.19 to 1.88 t/ha, and R2 ranges from 0.26 to 0.67.

All G-VIs, DC-VIs, and UHD-VIs give good results for a single growing stage. However,
the precision decreases when data from all three growing stages are used in the modeling. The results
show that G-VIs are effective for estimating LAI and AGB in the jointing and flagging stages,
but DC-VIs are more effective for estimating LAI and AGB in the flowering stage and over all three
stages. The results show that the best G-VIs for estimating LAI or AGB vary over the different growing
stages. However, the best G-VI for estimating LAI and AGB give the same results for both single
growth stages and over all three growth stages.
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Figure 6a–c shows the relationship between best VIs and AGB, and the associated validation
accuracy of the three sensors. Figure 7a–c shows the relationship between best VIs and LAI, and the
associated validation accuracy of the three sensors. LCI (Table 4 and Figure 6a,b) performs best in
estimating LAI and AGB among eight investigated VIs. However, the relationship between LCI and
LAI are much better than that of AGB (Figure 7a,b). LCI have a similar range in multi-temporal when
AGB keeps increasing (Figure 6a,b). During reproductive growth (flowering), photosynthetic products
are mostly stored in reproductive organs (e.g., flower and ear of wheat), but are mostly stored in stems
and leaves during vegetative growth. Thus, it is difficult to monitor AGB by only use spectral VIs
(Table 4 and Figure 6a,b).

3.2.2. Relationships between (i) Crop Height and (ii) Leaf Area Index and Above-Ground Biomass

Data for three single growing stages and all three growing stages were used to evaluate the
relationships between crop height and LAI and AGB. We applied a linear and nonlinear regression
analysis to investigate VIs by using Equations (4)–(9). The results indicate a low correlation between
crop height and LAI and AGB for single growing stages, especially for the jointing stage. A good
correlation exists between crop height and AGB when using data from the three growing stages
(see Table 5 and Figure 6d–f). However, because of low relativity, it is difficult to directly use crop
height to estimate LAI when the data cover multiple growing periods (see Table 5 and Figure 7d–f).

Table 5. Relationship between crop parameters and crop height in different growing stages.

Crop Parameters
Regression Equation Methods

Height Equations R2 MAE RMSE

Jointing

AGB
G-height y = 0.0296× x + 1.7752 0.02 0.54 0.67

DC-height y = 0.0184× x + 2.5238 0.03 0.56 0.67
UHD-height y = 0.0399× x + 1.7712 0.17 0.51 0.62

LAI
G-height y = 0.0138× x + 3.482 0.01 0.68 0.88

DC-height y = 0.0391× x + 3.3631 0.08 0.68 0.89
UHD-height y = 0.0437× x + 2.8524 0.12 0.63 0.83

Flagging

AGB
G-height y = 0.126× x− 2.9822 0.24 0.96 1.25

DC-height y = 0.0967× x + 1.3464 0.30 1.12 1.36
UHD-height y = 0.1082× x + 1.3362 0.29 0.96 1.20

LAI
G-height y = 0.1708× x− 7.361 0.33 0.98 1.34

DC-height y = 0.0968× x− 0.2649 0.40 1.00 1.34
UHD-height y = 0.1491× x− 1.6028 0.42 0.96 1.25

Flowering

AGB
G-height y = 0.1464× x− 2.3713 0.27 1.3 1.61

DC-height y = 0.1522× x− 1.3578 0.36 1.26 1.61
UHD-height y = 0.1602× x− 0.0044 0.38 1.21 1.53

LAI
G-height y = 0.081× x− 2.5379 0.22 0.78 1.00

DC-height y = 0.0872× x− 2.1487 0.33 0.76 0.97
UHD-height y = 0.0905× x− 1.3123 0.33 0.74 0.94

Total for three stages

AGB
G-height y = 1.1613× e0.0248x 0.73 1.08 1.49

DC-height y = 0.1074× x + 1.2048 0.73 1.00 1.29
UHD-height y = 0.1736× x− 1.1141 0.71 1.04 1.39

LAI
G-height y = 0.0009× x + 3.7193 0.01 1.01 1.31

DC-height y = −0.0003× x + 3.783 0.01 1.01 1.31
UHD-height y = 0.0133× x + 3.2676 0.02 1.01 1.30

Note: AGB: above-ground biomass; LAI: leaf area index; MAE: mean absolute error; RMSE: root mean square error;
G- indicates data measured by a steel tape ruler; UHD- indicates data measured using the snapshot hyperspectral
sensor mounted on the UAV; and DC- indicates data measured by using the digital camera mounted on the UAV.
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The regression equations for LAI and AGB are validated by using the calibration datasets, and the
resulting R2, MAE, and RMSE are shown in Table 5 and Figures 6 and 7. To estimate AGB over all three
stages, the results show that the RMSEs range from 1.00 to 1.08 t/ha, the MAEs range from 1.39 to
1.49 t/ha, and R2 ranges from 0.71 to 0.75.

