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Abstract: Reflectance and vegetation indices obtained from aerial images are often used for monitoring
crop fields. In recent years, unmanned aerial vehicles (UAVs) have become popular and aerial images
have been collected under various solar radiation conditions. The value of observed reflectance and
vegetation indices are considered to be affected by solar radiation conditions, which may lead to
inaccurate estimations of crop growth. In this study, in order to evaluate the effect of solar radiation
conditions on aerial images, canopy reflectance in paddy fields was simulated by a radiative transfer
model, FLiES (Forest Light Environmental Simulator), for various solar radiation conditions and
canopy structures. Several parameters including solar zenith angle, proportion of diffuse light for
incident sunlight, plant height, coordinates of plants and leaf area density, were tested in FLiES.
The simulation results showed that the solar zenith angle did not vary the canopy reflectance under the
conditions of the proportion of diffuse light at 1.0, but the variation was greater at lower proportions of
diffuse light. The difference in reflectance caused by solar radiation was 0.01 and 0.1 at the maximum
for red and near-infrared bands, respectively. The simulation results also showed that the differences
in reflectance affect vegetation indices (Simple Ratio (SR), Normalized Difference Vegetation Index
(NDVI) and Enhanced Vegetation Index 2 (EVI2)). The variation caused by solar radiation conditions
was the least for NDVI and the greatest for SR. However, NDVI was saturated at the least leaf area
index (LAI), whereas SR was only slightly saturated. EVI2 was intermediate between SR and NDVI,
both in terms of variation and saturation. The simulated reflectance and vegetation indices were
similar to those obtained from the aerial images collected in the farmers’ paddy fields. These results
suggest that a large proportion of diffuse light (close to 1.0) or a middle range of solar zenith angle
(45 to 65 degrees) may be desirable for UAV monitoring. However, to maintain flexibility of time and
occasion for UAV monitoring, EVI2 should be used to evaluate crop growth, although calibration
based on solar radiation conditions is recommended.

Keywords: leaf area index; paddy field; radiative transfer model; unmanned aerial vehicle;
vegetation index

1. Introduction

An appropriate cultivation management strategy in crop fields should be employed to produce
crop grain with high quality and quantity. The appropriate cultivation management first requires
monitoring crop growth for farmers to decide suitable management, such as fertilization and water
control. The leaf area index (LAI) is often used as an index for monitoring crop growth in crop fields
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because LAI is an appearance trait of crop status and is important for crop production [1–4]. LAI could
be measured manually at the ground level using measuring instruments, such as a plant canopy
analyzer [5]. The LAI measurement in crop fields is often restricted by labor and time because the
measurement can only cover a limited range.

For this restriction, several efforts to estimate LAI using remote sensing techniques have been
examined in past studies [6–8]. The estimation methods in these studies mostly used vegetation
indices calculated using the canopy reflectance obtained from multispectral images taken in crop
fields. For this purpose, various types of vegetation indices have been developed, such as Normalized
Difference Vegetation Index (NDVI) and Soil-Adjusted Vegetation Index (SAVI) [9–14]. For example,
Ali et al. estimated wheat LAI based on NDVI and SAVI and improved the vegetation indices by
adding a red-edge spectral band [6]. These vegetation indices are often calculated from satellite remote
sensing data, however, end users, such as farmers, have difficulties using the data because of the cost,
especially with high spatial resolution, and the inflexibility of employing remote sensing techniques.

In recent years, since access to aerial images is becoming relatively easier as unmanned aerial
vehicles (UAVs, such as drones) become more common [15], the utilization of aerial images by farmers
in their crop fields has been expected. Some efforts to apply remote sensing techniques to aerial images
taken by UAVs have also been conducted. Information obtained by analyzing aerial images taken by
UAV was utilized for breeding [16,17], cultivation management [18,19] and yield estimation [20,21].
For example, Mukoyama et al. attempted to estimate the chlorophyll gauge value of rice by applying
the vegetation index using the green and near-infrared spectral bands to the hyperspectral image [19].
Maki et al. evaluated the growth of LAI from multitemporal aerial images to estimate rice yield in
agricultural fields [21].

UAV can fly at any time, except during restricted conditions, such as bad weather. Therefore,
compared with satellite images, a UAV image can be obtained under various solar radiation conditions
including various proportions of diffuse light for incident sunlight and various incident angles of direct
sunlight (solar zenith angle). Different solar radiation conditions cause a difference in the observed
reflectance for the same object [22,23]. Consequently, the difference in observed reflectance might affect
the vegetation index, even though the vegetation index adjusts for such difference by using ratio or
normalization of reflectance values. The vegetation index influenced by solar radiation conditions
could produce inaccurate crop growth status and mislead farmers. However, few studies take the effect
of solar radiation conditions into consideration when using a vegetation index for UAV monitoring of
crop fields.

