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Multispectral Reflectance for Leaf Chlorophyll
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Quanjun Jiao , Bing Zhang , Fellow, IEEE, Wenjiang Huang, Huichun Ye , Zhaoming Zhang , Binxiang Qian,
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Abstract— Remote sensing of leaf chlorophyll content (LCC) is
critical in precision agriculture, forest monitoring, and pest man-
agement. Chlorophyll absorbs light in the visible and red-edge
spectrum areas. However, many multispectral sensors lack red-
edge bands. Subsequently, the development of effective visible
chlorophyll-related indicators is important. The hue angle defined
in the CIE xy chromaticity diagram, which reflects the human
eye’s color discrimination ability relying on visible light (400–
700 nm), is introduced in this study for LCC estimation. This
study proposes a new multispectral hue angle calculation method
employing D65 standard illuminant data, investigates the effect of
illuminant factors and band settings on hue angle calculation, and
presents tristimulus weight coefficients for calculating MERIS,
MSI, and ETM+ hue angles. Furthermore, the sensitivity of
the link between LCC and different hue angles, as well as
vegetation indices (VIs), is assessed in dense and sparse canopies.
The results show that using wavelength-independent illuminant
data or discrete bands overcalculates the reflectance-based hue
angle. Moreover, our proposed hue angle calculated using D65
standard illuminant data is more sensitive to LCC than the
existing hue angle using wavelength-independent illuminant data.
In dense canopies, the multispectral hue angle has a stronger
relationship with LCC than in sparse canopies. The multispectral
hue angle generally appears weaker or similar to the red-edge
VIs (MTCI and CIred-edge), but stronger than the nonred-edge VIs
(CIgreen, NDVI, NGRDI, and TGI). These findings imply that the
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multispectral hue angle calculated from visible bands provides
the potential to monitor the LCC of large-scale plants.

Index Terms— Chlorophyll, color, hue angle, remote sensing,
spectral indices, vegetation.

I. INTRODUCTION

LEAF chlorophyll content (LCC) is a main proxy of vege-
tation photosynthetic potential, and its precise estimation

is of great significance for monitoring of vegetation growth
and health status [1], [2], [3]. Given that chlorophyll is the
predominant pigment in most leaves, its optical absorption
characteristics substantially influence the vegetation spectra
[1], [2]. Chlorophyll forms blue and green peaks in the visible
region (400–700 nm). Consequently, the reflectance of the leaf
and canopy at blue and red wavelengths is lower than that
at the green wavelength [4], [5]. Plant reflectance increases
rapidly at the red-edge region (690–740 nm), due to a quick
drop in chlorophyll absorption. The physical basis for remote
sensing of the plant chlorophyll status is provided by a close
relationship between vegetation reflectance and LCC [6], [7].

Vegetation indices (VIs) derived from spectral reflectance
are frequently employed to monitor forest or crop LCC by
ground, air, and satellite remote sensing platforms [6], [7],
[8], [9]. Some VIs, based on red-edge wavelengths, have been
found to be sensitive to vegetation chlorophyll status [10],
[11], [12], [13]. Satellite sensors with red-edge spectral chan-
nels, such as the Medium Resolution Imaging Spectrometer
(MERIS) on ENVIronmental SATellite (ENVISAT) and the
MultiSpectral Instrument (MSI) on Sentinel-2, are used to
produce red-edge chlorophyll-related VIs such as the MERIS
terrestrial chlorophyll index (MTCI) [1], [10]. However, due
to the cost, data storage, signal transmission, or signal-to-noise
ratio constraints, satellite sensors, such as the Moderate Res-
olution Imaging Spectroradiometer (MODIS), the Enhanced
Thematic Mapper Plus (ETM+), and some low-cost multi-
spectral sensors onboard unmanned aerial vehicles (UAVs),
lack red-edge narrow bands and only have visible and near-
infrared (NIR) bands or even only visible bands. Despite this
limitation, various studies have attempted to overcome these
challenges by utilizing the visible and NIR bands to design
chlorophyll-related VIs, such as the green chlorophyll index
(CIgreen) [1], [14], [15]. However, the accuracy of LCC estima-
tion using these indices is not satisfactory, particularly when

1558-0644 © 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Aerospace Information Research Institute. Downloaded on October 19,2023 at 00:37:32 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0000-0002-0129-9513
https://orcid.org/0000-0001-7311-9844
https://orcid.org/0000-0001-7836-497X
https://orcid.org/0000-0002-8779-2738


4408616 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 61, 2023

TABLE I
STATISTICAL INFORMATION OF GROUND-MEASURED VEGETATION PARAMETERS CORRESPONDING TO CANOPY- AND

SATELLITE-LEVEL REFLECTANCE MEASUREMENTS

calculated using canopy reflectance rather than leaf reflectance
[16], [17]. To accurately map the vegetation chlorophyll status
and analyze its long-term trend, it is very meaningful to
better explore chlorophyll-related remote sensing indicators
for commonly used multispectral sensors without the red-edge
bands.

The natural world’s colors are perceived by the human
eye, camera, and other remote sensors. The color difference
aids in distinguishing the types and attributes of objects,
and the human eye frequently distinguishes green vegetables
with differing chlorophyll content via color. To continuously
represent the changing colors recognized by the human eye,
the International Commission on Illumination (CIE) developed
the CIE XYZ color space in which tristimulus values (X,
Y, and Z) can be transformed from an object’s reflectivity,
utilizing the CIE XYZ color matching functions and standard
illuminant data [18]. The CIE reduced the 3-D color space
even further to the CIE xy chromaticity diagram, where x
and y are independent of the luminance Y [18]. The specific
x and y are transformed into a 1-D hue angle as a new
color indicator based on visible reflectance data by using the
white point as a new origin point in the CIE xy chromatic-
ity diagram [19], [20], [21]. The x and y two-dimensional
information has been used to monitor water, vegetation, and
other ground features [22], [23], [24]. In comparison to the
(x, y) color representation, it has been recently deduced that
the hue angle is easily utilized for water color monitoring
[25], [26], [27], [28]. However, the application of vegetation
remote sensing based on reflectance-based hue angle is rarely
reported. In addition, the tristimulus values in these water
studies were derived from the integration of water remote
sensing reflectance without the use of any illuminant data, that
is, the existing calculation of the water multispectral hue angle
employs a special case of illuminant data whose intensity does
not change with wavelength (called wavelength-independent
illuminant data), which is incompatible with the CIE XYZ
color space’s standard illuminant condition. This may reduce
the sensitivity of the existing multispectral hue angle to LCC.
The evaluation of the performance of vegetation chlorophyll
estimation with reflectance-based hue angle calculated based
on remote sensing data, defined in the CIE xy chromaticity
diagram, needs to be further improved. Furthermore, the band
number factor of the multispectral sensor must be considered
when calculating the vegetation hue angle [21], [28]. Given

the poor accuracy in VI-based estimating chlorophyll content
in sparse canopies with low leaf area index (LAI) [7], [15],
determining the applicability of a new multispectral hue angle
for different canopies is also required.