Figure 6d–f shows the relationship between crop height and AGB, and the associated validation
accuracy of the three sensors. The results (Figure 6d–f) indicate that crop height keeps increasing
with AGB in multi-temporal mode. Thus, crop height can be used for multi-temporal AGB estimation.
More importantly, crop height (Table 5) performs better in estimating AGB among all investigated
VIs (Table 4). Figure 7d–f shows the relationship between crop height and LAI, and the associated
validation accuracy of the three sensors. The results (Figure 7d–f and Table 5) indicate that crop height
is weakly correlated with LAI, especially in multi-temporal mode.

3.2.3. Relationships between Crop Height and Vegetation Indices and Leaf Area Index and
Above-Ground Biomass

We apply a linear and nonlinear regression analysis to investigate crop height and selected VIs by
using Equations (6)–(9). The selected VIs are obtained from Table 4, and the equations are given in
Table 6.

Table 6. Relationship between crop parameters and spectral VIs and crop height in different
growing stages.

Crop Parameters
Regression Equation Methods

Information Equations R2 MAE RMSE

Jointing

AGB
G-height, MCARI y = 0.0009× x1/x2 + 0.2503 0.56 0.38 0.46

DC-height, G y = 0.642× x1/x2 + 2.6632 0.11 0.55 0.67
UHD-height, LCI y = 0.0534× x1 × x2 + 1.9108 0.19 0.50 0.61

LAI
G-height, MCARI y = 0.001× x1/x2 + 0.949 0.47 0.54 0.65

DC-height, G y = 0.9607× x1/x2 + 3.7859 0.01 0.67 0.88
UHD-height, LCI y = 2.9786× e0.0159x1×x2 0.16 0.61 0.83

Flagging

AGB
G-height, LCI y = 1.4661× e0.0264x1×x2 0.61 0.72 0.91
DC-height, b y = 2.5554× e0.0055x1/x2 0.30 1.09 1.27

UHD-height, LCI y = 2.5202× e0.0286x1×x2 0.38 0.98 1.20

LAI
G-height, LCI y = 0.4651× e0.0433x1×x2 0.79 0.60 0.86
DC-height, b y = 1.0879× e0.0094x1/x2 0.43 1.07 1.41
UHD-height,

NPCI y = 3.0398× e−160.5x1/x2 0.68 0.80 1.06

Flowering

AGB
G-height, SPVI y = 3.8639× e0.0223x1×x2 0.59 1.00 1.26
DC-height, b y = 0.0366× x1/x2 + 1.2362 0.37 1.20 1.49

UHD-height, BGI y = 4.42× e0.0292x1×x2 0.49 1.12 1.42

LAI
G-height, SPVI y = 0.9984× e0.035x1×x2 0.60 0.65 0.79
DC-height, b y = 0.7342× e0.0076 x1/x2 0.42 0.71 0.90
UHD-height,

MCARI y = 0.7491× e0.0003 x1/x2 0.71 0.64 0.84

Total for three stages

AGB
G-height, LCI y = 1.3628× e0.031x1×x2 0.81 0.99 1.32
DC-height, r y = 2.1193× e0.0728x1×x2 0.77 1.02 1.30

UHD-height, LCI y = 0.2265× x1 × x2 − 0.3245 0.74 1.05 1.38

LAI
G-height, LCI y = 0.0239× x1 × x2 + 2.8036 0.07 1.00 1.27
DC-height, B y = 0.9735× x1/x2 + 3.2818 0.04 1.01 1.29

UHD-height, LCI y = 0.033× x1 × x2 + 2.9357 0.06 1.00 1.27

Note: AGB: above-ground biomass; LAI: leaf area index; MAE: mean absolute error; RMSE: root mean square error;
G- indicates data measured by a steel tape ruler; UHD- indicates data measured using the snapshot hyperspectral
sensor mounted on the UAV; and DC- indicates data measured by using the digital camera mounted on the UAV.