This study simulated the reflectance of a crop canopy with various solar radiation conditions using
a radiative transfer model to evaluate the effect of solar radiation conditions on canopy reflectance and
vegetation indices. Paddy fields were selected because rice is a major staple food and occupies a large
portion of cultivated fields in Asia. To evaluate the effect of solar radiation conditions at various growth
periods, the simulation was conducted by changing the parameters of canopy structure. For example,
LAI and plant height corresponded with rice growth. The simulated reflectance and vegetation indices
were plotted against LAI to evaluate the variation against solar radiation conditions. To validate the
simulation results, aerial multispectral images were taken by UAV during several growth periods in
farmers’ paddy fields, and the canopy reflectance obtained from the images was compared with the
simulated reflectance. Based on these results, optimal solar radiation conditions and vegetation indices
for UAV monitoring of crop fields were discussed.

2. Materials and Methods

2.1. Simulation of Canopy Reflectance by a Radiative Transfer Model

A radiative transfer model was used as a method to simulate canopy reflectance. Photons
that are transferred from the sun to the atmosphere to reach the observer, such as a spectral sensor,
were simulated through scattering by atmospheric particles and reflection, transmission and absorption
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by the vegetation canopy. These processes are modeled by a radiative transfer model. Canopy
reflectance is calculated by the ratio of the photons at the observer to those inputted to the canopy.
In this study, one of the representative radiative transfer models, FLiES (Forest Light Environmental
Simulator [22]), was applied to calculate canopy reflectance. FLiES simulates radiative transfer
in the atmosphere and canopy based on the Monte Carlo ray tracing technique and calculates
various plant light environmental conditions, including the bidirectional reflectance factor, absorbed
photosynthetically active radiation and irradiance at the top and bottom of the canopy. FLiES
was originally developed to simulate canopy reflectance in forests and has been applied in past
studies [24–29], but it has also been used to simulate annual crops in previous studies [14,30].

FLiES allows users to evaluate the effects of parameters characterizing solar radiation conditions
and canopy structure on canopy reflectance. The parameters used in this study included the proportion
of diffuse light for incident sunlight and solar zenith angle for solar radiation conditions, plant
coordinates, plant height, leaf reflectance, soil reflectance and leaf area density (LAD) for canopy
structure (Table 1). Canopy LAI is calculated by multiplying the number of plants per unit area,
the plant foliage volume and the LAD of the foliage. In this study, ellipsoid was applied as the foliage
shape, and its volume was calculated using plant height and diameter that was assumed to correspond
to hill interval.

Table 1. Major Forest Light Environmental Simulator (FLiES) parameters set in this study.

Category Parameters Contents Note

Solar radiation
condition

Proportion of diffuse
light 0, 0.5, 1 Range is from 0 to

1
Solar zenith angle

(degrees) 5, 25, 45, 65, 85 Range is from 0 to
90

Canopy structure

Leaf reflectance RED: 0.05973
NIR: 0.40321

Measured in the
paddy field of

Kyoto University
in 2009.

Leaf transmittance RED: 0.01746
NIR: 0.54573

Soil reflectance RED: 0.03306
NIR: 0.08060

Leaf area density (LAD)
(m2 m-3)

0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10,
11, 12, 13, 14, 15

Plant height
(m) 0.2, 0.4, 0.6, 0.8

Coordinate
(m)

Distance between
rows:0.3

Distance of hill interval
in a row:0.2

Based on the
measured fields

Canopy reflectance was simulated for two spectral bands: red (640–680 nm; RED) and near-infrared
(770–810 nm; NIR). Three vegetation indices defined using these two bands were validated in this study:
Simple Ratio (SR) [11], Enhanced Vegetation Index 2 (EVI2) [13] and Normalized Difference Vegetation
Index (NDVI) [9]. These vegetation indices are defined as Equations (1), (2) and (3), respectively.

SR =
NIR
RED

(1)

EVI2 =
2.5× (NIR−RED)

NIR + 2.4×RED + 1
(2)

NDVI =
NIR−RED
NIR + RED

(3)
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2.2. Verification of Simulated Reflectance by the Field Measurement

In this study, to verify the canopy reflectance by FLiES, aerial multispectral images were collected
by UAV at several growth periods (20 June, 6 July, and 2 August, 2017) in farmers’ paddy fields in
Sendai, Miyagi prefecture, Japan (140◦58’14”E, 38◦13’2”N, Figure 1). Four farmers’ paddy fields where
cultivar ‘Hitomebore’, the most popular cultivar in Miyagi prefecture, was planted were selected.
The acreages of the field were 0.84 (Field 1), 0.86 (Field 2), 0.9 (Field 3), 0.88 ha (Field 4), and the total
acreage was 3.48 ha. The distance between planting rows was 0.3 m, and the hill interval in a row
was 0.2 m. Twenty points in each field, for a total of eighty points, were used for field measurement
and verification.