Therefore, the objective of this study is to develop a
new multispectral hue angle calculation method from visible
bands employing D65 standard illuminant data, investigate
the impact of the illuminant data selections and band
settings on reflectance-based hue angle calculation, and
determine the potential of estimating LCC using our pro-
posed multispectral hue angle through correlation analysis,
particularly for the canopy- and satellite-level nonred-edge
sensors. To represent different band configurations, hyper-
spectral data and three multispectral data—MERIS, MSI,
and ETM+—are used. Furthermore, the LCC estimation
performance of the reflectance-based hue angles is com-
pared with that of the popular red-edge, visible–NIR, and
visible VIs.

II. DATA

To test reflectance-based hue angle calculation algorithms
and the sensitivity between the hue angle and LCC in µg
cm−2, ground-measured canopy-level hyperspectral data, sim-
ulated multispectral data generated from the hyperspectral
data, and satellite-level multispectral data were used. Table I
provides the statistical information on ground-measured veg-
etation parameters in the used datasets. Fig. 1 shows the
locations of soybean and wheat experimental sites as well as
the distribution of ground samples. The relationship between
LAI and LCC ground measurements in soybean and wheat
experiments is shown in Fig. 2.

A. Ground-Measured Hyperspectral Data

The soybean canopy spectra, LCC, and LAI were collected
by the University of Nebraska at the US-Ne2 and US-Ne3
sites. They were collectively referred to as the Soybean-Hyper
dataset. Six subsampling sites were randomly designed in
each sample measurement from June to September at the
US-Ne2 site in 2002 and 2004, and the US-Ne3 site in 2002,
across the whole growth cycle of soybean [29]. The canopy
reflectance was calculated using the radiance upwelling from
the soybean canopy and the incident irradiance measured with
two calibrated Ocean Optics USB2000 spectroradiometers
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Fig. 1. Locations of (a) soybean experiment in Nebraska, USA, and (b) wheat experiment in Shunyi, Beijing, China.

Fig. 2. Relationship between the LAI and LCC ground measurements in
(a) soybean and (b) wheat experiments.

(Ocean Optics, Dunedin, FL, USA) [29], [30], [31], [32].
The wavelength range was 370–1000 nm with a resolution
of 1.5 nm. Fresh leaves were collected from the soybean
canopy in each subsample taken from the US-Ne2 and US-Ne3
sites. In the laboratory, the LCC was determined using ace-
tone extraction and spectrophotometer analysis, as well as a
leaf reflectance measurement with a leaf clip and an Ocean
Optics USB2000 spectroradiometer [1], [29], [30], [31], [32],
[33]. Subsequently, the average LCC of upper leaves in the
soybean canopy was calculated. The leaf area of samples was
measured using a leaf area meter (Model LI-3100 from LI
Cor, Lincoln, NE, USA). Afterward, the LAI was calculated
as leaf area per unit ground area [29], [34]. The soybean LCC
and LAI of the matching canopy spectrum measurements in
the Soybean-Hyper dataset are detailed in Table I.

B. Simulated Multispectral Data

Based on the spectral response functions of the MERIS
and ETM+ sensors, the canopy hyperspectral data in the
Soybean-Hyper dataset were spectrally sampled to obtain
three simulated multispectral datasets (Soybean-SimMERIS,
Soybean-SimMSI, and Soybean-SimETM+). Table II shows
the center positions of all the simulated visible–NIR bands
of MERIS, MSI, and ETM+. A total of 73 samples of the
soybean multispectral dataset were simulated for each sensor.

C. Satellite Multispectral Data

1) Soybean MERIS and ETM+ Reflectance: The ESA
Land Cover Climate Change Initiative project provided the
MERIS full-resolution surface reflectance product, and the
Landsat ETM+ surface reflectance product was available
on the Google Earth Engine (GEE) cloud platform. As the
soybeans at the US-Ne2 and US-Ne3 sites were uniformly
growing over an area of more than 60 ha [33], [34], the average
LCC and LAI obtained from ground measurements could be
well matched with the MERIS and ETM+ satellite data. The
reflectance of one MERIS pixel within the range of 300 ×

300 m2 and the average reflectance of the corresponding 10 ×

10 ETM+ pixels at 30 m resolution were extracted using the
latitude and longitude of the site as the center. In the Soybean-
MERIS dataset, 21 soybean MERIS samples from the US-Ne2
site were obtained in 2004. In the Soybean-ETM+ dataset,
13 soybean ETM+ samples from the two sites were acquired
in 2002 and 2004. The LAI and LCC statistics of soybean
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TABLE II
VISIBLE AND NEAR-INFRARED (NIR) BAND SETTINGS OF THE MERIS,

MSI, AND ETM+ SENSORS

samples at the US-Ne2 and US-Ne3 sites matching MERIS
and ETM+ data are shown in Table I.

2) Wheat MSI Reflectance: MSI/Sentinel-2 reflectance data
from Shunyi, Beijing, China, were matched with ground-based
wheat LCC and LAI measurements. They were referred to
collectively as the Wheat-MSI dataset. The Copernicus Open
Access Hub portal (https://scihub.copernicus.eu/) was used to
get the Sentinel-2A MSI Level-1C reflectance products. From
April to May of 2016, 24 uniformly growing winter wheat
fields greater than 1.0 ha were selected in the Beijing-Shunyi
area, and one 10 × 10 m sample with five randomly dis-
persed 1 × 1 m subsamples was set up on each field [35]. More
than 15 leaves were gathered from the second and third upper
leaves of wheat plants in each subsample. Acetone was used to
remove the chlorophyll from the leaves after measuring their
area. The extracted chlorophyll was weighed and converted
to LCC measures using an L6 ultraviolet–visible spectropho-
tometer (INESA, Shanghai, China). The LAI-2200C (Plant
Canopy Analyzer, LI-COR, Lincoln, NE, USA) was used to
measure LAI more than three times for each subsample. Aver-
aging the LCC and LAI readings of five subsamples yielded
the sample LCC and LAI. Four sampling measurements were
taken at the jointing, booting, heading, and flowering stages
of winter wheat. In the Wheat-MSI dataset, 92 valid samples
with LCC and LAI values were gathered, and the details are
provided in Table I.