The regression equations for LAI and AGB are validated using the calibration datasets, and the
resulting R2, MAE, and RMSE are given in Table 6 and in Figures 6g–i and 7g–i. The results show
that the combined VIs and crop height methods cannot improve the precision of the estimate of LAI
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(Table 6) and that, furthermore, the crop height determined by combining ASD-based LCI is more
effective for estimating AGB over all three growing stages with ground validation R2 = 0.26~0.81,
MAE = 1.88 to 0.99, and RMSE = 2.25 to 1.32. In addition, for UHD-height validation, R2 = 0.30~0.74,
MAE = 1.84 to 1.05, and RMSE = 2.18 to 1.38. The results of the UAV-DC method also improved,
with R2 = 0.67 to 0.77, MAE = 1.19 to 1.02, and RMSE = 1.71 to 1.30.

In this study, VIs from three sensors (Table 1) were individually combined with crop height
to analyze the relationships of height × VIs with LAI and AGB. The relationship between crop
height × VIs and AGB of the three sensors are shown in Figure 6g–i. The results (Figure 6g–i and
Table 6) indicate that AGB estimation accuracy can be improved by multiplying crop height by a VI.
Thus, the height × VI regression equation for estimating AGB is fit to power regression equations.
To estimate LAI, we find that crop height × VI is weakly correlated with LAI in multi-temporal
estimation (Figure 7g–i and Table 6). In addition, the height × VI based LAI estimation accuracies is
also lower than that obtained by only using VIs in single stages.

3.3. Using Crop Height and Vegetation Indices with Partial Least Square Regressionand Random Forest
Regression to Estimate Leaf Area Index and Above-Ground Biomass

The RF and PLSR methods were used to combine the VIs and crop height to estimate the LAI
and AGB of winter wheat. Table 2 shows the winter wheat AGB and LAI obtained from the RF and
PLSR regression techniques based on all VIs. Table 7 shows the estimates of AGB and LAI based on
VIs and using the RF and PLSR methods. The VIs based on AGB modeling have the best R2 values
of 0.93 (RF: MAE = 0.52, RMSE = 0.72, nRMSE = 13.22%) and 0.61 (PLSR: MAE = 1.19, RMSE = 1.62,
nRMSE = 29.76%). The VIs based on LAI modeling have R2 = 0.94 (RF: MAE = 0.26, RMSE = 0.33,
nRMSE = 8.75%) and 0.58 (PLSR: MAE = 0.64, RMSE = 0.86, nRMSE = 22.81%). Table A1 ranks the
predictor variables according to their importance in AGB and LAI estimation.

Table 7. Leaf area index and above-ground biomass estimates based on all vegetation indices from
calibration dataset and using partial least square regression and random forest methods (calibration
dataset, mean AGB = 5.44 t/ha, mean LAI = 3.77 m2/m2).

Methods Data
AGB (t/ha) LAI (m2/m2)

R2 MAE nRMSE (%) RMSE R2 MAE nRMSE (%) RMSE

RF
G-VIs 0.93 0.58 14.14 0.77 0.94 0.26 8.75 0.33

DC-VIs 0.93 0.52 13.22 0.72 0.94 0.28 9.55 0.36
UHD-VIs 0.93 0.65 14.70 0.80 0.93 0.32 10.61 0.40

PLSR
G-VIs 0.35 1.75 38.39 2.09 0.58 0.64 22.81 0.86

DC-VIs 0.61 1.19 29.76 1.62 0.50 0.73 24.67 0.93
UHD-VIs 0.34 1.77 38.58 2.10 0.45 0.80 25.73 0.97

Note: AGB: above-ground biomass; LAI: leaf area index; MAE: mean absolute error; RMSE: root mean square error;
G- indicates data measured by a steel tape ruler; UHD- indicates data measured using the snapshot hyperspectral
sensor mounted on the UAV; and DC- indicates data measured by using the digital camera mounted on the UAV.

Table 8 shows AGB and LAI estimates based on crop height and VIs and using the RF and PLSR
methods. The results indicate that the AGB estimate can be improved by using crop height, Vis, and the
RF and PLSR methods. The best R2 values are 0.96 (RF: MAE = 0.40, RMSE = 0.57, nRMSE = 10.47%)
and 0.81 (PLSR: MAE = 0.83, RMSE = 1.12, nRMSE = 20.58%). However, the accuracy estimates of
LAI based on crop height and VIs remains almost constant, with R2 values of 0.95 (RF: MAE = 0.24,
RMSE = 0.31, nRMSE = 8.22%) and 0.65 (PLSR: MAE = 0.56, RMSE = 0.77, nRMSE = 20.42%).