Figure 1. Location and the orthomosaic reflectance image made from the aerial multispectral images
taken by unmanned aerial vehicle (UAV) in the measured paddy fields. The imagery on the left side
was taken from the Geospatial Information Authority of Japan [31]. The imagery on the right side
was the orthomosaic reflectance image (6 July 2017), which was the false color RGB composite image,
allocated a green spectral band to B, a red (RED) spectral band to G, and a near-infrared (NIR) spectral
band to R.

The multispectral imaging sensor ‘Sequoia’ (Parrot, Paris, France) mounted on the UAV ‘Solo’
(3D Robotics, Berkeley, USA) was used to collect the aerial multispectral images. An aerial multispectral
image can cover 0.4 ha at 60 m of altitude, and approximately 400 images were taken to cover the fields.
All aerial multispectral images were taken at a 70% overlap rate both for the forward lap and side laps,
and adjusted to create the orthomosaic reflectance image, with reflectance serving as a pixel value,
using the image processing software ‘Pix4D mapper’ (Pix4D, Lausanne, Switzerland).

The Pix4D mapper extracted more than 10,000 key points, which were specific features in the
multispectral image and were used to match with the other multispectral images. Based on the extracted
key points, automatic aerial triangulation and bundle block adjustment were conducted to create a
point cloud. The mean reprojection errors of the block bundle adjustment, which should be less than
one pixel [32], were less than 0.3 pixels. A camera model optimization was also conducted to calibrate
the internal and external parameters of the imaging sensor. The relative difference between the initial
and the optimized parameters, which indicates the quality of camera model optimization and should be
less than 5% [32], was less than 1%. The orthomosaic reflectance image with a spatial resolution of 0.05
m was created using the digital surface model (DSM). The reflectance was corrected by a radiometric
calibration with the images of the calibration target (AIRINOV, Paris, France). These images were taken
at the ground level at both the start and end of the image collection by UAV. The radiometric calibration
also used information including sunlight irradiance, ISO, aperture, and shutter speed, which were
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recorded by imaging sensors and sunshine sensors mounted on UAV. Thirty-two ground control points
were set at the corner of each field and uniformly distributed in the image. The points were used to
georeference the orthomosaic reflectance images, and those coordinates were obtained from the aerial
ortho image published as the digital Japan basic map by the Geospatial Information Authority of Japan
(GSI) [31]. The aerial ortho image of the GSI was georeferenced at a location accuracy of less than
1 m [33]. Considering this location accuracy of the aerial ortho image and the locational deviation of
the manual measurement of LAI, the average reflectance in a 3 m-diameter circle, centered on the field
measurement point, was obtained from the orthomosaic reflectance image to compare with the canopy
reflectance simulated by FLiES.

During the same growth period that the images were collected, plant height and LAD were
measured at each of the eighty points. Plant height was measured by a scale. LAD was calculated
by dividing LAI by the number of plants and the foliage volume. The foliage volume was calculated
as the ellipsoid volume using the measured plant height and the diameter, which was assumed to
correspond to the hill interval in paddy fields. LAI was measured using the plant canopy analyzer
‘LAI-2200’ (LI-COR, Lincoln, USA) [5]. The solar radiation conditions, proportion of diffuse light and
solar zenith angle at the aerial multispectral images collected by UAV were 0.23 and 54.4 degrees on
20 June, 0.34 and 23.6 degrees on 6 July, and 0.98 and 64.6 degrees on 2 August, respectively. These
solar radiation conditions were assumed to be constant during the image collection, because each UAV
flight was conducted under relatively stable conditions with respect to the solar radiation condition.
The proportion of diffuse light for incident sunlight was estimated by the method proposed by Erbs et
al. [34]. The solar radiation measured by the Japan Meteorological Agency [35] was used in the method.
The solar zenith angle was calculated based on the coordinates of the measured paddy fields and
image collection date. Based on the measured plant height, LAD, and the solar radiation conditions in
the paddy fields, the canopy reflectance was simulated by FLiES for each measurement point.

3. Results

3.1. Simulation of Reflectance Values

Figure 2 shows the results of the canopy reflectance simulation for a paddy field using FLiES
for the combination of solar radiation conditions and canopy structure parameters shown in Table 1.
The simulated reflectance values were plotted against LAI, which was applied as the target parameter
for UAV monitoring in this study.