III. METHODS

A. Definition of Hue Angle in CIE xy Chromaticity Diagram

The CIE XYZ color space is based on the CIE RGB color
space and uses the three stimulus values X, Y, and Z to
represent the color, with the brightness related only to the

Fig. 3. Hue angle in the CIE xy chromaticity diagram. “E” is the point
of equal-energy white light. The hue angle is the angle in clockwise mode
between the negative y′-axis (at x = 1/3) and the vector from point E to a
color point.

Y value. In the CIE xy chromaticity diagram (Fig. 3), color
is independent of brightness, and the x and y coordinates are
derived from the tristimulus values X, Y, and Z, according to
the following equations [18]:

x =
X

X + Y + Z
(1)

y =
Y

X + Y + Z
. (2)

The equal-energy white light point E in the CIE xy chro-
maticity diagram is located at coordinates (1/3, 1/3) when X,
Y, and Z are mixed in equal proportions, as shown in Fig. 3.
By constructing a new coordinate system (x’, y’) with the
origin set at the equal-energy white light point, the point (x,
y) in the CIE xy chromaticity diagram corresponds to the
hue angle measured clockwise in the negative direction of y’-
axis. Different definitions exist for the starting position and
increasing direction of the hue angle [19], [20], [21], while
this definition of the hue angle helps in avoiding errors in
the hue angle values of red leaves. The hue angle ranges
from 0◦ to 360◦, with positive values corresponding to the
primary wavelength corresponding to the color of common
leaves. Higher hue angle values indicate a color bias toward
yellow and red, whereas lower values indicate a bias toward
green and blue. The hue angle is calculated as

Hue angle = ARCTAN2
(

x −
1
3
, y −

1
3

)
∗

180
pi

+ 180. (3)

B. Calculation Algorithm of Hyperspectral Hue Angle

Given the hyperspectral reflectance of the surface object, the
corresponding X, Y, and Z are calculated [18], [36], [37], [38],
[39], [40]. Subsequently, the hue angle is calculated using (1)–
(3). The calculation of X, Y, and Z based on surface reflectance
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Fig. 4. CIE XYZ color matching functions, the relative spectral energy
distribution of the D65 standard illuminant, and specific absorption coefficient
of chlorophyll a and b.

is given by

X = k
∫

S
(
λ
)

R
(
λ
)
x
(
λ
)
dλ (4)

Y = k
∫

S
(
λ
)

R
(
λ
)

y
(
λ
)
dλ (5)

Z = k
∫

S
(
λ
)

R
(
λ
)
z
(
λ
)
dλ (6)

k = 100/

∫
S
(
λ
)

y
(
λ
)
dλ (7)

where R
(
λ
)

denotes the surface spectral reflectance, x(λ ),
y(λ ), and z(λ ) are the CIE XYZ color matching functions,
S
(
λ
)

represents the relative spectral energy distribution of
the illuminant and is obtained after normalizing the absolute
spectral energy to a value of 1 at a wavelength of 560 nm,
and k is the normalized factor, which specifies that the
spectral reflectance is 100% with a maximum Y value of
100. The data of the CIE XYZ color matching functions and
the relative spectral energy distribution of the D65 standard
illuminant shown in Fig. 4 were downloaded from the CIE
website (http://files.cie.co.at/204.xls). Fig. 4 also shows the
specific absorption coefficient of chlorophyll a and b that
was used in the PROSPECT leaf radiative transfer model
[41] (http://teledetection.ipgp.jussieu.fr/prosail/). The effective
spectral range of the CIE XYZ color matching functions
covers the majority of the absorption spectrum range of
chlorophyll a and b, except for the red-edge wavelength. This
suggests that the hue angle extracted by visible light is able
to capture the change of chlorophyll amount in plant leaves.

CIE defines the D65 illuminant as a standard illuminant for
color evaluation, and it is most commonly used in industry
and agriculture [36], [42]. It approximates the midday lighting
environment, and its relative energy varies with wavelength
(Fig. 4). The reflectance-based hue angle calculated using
the D65 standard illuminant data is denoted by hue-angleD65.
According to (4)–(7), the hue-angleD65 calculated based on a
continuous reflectance spectrum using the D65 illuminant data
is considered the true value of the hue angle. Furthermore,
several water color remote sensing studies [25], [26], [27]
have shown that the hue angle was calculated based on ground

measurements and satellite data using wavelength-independent
light source data, which was referred to as hue-anglenoD65 in
this study. As a result, S

(
λ
)

in (4)–(7), which was used to
calculate the hue-anglenoD65, was set to 1. In the sequel, the
difference between hue-angleD65 and hue-anglenoD65, as well
as their respective abilities for LCC estimation, was compared.

C. Calculation Method of New Multispectral Hue Angle

In [21], multispectral remote sensing data were spectrally
interpolated to calculate three X, Y, and Z values and thus
obtain the hue angle. For instance, in the case of calculating
the multispectral X, it was the sum of all the X segments
between adjacent discrete bands, and it is expressed as

X =

N−1∑
i=1

X(λi , λ i+1) (8)

where N is the number of effective multispectral bands
between 400 and 710 nm, as referenced in [21]. In fact, the
values of the CIE XYZ color matching function outside the
range of 400–700 nm are negligible, as shown in Fig. 4. λi is
the center wavelength of the i th discrete band, and X(λi , λ i+1)

is the segment of the stimulus value X between λi and λi+1.
In contrast to employing the wavelength-independent illu-

minant in previous water remote sensing studies on existing
multispectral hue angle calculation [20], [21], this study
calculates the X, Y, and Z values of the discrete spectral
interpolation method using the D65 standard illuminant data.
Our improved calculation of X(λi , λ i+1) from multispectral
reflectance data considering the wavelength-dependent stan-
dard illuminant factor is given by

X
(
λi , λ i+1

)
= k

(
R
(
λi
) ∫ λi

λi−1

S
(
λ
)
x
(
λ
) (λ − λi−1

)(
λi − λi−1

)dλ

+R
(
λi+1

) ∫ λi+1

λi

S
(
λ
)
x
(
λ
) (λi+1 − λ

)(
λi+1 − λi

)dλ )

)
(9)

where R(λi ) is the reflectivity of discrete bands with a center
wavelength λi , S

(
λ
)

is the relative energy distribution of the
illuminant, and x(λ ) is the color matching function for the
stimulus value X. S

(
λ
)

and x
(
λ
)

are continuous and do not
require spectral response sampling.