We used the validation dataset to validate the crop height, VIs and PLSR and RF methods for
estimating LAI and AGB. Figures 8 and 9 show the relationships (fitting formula: y = ax + b, R2, MAE,
and RMSE) between the predicted and measured winter wheat AGB and LAI. The results show that
the methods based on crop height and VIs provide better estimates of AGB than those based only on
VIs (Figure 8). More importantly, all results based on crop height and VIs fit better (their slopes a are
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closer to unity; see Figure 8). As is the case for the LAI modeling dataset, the relationship in Figure 9
indicates that no notable difference exists between methods based on crop height and VIs and those
based only on VIs.

Table 8. Estimates of leaf area index and above-ground biomass based on crop height, using all
vegetation indices and using partial least square regression and random forest methods (calibration
dataset, mean AGB = 5.44 t/ha, mean LAI = 3.77 m2/m2).

Methods Data
AGB (t/ha) LAI (m2/m2)

R2 MAE nRMSE (%) RMSE R2 MAE nRMSE (%) RMSE

RF
G-height, VIs 0.96 0.40 10.47 0.57 0.95 0.24 8.22 0.31

DC-height, VIs 0.96 0.42 10.10 0.55 0.94 0.27 9.54 0.36
UHD-height, VIs 0.94 0.55 13.04 0.71 0.94 0.31 10.34 0.39

PLSR
G-height, VIs 0.81 0.83 20.58 1.12 0.65 0.56 20.42 0.77

DC-height, VIs 0.77 0.95 22.97 1.25 0.52 0.72 24.13 0.91
UHD-height, VIs 0.64 1.26 28.48 1.55 0.47 0.79 25.46 0.96

Note: AGB: above-ground biomass; LAI: leaf area index; MAE: mean absolute error; RMSE: root mean square error;
G- indicates data measured by a steel tape ruler; UHD- indicates data measured using the snapshot hyperspectral
sensor mounted on the UAV; and DC- indicates data measured by using the digital camera mounted on the UAV.Remote Sens. 2018, 10, x FOR PEER REVIEW  17 of 24 
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Figure 9. Relationship between predicted and measured winter wheat LAI (m2/m2): (a) G-height,
VIs, and PLSR; (b) G-height, VIs, and RF; (c) G-VIs and PLSR; (d) G-VIs and RF; (e) UHD-height, VIs,
and PLSR; (f) UHD-height, VIs, and RF; (g) UHD-VIs and PLSR; (h) UHD-VIs and RF; (i) DC-height,
VIs, and PLSR; (j) DC-height, VIs, and RF; (k) DC-VIs and PLSR; (l) DC-VIs and RF (validation dataset,
mean LAI = 3.57 m2/m2).

The results thus indicate that the PLSR and RF techniques could be used to improve the accuracy
of estimates of AGB and LAI (Tables 7 and 8) compared with that available with single VIs (Table 4),
crop height (Table 5), or simple combinations thereof (Table 6).

3.4. Mapping Leaf Area Index and Above-Ground Biomass

We estimate the spatial distribution of AGB (Figure 10) based on all UHD and DC VIs, crop height,
and using PLSR. The spatial distributions of UHD-based AGB maps (Figure 10a–c) are similar to those
of UHV-DC (Figure 10d–f). An increase in AGB occurred from 21 April to 13 May 2015 (Figure 10).
The averaged UHD-based AGB maps range from 3.05 t/ha (21 April) to 5.84 t/ha (26 April) to 7.86 t/ha
(13 May). The average DC-based AGB maps range from 3.30 t/ha (21 April) to 6.49 t/ha (26 April)
to 8.46 t/ha (13 May). The present AGB maps indicate that the AGB of most plant plots is less than
6 t/ha on 21 April; however, most plots exceed 6 t/ha on 26 April, and almost all plant plots have AGB
>6 t/ha on 13 May. These mapping results are consistent with our field observations (Table 3) and with
precision evaluation (Figure 8).