Although the solar zenith angle did not affect the reflectance of either RED or NIR with the
proportion of diffuse light at 1.0, the effect was greater with a lower proportion of diffuse light. In the
case of the proportion of diffuse light at 0.0 and 0.5, the small solar zenith angle (5 and 25 degrees)
increased the reflectance of RED, whereas the large zenith angle (85 degrees) increased the reflectance
of NIR. The greatest difference between the minimum and the maximum reflectance caused by solar
radiation conditions for NIR was 0.1 at 0.5 of LAI, and that for RED was 0.01 at 4.2 of LAI. The reflectance
values in the solar zenith angle at 45 and 65 degrees, even with the conditions of the proportion of
diffuse light at 0.0 and 0.5, were relatively similar to those with the conditions of the proportion of
diffuse light at 1.0.
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Figure 2. Results of simulating canopy reflectance of RED (A, B and C) and NIR (D, E and F) using the
parameters shown in Table 1. The simulation was performed by changing the proportion of diffuse
light at 0.0 (A and D), 0.5 (B and E), and 1.0 (C and F) and the solar zenith angle at 5, 25, 45, 65,
and 85 degrees. The simulated reflectance of RED and NIR was plotted against leaf area index (LAI),
which was calculated by multiplying the number of plants, the plant foliage volume and leaf area
density (LAD) in the foliage. Symbols distinguish solar zenith angle at 5, 25, 45, 65 and 85 degrees.
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3.2. Simulation of Vegetation Indices

Figure 3 shows the results of the vegetation indices calculated with the reflectance in Figure 2.
The vegetation indices with solar zenith angle of 5 and 85 degrees were excluded from the figure.
The vegetation indices were plotted against LAI, which was applied as the target parameter for UAV
monitoring in this study.

Figure 3. Vegetation indices calculated using the reflectance in Figure 2. The vegetation indices
(Simple Ratio (SR, A), Enhanced Vegetation Index 2 (EVI2, B), and Normalized Difference Vegetation
Index (NDVI, C)) were calculated by Equations (1), (2) and (3), respectively. LAI was calculated by
multiplying the number of plants, the plant foliage volume and LAD in the foliage. Symbols distinguish
the proportion of diffuse light at 0.0, 0.5, and 1.0 and the solar zenith angle at 25, 45, and 65 degrees.
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The vegetation indices were the highest with conditions of the proportion of diffuse light at
1.0 and lowest with conditions of the proportion of diffuse light at 0.0. The solar zenith angle at
25 degrees produced relatively lower vegetation indices than that at 45 and 65 degrees, but the effect
of solar zenith angle on canopy reflectance was relatively less than that of the proportion of diffuse
light. The difference between the greatest and the least vegetation indices increased as LAI increased.
The difference for SR was the greatest, and that for NDVI was the least. However, NDVI showed a
saturation of index value at lower LAI than the other indices.

3.3. Comparison of the Field Measurement Data and the Simulation Results

Figure 4 shows the comparison of the average of reflectance obtained from the reflectance image
made from the aerial multispectral images and the reflectance simulated by FLiES based on the
parameters obtained in the field measurement.

Although the standard deviations of reflectance obtained from the reflectance image were greater
than the simulated reflectance, their averages were similar (Table 2). For RED, the simulated reflectance
was slightly underestimated on 20 June and slightly overestimated on 6 July and 2 August for the
reflectance obtained from the reflectance image. For NIR, the simulated reflectance was slightly
underestimated for all growth periods. The root mean square errors (RMSEs) between the obtained
and the simulated reflectance values were approximately 10% to 20% of the averages.

Vegetation indices calculated using the simulated reflectance tended to be underestimated relative
to those obtained from the reflectance image (Table 3). The RMSEs between the obtained and the
simulated vegetation indices were the greatest for SR and the least for NDVI.

Figure 4. Comparison of the canopy reflectance for RED (A) and NIR (B) obtained from the reflectance
image made from the aerial multispectral images collected by UAV in paddy fields on 20 June, 6 July,
and 2 August in 2017 and the reflectance simulated by FLiES based on the parameters obtained in the
field measurements. The canopy reflectance was the average of pixel values of the reflectance image in
a circle with a diameter of 3 m, where the center was the measurement point.
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Table 2. Average reflectance at measurement points (n = 80) obtained from the reflectance image and
simulated by FLiES. The number in parentheses shows the standard deviation. Root mean square error
(RMSE) was calculated from the difference between the obtained and simulated reflectance.