By combining (8) and (9), X that was calculated using
the discrete spectral interpolation method becomes an integral
function of the product of the discrete band’s reflectance and
the corresponding weight coefficient

X = k
N∑

i=1

wX (i)R(λi ) (10)

where wX(i) is the weight coefficient for the i th band and is
expressed as a function of λi , S

(
λ
)
, and x

(
λ
)

wX(i = 1) = k
∫

λi+1

λi

S
(
λ
)
x
(
λ
) (λi+1 − λ

)(
λi+1 − λi

)dλ (11)

wX(1 < i < N ) = k
∫

λi

λi−1

S
(
λ
)
x
(
λ
) (λ − λi−1

)(
λi − λi−1

)dλ
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TABLE III
VEGETATION INDICES (VIS) USED IN THIS STUDY

+

∫
λi+1

λi

S
(
λ
)
x
(
λ
) (λi+1 − λ

)(
λi+1 − λi

)dλ (12)

wX(i = N ) = k
∫

λi

λi−1

S
(
λ
)
x
(
λ
) (λ − λi−1

)(
λi − λi−1

)dλ . (13)

Similarly, the weight series wY and wZ correspond to Y
and Z, respectively. After X, Y, and Z are calculated based
on the multispectral reflectance and band-by-band weight
coefficients—wX, wY, and wZ, the hue angle is obtained using
(1)–(3). All the wX(i) values for the 400- and 710-nm bands
are then summed

N∑
i=1

wX (i) = k
∫

λN

λ1

S
(
λ
)
x
(
λ
)
dλ

=
100

∫ 710
400 S

(
λ
)
x(λ )dλ∫ 710

400 S
(
λ
)

y(λ )dλ
. (14)

Subsequently, the sum of the wY series and that of the wZ
series are expressed as

N∑
i=1

wY (i) =
100

∫ 710
400 S

(
λ
)

y(λ )dλ∫ 710
400 S

(
λ
)

y(λ )dλ
= 100 (15)

N∑
i=1

wZ (i) =
100

∫ 710
400 S

(
λ
)
z(λ )dλ∫ 710

400 S
(
λ
)

y(λ )dλ
. (16)

According to (14)–(16), the sums of wX , wY , and wZ should
be independent of the difference of multispectral sensors, but
only with the relative energy functions of the used illuminant
data and the XYZ color matching functions. In the case of
using the D65 standard illuminant data, the sums of wX ,
wY , and wZ are sets of fixed values greater than 100, equal
to 100, and less than 100, respectively. When employing
wavelength-independent illuminant data (i.e., S

(
λ
)

is set to
1), the sums of wX , wY , and wZ should all be equal to 100.

The X, Y, and Z values, to calculate the multispectral hue
angle, are determined by incorporating all bands within the
range of 400–710 nm that are considered valid, and these used
bands encompass the two boundaries of 400 and 710 nm.
However, since most of the multispectral sensors do not
comprise the two bands, the contributions of the 400- and
710-nm bands are lost when calculating the hue angle based

on multispectral data. Fortunately, reflectance in the 400- and
710-nm bands contributes very little to the hue angle of the
green or yellow colors. Therefore, the multispectral hue angle
is calculated only using all the bands of the given sensor
between 400 and 710 nm, excluding the 400- and 710-nm
bands [21]. When S(λ ) is set as the relative energy data
of D65 illuminant or fixed at 1 in (11)–(13), our proposed
multispectral hue-angleD65 and the existing multispectral hue-
anglenoD65 can be obtained, respectively.

D. Chlorophyll-Related Vegetation Indices for Comparison

Six chlorophyll-related VIs were chosen for a comparative
test of the LCC estimation ability using the reflectance-based
hue angle. Table III shows the selected VIs, which include
CIred−edge [1] and MTCI [10] for red-edge VIs, CIgreen [1] and
NDVI [43] for visible–NIR VIs, and NGRDI [14] and TGI
[15] for visible VIs. These VIs have been previously used to
estimate vegetation chlorophyll content in other studies [6],
[7], [16], [44]. Red-edge bands are commonly available in
hyperspectral sensors and a few multispectral sensors, while
NIR and visible bands are available in most multispectral
sensors. This study calculated red-edge VIs using hyperspec-
tral and multispectral MERIS data, while visible–NIR VIs or
visible VIs were calculated using multispectral ETM+ data
without red-edge bands, as shown in Table III. Note that sev-
eral previous studies have utilized correlation as the primary
metric to demonstrate the potential of novel indices, such as
CIred−edge [1], MTCI [10], and TGI [15], in remote sensing of
vegetation parameters. The VI saturation phenomena are easily
explained by its considerable nonlinear relationship with the
vegetation parameter; thus, an indicator with a strong linear
relationship with the vegetation parameter is preferred [10],
[33], [45]. In this study, R2 of the linear regression statistics
was used to assess the potential of the tested VIs and hue
angles in estimating the LCC.

IV. RESULTS

A. Test Results for Ground-Measured Hyperspectral Data

Fig. 5 shows scatter plots of the hue-angleD65 versus
hue-anglenoD65 calculated from ground-measured hyperspectral
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Fig. 5. Scatter plots of the hue-angleD65 and hue-anglenoD65, calculated
from ground-measured soybean canopy spectra. Hue-angleD65 is the hue angle
calculated using the D65 standard illuminant data, and hue-anglenoD65 is the
hue angle calculated using wavelength-independent illuminant data.

data at canopy scales using the Soybean-Hyper datasets. The
result indicates that the calculated hue-anglenoD65 tends to be
yellow-red in color and is larger than the corresponding hue-
angleD65 value.