The spatial distribution of the LAI (Figure 11) is estimated based on all UHD and DC VIs and
by using PLSR. The UHD-based LAI maps are shown in Figure 11a–c, when DC-based LAI maps
are shown in Figure 11d–f. From 21 April to 26, both UHD (from 2.95 to 3.35) and DC (from 3.06
to 3.54) LAI maps show that the LAI increased in all plots. However, the averaged LAI decreased
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from 26 April to 13 May (UHD map: 3.07, DC map: 2.91). These results are consistent with our field
observations (Table 3) and with precision evaluation (Figure 9).
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to estimate multi-temporal AGB. 
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on 21 April; (b) UHD on 26 April; (c) UHD on 13 May; (d) DC on 21 April; (e) DC on 26 April; and (f)
DC on 13 May. Note: UHD- indicates data measured using the snapshot hyperspectral sensor mounted
on the UAV; and DC- indicates data measured by using the digital camera mounted on the UAV.
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(f) DC on 13 May. Note: UHD- indicates data measured using the snapshot hyperspectral sensor
mounted on the UAV; and DC- indicates data measured by using the digital camera mounted on
the UAV.
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4. Discussion

4.1. Leaf Area Index and Above-Ground Biomass Estimation Using Vegetation Indices

From 21 April to 26 April, the averaged LAI increased in all plots but decreased from 26 April
to 13 May (Table 3 and Figures 10 and 11). In the current study, both UAV-UHD and G-ASD mean
hyperspectral reflectance spectra of winter wheat canopy first increased and then decrease (Figure 4),
which is consistent with field measurements of LAI. The present results suggest that the LAI can be
accurately estimated using single VIs in specific, single growing stages and multi- growing stages
(Table 4). Our results suggest that the AGB can be accurately estimated by using single VIs in
single growing stages (Table 4). However, we also found AGB changes (Table 3 and Figures 10
and 11) do not match the spectral changes (Figure 4a,b) in multi-temporal mode. During reproductive
growth (flowering), photosynthetic products are mostly stored in reproductive organs (e.g., flower
and ear of wheat), but were mostly stored in stems and leaves during vegetative growth (Jointing and
Flagging) [40]. Therefore, it is difficult to use the traditional VIs based on red and near-infrared bands
to estimate multi-temporal AGB.

In addition, many VIs saturate when used to estimate crop parameters because they are not
very sensitive for medium-to-high canopy cover [24,41]. From the jointing stage to the flagging and
flowering stages, the winter wheat canopy coverage increases continuously, and estimates of the LAI
and AGB face different canopy coverage. The changes of VIs for estimating winter wheat LAI and
AGB are correlated with the dry matter, pigment, and water content [18,42]. This means the sensitivity
of VIs depends on the growing stage of winter wheat. Therefore, identifying the optimized predictor
variables is crucial for estimating crop parameters based on remote-sensing data, and also helps us
select the suitable sensors.

4.2. Leaf Area Index and Above-Ground Biomass Estimation Using Vegetation Indices and Crop Height

Crop height can be used to estimate AGB at medium-to-high canopy coverage because crop
height describes the vertical-growth state [26,43]. The present results indicate that the accuracy of
AGB estimates based on crop height for single growing stages is worse than that based on spectral
VIs. However, the overall modeling accuracy is greatly improved. This shows that crop vertical
growth has a greater effect for estimating AGB over multiple growing stages. In the current study,
the VIs and crop height are simply multiplied to estimate the AGB of winter wheat. The combined
height and VIs provides better estimates of winter wheat AGB than do single VIs or crop height
(Tables 4–6). Possoch et al. [30] and Yue et al. [44] reported that the drawbacks of crop height and VIs
can be diminished when they are combined for modeling. The better performance of height × VI for
estimating AGB over multiple growing stages is attributed to the capacity of crop height to describe
vertical growth at medium-to-high canopy cover. Furthermore, the values predicted when using
only spectral VIs are underestimated when AGB >6 t/ha (Figure 8c,d,g,h,k,l). This is because the
spectral VIs lose sensitivity for estimating AGB in the later winter wheat growing stages when building
estimation models based on multiple growing stages [44,45]. The addition of crop height makes up for
the shortcomings of only spectral VIs. In addition, the advantages of spectral VIs and CSMs combine to
further improve their value for applications, which will enhance the development of snapshot-sensor
technology. This is because CSMs can be generated from inexpensive snapshot-sensor images.

The present results also indicate that height× VIs does not provide reasonable estimates of winter
wheat LAI over multiple growing stages. From jointing to flagging and flowering growing stages,
our field investigation indicates that the LAI increases and then decreases as the crop height increases
(Table 3). Therefore, crop height (CSM) correlates poorly with the LAI for models spanning all three
winter wheat growing stages. The present study uses the RF and PLSR to combine spectral VI and
CSM remote-sensing data for estimating crop parameters and mapping the spatial distribution of
winter wheat AGB and LAI. The result suggests that combining multiple types of remote sensing data
(spectral and CSM data) using RF or PLSR is appropriate for estimating winter wheat AGB and LAI.
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The accuracy of the estimates of LAI and AGB is better when using RF and PLSR (Tables 7 and 8)
than when using linear and exponential estimates (Table 6). These results are consistent with those of
Refs. [46–48], which suggest that estimation accuracy can be improved with PLSR and RF. The present
results also prove that RF and PLSR can be used to combine multiple types of remote-sensing data
(spectral and CSM data) to estimate AGB of winter wheat.