Date
RED NIR

Average
RMSE

Average
RMSE

Obtained Simulated Obtained Simulated

20 June 0.034
(0.004)

0.030
(0.001) 0.006 0.137

(0.023)
0.123

(0.015) 0.023

6 July 0.026
(0.004)

0.029
(0.000) 0.005 0.230

(0.026)
0.205

(0.024) 0.037

2 August 0.022
(0.002)

0.024
(0.000) 0.002 0.349

(0.024)
0.342

(0.031) 0.028

Table 3. Average of vegetation indices at measurement points (n = 80) obtained from the reflectance
image and simulated by FLiES. The number in parentheses shows the standard deviation. RMSE was
calculated from the difference between the obtained and simulated indices.

Date
SR EVI2 NDVI

Average
RMSE

Average
RMSE

Average
RMSE

Obtained Simulated Obtained Simulated Obtained Simulated

20 June 4.039
(0.745)

4.066
(0.603) 0.719 0.209

(0.043)
0.193

(0.031) 0.040 0.593
(0.067)

0.600
(0.047) 0.059

6 July 9.041
(1.902)

7.096
(0.845) 2.532 0.394

(0.045)
0.345

(0.041) 0.065 0.794
(0.039)

0.750
(0.027) 0.055

2 August 16.010
(2.080)

14.482
(1.513) 2.319 0.583

(0.036)
0.568

(0.043) 0.040 0.881
(0.016)

0.870
(0.013) 0.018

4. Discussion

In this study, FLiES, which is a tool based on a radiative transfer model and has been applied
to crop canopies in previous studies [14,30], was used to simulate canopy reflectance for a paddy
field for UAV monitoring. FLiES can simulate the process of reflection, transmission and absorption
in a vegetation canopy and absorption by atmospheric particles in the air for each spectral band.
A reasonable value of reflectance can be obtained by setting parameters properly in FLiES, including
leaf and soil reflectance, LAD, plant height and coordinates of plants. In this study, the parameters
were set based on the field measurements for paddy fields, and the effect of solar radiation conditions
on the canopy reflectance and vegetation indices were evaluated by the simulation.

The canopy reflectance obtained from the reflectance image made from the aerial multispectral
images taken by UAV for the measured paddy fields varied even at the points where LAI showed the
same value. However, the simulated canopy reflectance will not vary if LAD and plant height do
not change. The reflectance difference might be caused by a measurement error for LAI, which was
estimated to be 30% in the paddy using the plant canopy analyzer LAI-2200 [36]. The fewer parameters
set in the simulation may also explain this difference. The greater difference at lower LAI suggested
that the canopy reflectance obtained from the reflectance image was influenced by the background
conditions, such as dry soil, wet soil and water surface, because the influence of background on canopy
reflectance would be greater than that of LAI at lower LAI. Modeling of spatial leaf distribution in the
simulation might also not be accurate, even though the coordinates of plants, the distance between
rows and the hill interval were considered. Evaluation of the background and spatial leaf distribution
at each measured point is needed to precisely simulate the canopy reflectance. However, the average of
the obtained reflectance and vegetation indices for each growth period were similar to the simulation
results, and RMSE of NDVI decreased as NDVI became larger (Table 3), which agreed with the results in
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Borgogno-Mondino et al. [23]. These results suggest that the simulation is accurate enough to evaluate
the average behavior of photons and the effect of solar radiation conditions on canopy reflectance.

The simulation with various solar radiation conditions conducted in this study suggests that
two desirable conditions are needed for canopy reflectance measurement (see Figure 2). First, aerial
multispectral images should be collected during cloudy weather when the proportion of diffuse light is
high. Second, aerial multispectral images should be collected from 45 to 65 degrees of solar zenith angle
during sunny weather when the proportion of diffuse light is low. Collection of aerial multispectral
images should be avoided when the solar zenith angle is very large or small. These conditions are
consistent with those suitable for the measurement of LAI using a plant canopy analyzer. In the case of
a plant canopy analyzer, early morning is also suitable because the direction can be selected to avoid
the effect of direct sunlight. However, because the collection of aerial multispectral images cannot
select the measurement direction (i.e., nadir), early morning is not suitable for acquiring images. These
limitations for the collection of aerial multispectral images decrease the flexibility benefit of UAV.
Accordingly, the information needed to estimate the effects of solar radiation conditions, such as time,
date, latitude and cloud coverage, should be recorded at the image collection. The simulation by FLiES
suggests that the change in canopy reflectance caused by solar radiation conditions can be calibrated.
The calibration method will be tested in a future study.

The vegetation index is often utilized to evaluate crop growth. The simulation results in this
study showed that NDVI is the most robust among the three vegetation indices tested across various
solar radiation conditions. This may explain why NDVI is employed by many studies. However,
NDVI saturates at the least LAI. SR and EVI2 hardly saturate when compared with NDVI, therefore,
these indices would be better to evaluate crop growth if the change in canopy reflectance caused by
solar radiation conditions was calibrated. The simulation results also indicate that SR is sensitive to
solar radiation conditions. The sensitivity of SR is derived from Equation (1), of which the numerator
and denominator directly enhance the variation of NIR and RED, respectively (Figure 3). Consequently,
EVI2 seems to be the most suitable index to evaluate crop growth among the three vegetation indices.