Fig. 6 shows the relationships between the LCC and the
eight tested indicators using the LAI-graded soybean canopy
hyperspectral data. LAI greater than 2 was used to indicate
dense canopies in this study. Results show that none of the
eight tested indicators calculated based on soybean canopy
reflectance have strong relationships with LCC for all of the
LAIs. R2 of the MTCI-LCC regression is superior to 0.5,
followed by the results of CIred−edge and hue-angleD65. In dense
canopies, the R2 values of the regressions between almost all
the tested indicators and LCC are improved. This demonstrates
that high coverage is a critical requirement for high-quality
LCC retrieval using the hue angle or VIs. For the dense
canopies, the relationship between hue-angleD65 and LCC was
closer (R2

= 0.54) than that of the hue-anglenoD65 and LCC
(R2

= 0.44) and only slightly worse than the red-edge VI—
MTCI (R2

= 0.59). Moreover, R2 of the regression between
the hue-angleD65 and LCC is even slightly higher than that of
the red-edge VI—CIred−edge (R2

= 0.51) and much better than
that of CIgreen (R2

= 0.39), TGI (R2
= 0.28), NDVI (R2

=

0.24), and NGRDI (R2
= 0.08). These results suggest that the

hue-angleD65, MTCI, and CIred−edge are promising indicators
for LCC estimation in dense soybean canopies.

B. Test Results for Simulated Multispectral Data

Table IV provides the weight coefficients used in the
calculation of tristimulus values, corresponding to the center
wavelength or band number of the MERIS, MSI, and ETM+

multispectral sensors using the D65 standard illuminant data
and wavelength-independent illuminant data. The effect of
missing the 400- and 710-nm bands on their calculation
of tristimulus values for different multispectral sensors is
dependent on the sensor. For the MERIS bands, the weight
coefficients of the two bands at 400 and 710 nm are very
low, indicating that its calculation of the tristimulus values
and hue angle is reliable. For the MSI and ETM+, the wZ
value of the 400-nm band is not particularly low, potentially

resulting in a greater underestimation of Z compared to X and
Y. Nevertheless, given the inherent low reflectivity of most
vegetation in the blue band, the absence of the 400-nm band on
the ETM+ hue angle calculation might have a limited impact.

The hyperspectral hue-angleD65 values served as the
true reference values to assess the accuracy of multispec-
tral hue angle calculations, which were determined under
different illuminant data strategies using simulated multispec-
tral datasets for Soybean-SimMERIS, Soybean-SimMSI, and
Soybean-SimETM+ datasets (Fig. 7). In general, the MERIS
hue-angleD65 that was obtained was the most accurate in the
simulated results of multispectral hue angles. The MSI hue
angle and ETM+ hue angle calculations are generally close in
accuracy, with R2 of the ETM+ hue angle to the hyperspectral
hue angle being slightly greater than that of the MSI hue
angle. Moreover, the accuracy of the hue-angleD65 calcula-
tions for simulated multispectral data of soybean canopies
was found to be superior to that of hue-anglenoD65 results.
Regardless of using the D65 standard illuminant data or
wavelength-independent illuminant data, the calculation accu-
racy of the multispectral hue angle based on MERIS data was
higher than that based on MSI and ETM+ data. The accuracy
of multispectral hue angles for yellow or red vegetation was
higher, while the overestimation of multispectral hue angles
for green colors was more serious.

Fig. 8 shows R2 of the regression relationship between
the LCC and multispectral hue angle, acquired for the three
multispectral sensors, as well as the two illuminant data
strategies. Furthermore, the effects of canopy density on the
relationship between the multispectral hue angle and LCC
were compared using simulated soybean data for MERIS,
MSI, and ETM+. The simulated MERIS, MSI, and ETM+

results show that, for the given sensor, the relationship between
the multispectral hue-angleD65 and the LCC was better than
that between the multispectral hue-anglenoD65 and the LCC.
For a given illuminant, the relationship between the MERIS
hue angle and the LCC was better than that between the
ETM+ hue angle and the LCC. The calculated R2 of the
MERIS hue-angleD65 and the LCC was close to the hyper-
spectral hue-angleD65 results at the canopy level (Fig. 6). R2

of the hue-angleD65 and LCC relationship, calculated using
simulated MERIS, MSI, or ETM+ samples of the dense
soybean canopies (LAI > 2), was significantly improved from
0.44 to 0.53 for the Soybean-SimMERIS dataset, from 0.4 to
0.48 for the Soybean-SimETM+ dataset, and from 0.33 to
0.42 for the Soybean-SimMSI dataset, when compared to the
results of all canopy samples.

C. Test Results for Satellite Multispectral Data

Fig. 9 shows the correlation between the LCC ground
measurement and the satellite-based multispectral hue angle,
derived from the Soybean-MERIS, Soybean-ETM+, and
Wheat-MSI datasets. The soybean results indicate a significant
reduction in R2 values of the relationship between the MERIS
or ETM+ hue angle and the LCC for all soybean canopy
samples, compared to the dense canopy samples (LAI > 2).
Among all dense samples, the hue-angleD65 calculated from
the MERIS satellite dataset exhibited the highest correlation
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Fig. 6. Relationships between the LCC and tested remote sensing indicators, including hue angles and six vegetation indices from the soybean canopy
spectral data. (a) Hyperspectral hue-angleD65. (b) Hyperspectral hue-anglenoD65. (c) MTCI. (d) CIred−edge. (e) CIgreen. (f) NDVI. (g) NGRDI. (h) TGI.

Fig. 7. Scatter plots of the hyperspectral hue-angleD65 and multispectral hue angles calculated from simulated MERIS, MSI, and ETM+ reflectance of
soybean canopies. The hyperspectral hue-angleD65 is true hue angle to validate all calculated multispectral hue angles for three sensors (MERIS, MSI, and
ETM+) and for two illuminant configurations. (a) D65 standard illuminant data and (b) wavelength-independent illuminant (noD65 illuminant) data are used
in multispectral hue angle calculation.

with the LCC (R2
= 0.75). Generally, for all three satellite

datasets, the relationship between the hue-angleD65 and the
LCC was better (or not worse) than the results of the hue-
anglenoD65.

Table V shows R2 of the regression between the LCC
and all tested indicators, including the two hue angles and
the six VIs. In the Soybean-MERIS and Soybean-ETM+

datasets, the relationship between hue angle or VI and soybean
LCC was stronger in dense canopies (LAI > 2) than in all
canopies (LAI > 0). The Wheat-MSI dataset also showed a
substantial correlation between the multispectral hue angle and
LCC. Because the proportion of sparse samples is small and
the low LCC values in sparse samples are lacking in dense
samples (Fig. 2), R2 of the hue angle-1 of dense samples or
even slightly improved. In general, the results of the MERIS,
ETM+, and MSI data show that the satellite-based hue angle

also had a higher and more stable LCC correlation compared
with the tested visible–NIR VIs—CIgreen and NDVI—and vis-
ible VIs—NGRDI and TGI. The MERIS and MSI hue angles,
especially hue-angleD65, demonstrate the ability to estimate the
LCC close to the red-edge VIs—MTCI and CIred−edge.