Compared with validation results using modeling (Tables 7 and 8) and a calibration dataset
(Figures 8 and 9), PLSR provides better stability than RF. Overfitting may influence RF estimates of
AGB and LAI for a small number of samples. Therefore, we use PLSR to map AGB and LAI.

4.3. Leaf Area Index and Above-Ground BiomassEstimation Performance of Different Sensors

The present results indicate that AGB can be accurately estimated by combining crop height and
VIs generated from UAV-based snapshot hyperspectral sensors and high-definition digital cameras.
In addition, no significant difference appears in the estimates of LAI when using only VIs or when
combining VIs and crop height. The present results indicate that LAI can be properly estimated over
multiple growing stages when using hyperspectral VIs and RF or PLSR. Ranking LAI estimates from
best to worst gives ground-spectrometer, UAV snapshot hyperspectral sensor, and UAV high-definition
digital camera. This ranking matches the spectral performance of the three sensors; thus the spectral
performance of sensors may be crucial for estimating LAI over multiple growing stages. These results
suggest that winter wheat LAI cannot be properly estimated using only CSMs (crop height) for multiple
growing stages in Changping District, Beijing, China. Future studies are needed to verify these results
for different crops and different locations.

5. Conclusions

This study compared ground spectrometer data with remote-sensing data from UAV-based
snapshot hyperspectral sensors and high-definition digital cameras for estimating winter wheat LAI
and AGB. Leaf area index and above-ground biomass were estimated by combining the spectral VIs
and crop height (CSMs) via linear and exponential equations, RF, and PLSR.

(i) We found that the correlation between the VIs × height (G-height × LCI, DC-height × r and
UHD-height × LCI) and AGB is much greater than that when using a single VI or just the crop
height. The results indicate that the combined use of VIs and crop height (CSMs) provides more
accurate estimates of winter wheat AGB.

(ii) The combined methods (VIs × height) to estimate AGB from UAV-mounted snapshot
hyperspectral sensors and high-definition digital cameras provide an accuracy similar to that
obtained when using a ground spectrometer to collect the data.

(iii) The winter wheat LAI cannot be properly estimated using crop height over three growing stages.
The results suggest that crop height is not a key variable for estimating wheat LAI when using
remote-sensing data from all three growing stages. Therefore, the spectral performance of the
sensors is crucial for estimating LAI over multiple growing stages. Ranking the LAI estimates
from most to least accurate gives ground spectrometer, UAV snapshot hyperspectral sensor,
UAV high-definition digital camera.
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Appendix

In RF estimation, RF models also provide the importance of the predictor variables. Table A1
shows the predictor variables ranking according to its importance in AGB and LAI estimation.

Table A1. Ranking of predictor variables according to its importance in AGB and LAI estimation (RF).

Rank
AGB LAI

Ground UAV-UHD UAV-DC Ground UAV-UHD UAV-DC

H, VIs VIs H, VIs VIs H, VIs VIs H, VIs VIs H, VIs VIs H, VIs VIs

1 H BGI H BGI r r NDVI NDVI NDVI NDVI B B
2 BGI LCI BGI LCI H VARI LCI NPCI LCI NPCI B/G B/G
3 LCI NPCI LCI NPCI VARI B/R NPCI LCI NPCI LCI G G
4 MCARI SPVI MCARI SPVI B/R EXR OSAVI OSAVI BGI BGI b b
5 NPCI MCARI NPCI MCARI R/G GRVI MCARI MCARI H OSAVI B/R B/R
6 SPVI EVI2 EVI2 EVI2 GRVI R/G H EVI2 OSAVI SPVI R R
7 EVI2 OSAVI SPVI OSAVI EXR EXG EVI2 SPVI SPVI EVI2 H r
8 OSAVI NDVI NDVI NDVI b GLA SPVI BGI EVI2 MCARI r EXG
9 NDVI OSAVI B/G B BGI MCARI EXG VARI
10 GLA G GLA GLA
11 EXG B/G VARI R/G
12 G g g EXR
13 B b EXR g
14 R R R/G GRVI
15 g GRVI
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