5. Conclusions

To clarify how solar radiation conditions effect canopy reflectance in aerial multispectral images
obtained using UAV, a canopy reflectance simulation using a radiative transfer model was conducted
for various solar radiation conditions and canopy structure parameters. The results showed that
the canopy reflectance in both RED and NIR varied depending on the proportion of diffuse light for
incident sunlight and the solar zenith angle. The variation in canopy reflectance was greater when the
proportion of diffuse light was low (0.0 and 0.5) and the solar zenith angle was large (85 degrees) and
small (5 and 25 degrees). The variation in canopy reflectance inevitably affected vegetation indices
(SR, EVI2 and NDVI). SR was the most sensitive, and NDVI was the most robust for the solar radiation
conditions. However, NDVI was saturated at the least LAI. These results suggest that EVI2 is the most
suitable index to evaluate crop growth of the three vegetation indices. These simulation results were
similar to the canopy reflectance and vegetation indices obtained from the aerial multispectral images
collected by UAV for farmers’ paddy fields.

Desirable conditions for the collection of aerial multispectral images, such as a high proportion of
diffuse light for incident sunlight during cloudy weather, would decrease the variability caused by
solar radiation conditions. In the case of undesirable conditions, a record of solar radiation conditions
is required for the collection of aerial multispectral images. From the viewpoint of promoting the use
of UAV in agricultural fields, the development of calibration methods to reduce the influence of solar
radiation conditions is necessary to maintain the flexibility of UAV use.
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Abbreviations

The following abbreviations are used in this manuscript.
EVI2 Enhanced Vegetation Index 2
FLiES Forest Light Environmental Simulator
LAD Leaf area density
LAI Leaf area index
NDVI Normalized Difference Vegetation Index
NIR Near-infrared spectral band (770-810 nm)
UAV Unmanned aerial vehicle
RED Red spectral band (640-680 nm)
RMSE Root mean square error
SAVI Soil-Adjusted Vegetation Index
SR Simple Ratio

References

1. Dente, L.; Satalino, G.; Mattia, F.; Rinaldi, M. Assimilation of leaf area index derived from ASAR and MERIS
data into CERES-wheat model to map wheat yield. Remote Sens. Environ. 2008, 112, 1395–1407. [CrossRef]

2. Fang, H.; Liang, S.; Hoogenboom, G.; Teasdale, J.; Cavigelli, M. Corn-yield estimation through assimilation of
remotely sensed data into the CSM-CERES-Maize model. Int. J. Remote Sens. 2008, 29, 3011–3032. [CrossRef]

3. Curnel, Y.; de Wit, A.; Duveiller, G.; Defourny, P. Potential performances of remotely sensed LAI assimilation
in WOFOST model based on an OSS experiment. Agric. For. Meteorol. 2011, 151, 1843–1855. [CrossRef]

4. Padilla, F.L.M.; Maas, S.J.; González-Dugo, M.P.; Mansilla, F.; Rajan, N.; Gavilán, P.; Dominguez, J. Monitoring
regional wheat yield in southern Spain using the GRAMI model and satellite imagery. Field Crops Res. 2012,
130, 145–154. [CrossRef]

5. LAI-2200C Plant Canopy Analyzer LI-COR Environmental. Available online: https://www.licor.com/env/

products/leaf_area/LAI-2200C/ (accessed on 11 May 2019).
6. Ali, M.; Montzka, C.; Stadler, A.; Menz, G.; Thonfeld, F.; Vereecken, H. Estimation and Validation of

RapidEye-Based Time-Series of Leaf Area Index for Winter Wheat in the Rur Catchment (Germany). Remote
Sens. 2015, 7, 2808–2831. [CrossRef]

7. Campos-Taberner, M.; García-Haro, F.J.; Camps-Valls, G.; Grau-Muedra, G.; Nutini, F.; Crema, A.; Boschetti, M.
Multitemporal and multiresolution leaf area index retrieval for operational local rice crop monitoring. Remote
Sens. Environ. 2016, 187, 102–118. [CrossRef]

8. Ogawa, S.; Makino, I.; Fukuo, A.; Saito, G. Seasonal Profiles of NDVI for Paddy Fields and their Leaf Area
Index Estimates. J. Remote Sens. Soc. Jpn. 2000, 20, 17–26.

9. Rouse, J.W.; Haas, R.H.; Schell, J.A.; Deering, D.W.; Harlan, J.C. Monitoring the Vernal Advancement and
Retrogradation (Green Wave Effect) of Natural Vegetation; Final Report; NASA/GSFC: Greenbelt, MD, USA, 1973;
pp. 1–137.