V. DISCUSSION

This study seeks to introduce hue angle into multispectral
remote sensing of vegetation because its potential chlorophyll
recognition capacity is supported by a knowledge of the
evolution of the human eye’s recognition of green vegetation
and the design of the CIE XYZ color space. Compared to
multidimensional color indicators, such as X, Y, and Z in the
CIE XYZ color space and x and y in the CIE xy chromaticity
diagram [24], [46], the hue angle defined in the CIE xy
chromaticity diagram is a single-dimensional indicator that
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TABLE IV
WEIGHT COEFFICIENTS FOR THE CALCULATION OF X, Y, AND Z FOR THE MERIS, MSI, AND ETM+ SENSORS USING THE D65 ILLUMINANT DATA AND

THE WAVELENGTH-INDEPENDENT ILLUMINANT DATA

is easier to use in representing the color of plant leaves.
Previous studies on the estimation of the plant chlorophyll
status using color characteristics relied primarily on visible
cameras or color meters in the laboratory and in the field [47],
[48], [49]. Reflectance-based hue angle has been used in water
color remote sensing [25], [26], [27]. However, the usage of
standard illuminant data is not taken into consideration in this
reflectance-based hue angle calculation, which contradicts the
original design of the CIE XYZ color space. Furthermore,
it has not been applied in vegetation remote sensing, partic-
ularly when an effective indicator for estimating LCC based
on multispectral data without red-edge bands is required. This
study focuses on developing the new multispectral hue angle
calculation method employing D65 standard illuminant data

(multispectral hue-angleD65) and evaluating its LCC estimation
potential based on the commonly used nonred-edge sensors,
especially at canopy and satellite scales. Our results demon-
strate that the CIE XYZ hue angle calculated by using standard
illuminant data can be employed as a novel visible indicator
for multispectral remote sensing of leaf chlorophyll status.
Furthermore, when compared to hue angle results from another
widely used color space—the CIELAB (Fig. 10), the hue angle
derived from the CIE XYZ color space (Fig. 6) appears to be
more competitive in estimating plant chlorophyll. It is worth
noting that to own a perceptually uniform color difference, the
CIE XYZ color space, as a linear color space, is nonlinearly
transformed into the CIELAB color space [50], [51]. This
transformation may produce a poorer correlation between the
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Fig. 8. R2 values of the regression between the LCC and multispectral hue
angles, calculated from simulated MERIS, ETM+, and MSI reflectance of
soybean canopies. D65 indicates using the D65 standard illuminant data and
noD65 indicates using wavelength-independent illuminant data. ∗∗∗ indicates
significance at the 0.001 level.

TABLE V

R2 OF THE REGRESSION RELATIONSHIP BETWEEN LCC AND
SATELLITE-BASED VEGETATION INDICES

CIELAB hue angle and the LCC than the CIE XYZ hue
angle and the LCC. The findings are helpful in promoting the
practicability of this new approach in vegetation multispectral
remote sensing.

As described in (11)–(13), this study developed the
algorithm for calculating tristimulus weight coefficient for
a given multispectral sensor using standard illuminant data
and provided the coefficients for MERIS, MSI, and ETM+

sensors so that their multispectral hue angle can be eas-
ily computed from the visible bands. When calculating the
reflectance-based hue angle, it is important to consider whether
standard illuminant data are used. This study highlights that
the hue-anglenoD65 is higher than the true hue-angleD65, which
is not observed by previous reflectance-based hue angle studies
[19], [20], [21]. The relative energy of the standard illuminant
changes with the wavelength and is used as the weight of
each band in the calculation of X, Y, and Z. When using D65
standard illuminant data, the illuminant weights corresponding
to the vegetation reflectance of blue or green wavelengths
(especially blue) are greater than those corresponding to

the red reflectance. Therefore, the calculated hue-anglenoD65
appears more yellow-red than the corresponding hue-angleD65.
For green vegetation, the values of the hyperspectral hue-
anglenoD65 are nearly 10◦ higher than those of the hyperspectral
hue-angleD65, as shown in Fig. 5. Moreover, the variations of
the band weights of X, Y, and Z calculations under different
illuminant data strategies explain why the hue-anglenoD65 has
a higher calculation than the hue-angleD65. However, there
is a scaling issue in the weight coefficients obtained by
different methods. As shown in Table IV, the band weight
sum values of approximately 95, 100, and 108.5 for X, Y,
and Z calculation, respectively, using D65 standard illuminant
data are inconsistent with the fixed sum value of 100 under the
wavelength-independent illuminant data strategy. Furthermore,
in the results obtained in [21], the fixed weight sum for X, Y,
or Z is 106 under the wavelength-independent illumination
data strategy. The weights were normalized to account for
the scaling differences in band weight coefficients. Using the
MERIS sensor as an example in Fig. 11, the normalized
weights for calculating the hue-anglenoD65 are in line with
those normalized values based on the results in [21]. Notably,
the normalized weight of the blue-band reflectance using the
D65 standard illuminant data is larger than that using the
wavelength-independent illuminant data, which results in a
higher value of the hue-anglenoD65 than that of hue-angleD65.

This study reveals that the ability of the reflectance-based
hue angle to reflect the chlorophyll status of plants differs
depending on whether standard illuminant data is used or
not. As shown in the above results, the relationship between
the LCC and the hue angle calculated using D65 standard
illuminant data is more sensitive than the hue-anglenoD65.
The CIE xy chromaticity diagram is designed based on an
illuminant similar to the D65 standard illuminant, and the
green part of the chromaticity diagram has a broader hue
angle range than the yellow part [38], [42]. However, the
calculated hue-anglenoD65 for green leaves tends to become
yellow, causing saturation at medium and high LCC. This
saturation issue can limit the ability of hue-anglenoD65 to
estimate the LCC accurately. Human eyes generally recognize
colors in the sunlight, and hue-angleD65 is better than hue-
anglenoD65 at representing the vegetation colors recognized
by human eyes. This finding suggests that the human eye
recognizes the chlorophyll status of plants under light cir-
cumstances similar to sunlight. The comparison results of
vegetation hue angles based on different illuminant data strate-
gies presented in this study also serve as a useful reference for
applying hue angles of other objects, such as water, soil, and
fruits.