10. Huete, A.R. A Soil-Adjusted Vegetation Index (SAVI). Remote Sens. Environ. 1988, 25, 295–309. [CrossRef]
11. Birth, G.S.; McVey, G.R. Measuring the Color of Growing Turf with a Reflectance Spectrophotometer. Agron.

J. 1968, 60, 640–643. [CrossRef]
12. Huete, A.; Didan, K.; Miura, T.; Rodriguez, E.P.; Gao, X.; Ferreira, L.G. Overview of the radiometric

and biophysical performance of the MODIS vegetation indices. Remote Sens. Environ. 2002, 83, 195–213.
[CrossRef]

http://dx.doi.org/10.1016/j.rse.2007.05.023
http://dx.doi.org/10.1080/01431160701408386
http://dx.doi.org/10.1016/j.agrformet.2011.08.002
http://dx.doi.org/10.1016/j.fcr.2012.02.025
https://www.licor.com/env/products/leaf_area/LAI-2200C/
https://www.licor.com/env/products/leaf_area/LAI-2200C/
http://dx.doi.org/10.3390/rs70302808
http://dx.doi.org/10.1016/j.rse.2016.10.009
http://dx.doi.org/10.1016/0034-4257(88)90106-X
http://dx.doi.org/10.2134/agronj1968.00021962006000060016x
http://dx.doi.org/10.1016/S0034-4257(02)00096-2


Remote Sens. 2019, 11, 2119 12 of 13

13. Jiang, Z.; Huete, A.R.; Didan, K.; Miura, T. Development of a two-band enhanced vegetation index without a
blue band. Remote Sens. Environ. 2008, 112, 3833–3845. [CrossRef]

14. Hashimoto, N.; Maki, M.; Tanaka, K.; Tamura, M. Study of a method for extracting LAI time-series patterns
for the estimation of crop phenology. J. Remote Sens. Soc. Jpn. 2009, 29, 381–391.

15. Economic Research Office, ICT Strategy Policy Division, Information and Communications Bureau, Ministry
of Internal Affairs and Communications, Japan. Information and Communications in Japan White Paper 2018;
Ministry of Internal Affairs and Communications, Japan: Tokyo, Japan, 2018; p. 15.

16. Yu, N.; Li, L.; Schmitz, N.; Tian, L.F.; Greenberg, J.A.; Diers, B.W. Development of methods to improve
soybean yield estimation and predict plant maturity with an unmanned aerial vehicle based platform. Remote
Sens. Environ. 2016, 187, 91–101. [CrossRef]

17. Hassan, M.A.; Yang, M.; Rasheed, A.; Jin, X.; Xia, X.; Xiao, Y.; He, Z. Time-Series multi-spectral Indices
from Unmanned Aerial Vehicle Imagery Reveal Senescence Rate in Bred Wheat. Remote Sens. 2018, 10, 809.
[CrossRef]

18. Jin, X.; Liu, S.; Baret, F.; Hemerlé, M.; Comar, A. Estimates of plant density of wheat crops at emergence from
very low altitude UAV imagery. Remote Sens. Environ. 2017, 198, 105–114. [CrossRef]

19. Mukoyama, S.; Kosugi, Y.; Uto, K.; Saito, G.; Oda, K. SPAD value estimation of paddy leaves using a
hyperspectral sensor mounted on a radio-controlled helicopter. J. Jpn. Soc. Photogram. Remote Sens. 2011, 50,
90–95. [CrossRef]

20. Zhou, X.; Zheng, H.B.; Xu, X.Q.; He, J.Y.; Ge, X.K.; Yao, X.; Cheng, T.; Zhu, Y.; Cao, W.X.; Tian, Y.C. Predicting
grain yield in rice using multi-temporal vegetation indices from UAV-based multi-spectral and digital imgery.
ISPRS J. Photogramm. Remote Sens. 2017, 130, 246–255. [CrossRef]

21. Maki, M.; Homma, K.; Oki, K. Estimation of Leaf Area Index (LAI) Using Crop Model with UAV Imagery
and Potential of Geospatial Expansion of Its Method. Water Land Environ. Eng. 2016, 84, 757–760.