Our proposed multispectral hue angle, such as the VIs,
is viewed as a transformed form of the vegetation visible
reflectance spectrum, and this transformation is established
using current color space knowledge. Red-edge VIs have been
considered to have high accuracy in vegetation chlorophyll
retrieval [6], [10], [12], which is consistent with the findings
of this study. The obtained comparison results from the canopy
and satellite datasets show that the sensitivity of hue angle
to the LCC appears weaker or close to the two tested red-
edge VIs, but higher than the four tested visible–NIR and
visible VIs. Furthermore, the soybean LCC estimation model

Authorized licensed use limited to: Aerospace Information Research Institute. Downloaded on October 19,2023 at 00:37:32 UTC from IEEE Xplore.  Restrictions apply. 



JIAO et al.: POTENTIAL OF MULTISPECTRAL HUE ANGLE FOR LEAF CHLOROPHYLL ESTIMATION 4408616

Fig. 9. Relationships between the LCC and multispectral hue angles, calculated from MERIS, ETM+, and MSI satellite data. (a) Soybean hue-angleD65
based on MERIS data. (b) Soybean hue-angleD65 based on ETM+ data. (c) Wheat hue-angleD65 based on MSI data. (d) Soybean hue-anglenoD65 based on
MERIS data. (e) Soybean hue-anglenoD65 based on ETM+ data. (f) Wheat hue-anglenoD65 based on MSI data.

Fig. 10. Relationships between the LCC and CIELAB hue angles calculated
from the soybean canopy spectral data.

trained on ground spectrally resampled reflectance was applied
to satellite data using the MERIS sensor as an example
(Fig. 12), and it is discovered that the LCC estimation accuracy
using the red-edge VI—MTCI is still slightly better than
our proposed hue-angleD65, which is better than the exist-
ing hue-anglenoD65 and the popular nonred-edge VI—NDVI.
Satellite- or UAV-based multispectral remote sensing has been
a common solution for large-scale plant chlorophyll monitor-
ing [52], [53]. However, the red-edge VIs are inapplicable to
the multispectral sensors having no red-edge bands. The hue
angle, which is mainly calculated based on the visible bands,
serves as a feasible chlorophyll indicator for such sensors.
In fact, the empirical regression relationship between VIs and
LCC in a given area is typically dependent on the unique
vegetation type or soil type [6], [45], which could result in
large R2, as we found in the soybean or wheat samples.
Advanced machine learning methods, such as neural network,

Fig. 11. Normalized weight coefficients for the calculation of the stimulus
value Z (normalized wZ), corresponding to the central wavelengths of the
MERIS bands. The Woerd2015 represents the result obtained in [21].

that are based on vegetation radiative transfer models or huge
training datasets have been regarded as suitable or estimating
vegetation parameters across areas and vegetation types [54],
[55]. Integrating VIs into the training of machine learning
algorithms for vegetation parameter retrieval has also been
demonstrated to be advantageous [56], [57]. Reflectance-based
hue angles determined from visible bands can be useful in
monitoring regional or perhaps global LCC using empirical or
more complicated machine learning techniques.

It should be noted that vegetation sparseness affects
the canopy reflectance [9], [60], severely reducing the
accuracy of LCC estimation using VIs at the canopy
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Fig. 12. Comparison between the measured LCC and that estimated
from the Soybean-MERIS dataset using the remote sensing indicator-LCC
models trained on the Soybean-SimMERIS dataset. (a) Hue-angleD65.
(b) Hue-anglenoD65. (c) MTCI. (d) NDVI.

scale [7], [15], [56], [59], [60]. The lower the spatial reso-
lution of remote sensing data, the more mixed pixels of
vegetation and nonvegetation landscape [9], [16], [33], which
brings greater uncertainty to the large-scale LCC estimation
using the VIs. This is also confirmed in this study. Further-
more, it is deduced that the correlation between our proposed
hue angle and the LCC is more significant in a dense canopy
than in a spare canopy. As shown in Fig. 2, the correlation
between ground-measured LAI and LCC in the soybean and
wheat experiments is poor, especially in the case of high LAI,
R2 between LAI and LCC in the soybean dataset is near to 0,
indicating that our above findings based on the tested data
are rather reliable. With the better decoupling of LCC and
LAI of samples, this may be well illustrated by simulating
the relationship between LCC and VIs at various LAIs using
a plant radiative transfer model—PROSAIL model [11], [35],
[45], [59], and Fig. 13 provides a simulation example of the
two hue angles, MTCI, and NDVI. Although both the hue
angles and the two VIs in a fixed LAI case exhibit a clear
association with LCC, these correlations are influenced by
changes in LAI, especially when LAI is low. Furthermore,
as shown in Fig. 13(d), changes in LAI have a greater impact
on the nonlinear relationship between the NDVI and LCC,
which may cause the more erroneous LCC estimation based
on canopy- and satellite-level data. Fig. 13 shows that the VIs
and the hue angles have a more reliable connection with LCC
in a dense canopy than in a sparse canopy. This is because,
as the LAI increases, the contribution of the soil background
to canopy reflectance decreases greatly [5], [60]. Even with a
high LAI, the sensitivity of these indicators to LCC varies. The
existing hue angle becomes saturated quickly at middle LCC
when LAI is 3, and the NDVI has the saturate for all LAIs.
In dense canopies (LAI > 2), the MTCI and our suggested
multispectral hue angle (hue-angleD65) are more sensitive to
LCC than the existing hue angle (hue-anglenoD65) and NDVI.

Fig. 13. Relationship of the LCC with (a) hue-angleD65, (b) hue-anglenoD65,
(c) MTCI, and (d) NDVI at various LAIs based on simulated MERIS data
from the PROSAIL simulations from a nadir view. Except for LAI and LCC,
other parameters of the PROSAIL model were set to fixed values (leaf water
content = 0.01 g cm−2, leaf dry matter content = 0.003 g cm−2, N = 1.55,
average leaf inclination angle = 57◦, and sun zenith angle = 30◦).

The vegetation spectrum simulations with ideal LCC and LAI
decoupling support our test results (Figs. 6, 8, and 9, and
Table V). Of course, the decoupling of LCC and canopy
parameters, including not only LAI in real canopies, based
on nondense canopy reflectance or derived indicators like our
proposed hue angle, has remained a very challenging area of
research [44].

Our finding suggests that high-density canopy pixels must
be identified first in order to generate quality labels for
high-accuracy LCC estimation based on a reflectance-based
hue angle, as these high-quality labels are critical for
LCC-based vegetation applications. Fortunately, identifying
pixels primarily composed of dense canopies can be easily
performed using NDVI, high-resolution images, or other land
cover prior knowledge [61]. Despite the fact that this study
did not look into how to improve LCC estimation of sparse
vegetation, several studies have investigated various strategies
to reduce the impact of soil on LCC estimation models based
on reflectance or chlorophyll-related VIs for sparse canopies,
such as using selecting nonnoon observations [45], multiangle
observations [62], advanced vegetation-soil spectral separation
(3SV) method for hyperspectral data [63], or building VIs
based on canopy scattering coefficients from spectral invariants
theory [60]. The use of our proposed reflectance-based hue
angle into these strategies could potentially help to improve the
LCC estimation based on multispectral data without red-edge
bands in all canopies or over the whole vegetation stages.

Uncertainty in atmospheric correction, particularly due to
inaccurate aerosol correction, is another significant concern in
satellite-level remote sensing of vegetation [64], [65], [66].
To demonstrate the effect of atmospheric correction errors
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Fig. 14. Cross-validated RMSE of soybean LCC estimation based on hue
angles against the 550-nm AOT errors in atmospheric correction. The truth
value of 550-nm AOT is 0.2. The AOT errors of −0.1, −0.05, 0, 0.05, and
0.1 correspond to the AOT inputs of 0.1, 0.15, 0.2, 0.25, and 0.3, respectively.
A tenfold cross validation is done using MATLAB’s crossvalind function at
the 0.001 significance level.

on LCC estimation using different hue angles, atmospheric
correction simulations were conducted using ground-measured
soybean reflectance data, and the LCC estimation using
the two different hue angles was cross-validated (Fig. 14).
Satellite-measured canopy reflectance with aerosol correction
errors, simulated by the Second Simulation of the Satellite
Signal in the Solar Spectrum (6S) model [67], was applied
to the hue angle-LCC model without atmospheric correc-
tion errors. It is important to mention that the inaccuracy
of the atmospheric correction has a higher impact on the
LCC estimation performance of the hue-angleD65 than that
of hue-anglenoD65 (Fig. 14). This is because AOT errors
significantly affect the correction of atmospheric effects in
the blue region [68], [69], which is also shown in Fig. 15,
and the blue reflectance has a greater weight for calculating
the hue-angleD65 compared with hue-anglenoD65. Furthermore,
the overestimation of the AOT has less influence on the
LCC estimation using the reflectance-based hue angle than the
underestimation of AOT in atmospheric correction. Naturally,
robust atmospheric correction algorithms, clear air conditions,
and low-altitude UAV flights are conducive to an accurate
atmospheric correction of multispectral images [70], [71],
which ensures the effectiveness of LCC estimation by the
multispectral hue angle.

The difference in the band setting of satellite- or UAV-based
multispectral sensors should be considered in the calculation
of the hue angle and its application. The obtained results
show that there is a systematic deviation of the multispectral
vegetation hue angle from the true value of the hyperspectral
calculated hue angle. The multispectral sensors generally lack
a band at 400 nm, causing the multispectral hue angle to
be systematically high. Bands with a wavelength slightly
greater than 710 nm or less than 400 nm can also be used
as effective bands for (4)–(13) to calculate the multispectral
hue angle, except that the weighting factors corresponding to
these bands will be very small. In this study, visible spectra
were obtained only using a simple linear interpolation of
multispectral data between 400 and 710 nm as the basis for
multispectral hue angle calculation. Moreover, it is necessary
to assess whether these bands at wavelengths higher than

Fig. 15. (a) Atmospherically corrected reflectance of a soybean canopy and
(b) its relative errors due to aerosol input errors.

710 nm or lower than 400 nm contribute to the accurate
reconstruction of vegetation visible spectra, particularly when
using more sophisticated spectral reconstruction methods. The
development of advanced spectral reconstruction methods,
such as the fusion of multispectral and hyperspectral images
[72], presents an opportunity to enhance the utility of the
multispectral hue angle. Furthermore, inconsistencies exist in
the hue angles calculated from different multispectral sensors,
such as the MERIS, MSI, and ETM+ sensors. Normalization
of multisensor hue angle products is required when carrying
out vegetation monitoring applications based on hue angle
products from different multispectral sensors. This concept is
similar to the NDVI normalization for different sensors [73],
[74]. Currently, the correction method of the multisensor hue
angles based on a water spectral simulation dataset in water
color application studies [21], [25] can be used as a reference.
New normalization schemes, such as the selection of vegeta-
tion spectral benchmark datasets to establish the relationship
between multispectral hue angle and hyperspectral hue angle
or between hue angle products from different multispectral
sensors, should be considered for monitoring vegetation LCC
dynamics with higher temporal resolution.

VI. CONCLUSION

To design an effective chlorophyll-related indicator from
multispectral data without nonred-edge bands, this study
developed a new multispectral clockwise-defined hue angle
calculation method employing standard illuminant data, which
is line with the CIE XYZ color space, as well as the sensitivity
of LCC to our proposed hue angles at canopy and satellite
scales was investigated. For the first time, the tristimulus
weight coefficients for MERIS, MSI, and ETM+ sensors were
provided using the newly developed algorithm, making it easy
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to calculate their multispectral hue angles from the visible
bands using D65 standard illuminant data. The results revealed
that using wavelength-independent illuminant data or discrete
bands overcalculated the hue angle. Our proposed multispec-
tral hue angle showed better sensitivity to the LCC than the
existing hue angle calculated using wavelength-independent
illuminant data and the tested visible–NIR and visible VIs
and performed slightly worse or close to the red-edge MTCI.
The presented evaluation on the potential of our proposed
multispectral hue angle for LCC estimation provides a crit-
ical foundation for monitoring leaf chlorophyll status using
satellite- and UAV-based nonred-edge sensors. Future research
should include studies on hue angle testing in various canopies
(both crops and forests), using real data from more sen-
sors with various atmospheric effects, the normalization of
multisensor hue angles, and novel vegetation monitoring appli-
cations, such as detecting the canopy chlorophyll vertical
distribution by using multispectral hue angles.
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