22. Kobayashi, H.; Iwabuchi, H. A coupled 1-D atmosphere and 3-D canopy radiative transfer model for canopy
reflectance, light environment, and photosynthesis simulation in a heterogeneous landscape. Remote Sens.
Environ. 2008, 112, 173–185. [CrossRef]

23. Borgogno-Mondino, E.; Lessio, A.; Gomarasca, M.A. A fast operative method for NDVI uncertainty estimation
and its role in vegetation analysis. Eur. J. Remote Sens. 2016, 49, 137–156. [CrossRef]

24. Kobayashi, H.; Baldocchi, D.D.; Ryu, Y.; Chen, Q.; Ma, S.; Osuna, J.L.; Ustin, S.L. Modeling energy and carbon
fluxes in a heterogeneous oak woodland: A three-dimensional approach. Agric. For. Meteorol. 2012, 152,
83–100. [CrossRef]

25. Kobayashi, H.; Ryu, Y.; Baldocchi, D.D.; Welles, J.M.; Norman, J.M. On the correct estimation of gap fraction:
How to remove scattered radiation in gap fraction measurements? Agric. For. Meteorol. 2013, 174–175,
170–183. [CrossRef]

26. Oshio, H.; Asawa, T.; Hoyano, A.; Miyasaka, S. Quantification of Solar Shading Effect of Urban Trees Using
Multi-Return Airborne LiDAR Data and a Radiative Transfer Model of Vegetation. J. Remote Sens. Soc. Jpn.
2015, 35, 10–23.

27. Kobayashi, H. Relationship between Spectral Reflectance and Leaf Area Index in Needleleaf Forest: The Effect
of Three-Dimensional Forest Structure and Clumping. J. Remote Sens. Soc. Jpn. 2008, 28, 350–356.

28. Maki, M.; Takahashi, A.; Okano, T.; Oguma, H. Development of the Method to Estimate Light Environment
on Forest Floor Using 3D Portable Laser Scanner and Radiative Transfer Model. J. Remote Sens. Soc. Jpn.
2012, 32, 77–87.

29. Ichii, K.; Yang, W.; Kobayashi, H.; Yanagi, Y.; Takayama, H.; Hajima, T.; Abe, M.; Tachiiri, K. Development
and application of GCOM-C LAI and GPP/NPP research products. In Proceedings of the 2017 IEEE
International Geoscience and Remote Sensing Symposium (IGARSS), Fort Worth, TX, USA, 23–28 July 2017;
IEEE: Piscataway, NJ, USA, 2017; pp. 550–5651.

30. Maki, M.; Homma, K. Empirical Regression Models for Estimating Multiyear Leaf Area Index of Rice from
Several Vegetation Indices at the Field Scale. Remote Sens. 2014, 6, 4764–4779. [CrossRef]

31. GSI HOME PAGE. Available online: http://www.gsi.go.jp/ (accessed on 11 May 2019).
32. Pix4D Support. Available online: https://support.pix4d.com/hc/en-us (accessed on 11 May 2019).
33. Sango, K. Digital Japan Basic Map (Ortho Image). J. Geogr. Surv. Inst. 2009, 118, 57–60. (In Japanese)
34. Erbs, D.G.; Klein, S.A.; Duffie, J.A. Estimation of the diffuse radiation fraction for hourly, daily and

monthly-average global radiation. Solar Energy 1982, 28, 293–302. [CrossRef]

http://dx.doi.org/10.1016/j.rse.2008.06.006
http://dx.doi.org/10.1016/j.rse.2016.10.005
http://dx.doi.org/10.3390/rs10060809
http://dx.doi.org/10.1016/j.rse.2017.06.007
http://dx.doi.org/10.4287/jsprs.50.90
http://dx.doi.org/10.1016/j.isprsjprs.2017.05.003
http://dx.doi.org/10.1016/j.rse.2007.04.010
http://dx.doi.org/10.5721/EuJRS20164908
http://dx.doi.org/10.1016/j.agrformet.2011.09.008
http://dx.doi.org/10.1016/j.agrformet.2013.02.013
http://dx.doi.org/10.3390/rs6064764
http://www.gsi.go.jp/
https://support.pix4d.com/hc/en-us
http://dx.doi.org/10.1016/0038-092X(82)90302-4


Remote Sens. 2019, 11, 2119 13 of 13

35. Japan Meteorological Agency. Available online: https://www.jma.go.jp/jma/index.html (accessed on
12 March 2019).

36. Hirooka, Y.; Homma, K.; Shiraiwa, T.; Kuwada, M. Parameterization of leaf growth in rice (Oryza sativa L.)
utilizing a plant canopy analyzer. Field Crops Res. 2016, 186, 117–123. [CrossRef]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

https://www.jma.go.jp/jma/index.html
http://dx.doi.org/10.1016/j.fcr.2015.11.002
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Simulation of Canopy Reflectance by a Radiative Transfer Model 
	Verification of Simulated Reflectance by the Field Measurement 

	Results 
	Simulation of Reflectance Values 
	Simulation of Vegetation Indices 
	Comparison of the Field Measurement Data and the Simulation Results 

	Discussion 
	Conclusions 
	References

