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Abstract: The leaf inclination angle is a fundamental variable for determining the plant profile. In
this study, the leaf inclination angle was estimated automatically from voxel-based three-dimensional
(3D) images obtained from lidar (light detection and ranging). The distribution of the leaf inclination
angle within a tree was then calculated. The 3D images were first converted into voxel coordinates.
Then, a plane was fitted to some voxels surrounding the point (voxel) of interest. The inclination
angle and azimuth angle were obtained from the normal. The measured leaf inclination angle and its
actual value were correlated and indicated a high correlation (R2 = 0.95). The absolute error of the
leaf inclination angle estimation was 2.5◦. Furthermore, the leaf inclination angle can be estimated
even when the distance between the lidar and leaves is about 20 m. This suggests that the inclination
angle estimation of leaves in a top part is reliable. Then, the leaf inclination angle distribution within
a tree was calculated. The difference in the leaf inclination angle distribution between different parts
within a tree was observed, and a detailed tree structural analysis was conducted. We found that this
method enables accurate and efficient leaf inclination angle distribution.

Keywords: azimuth angle; distribution; image processing; leaf inclination; leaf orientation; lidar;
modelling; plant; plant structural parameter; three-dimensional (3D)

1. Introduction

The leaf inclination angle is one of the most important plant structural parameters. It determines
the radiation transmission within vegetation canopies [1], relates to light distribution within a canopy,
affects the photosynthetic productivity of the entire plant [2,3], and helps to calculate the flux densities
of radiation on leaf surfaces [4]. Moreover, it was reported that leaf inclination angle distribution
should be characterized first to evaluate the leaf area index [5]. In addition, the leaf inclination angle
represents plant stresses, such as water deficiency and severe heat [6,7]. Therefore, the leaf inclination
angle distribution is a fundamental variable for determining the plant profile.

Owing to its importance, the leaf inclination angle has been measured with devices, such as a
clinometer [8], protractor and compass [9], and three-dimensional (3D) digitizer [10,11]. Another study
used a leveled digital camera, and a two-dimensional (2D) image of the target leaves was taken from
the side for leaf inclination angle estimation [12]. However, with these methods, we have to measure
the leaf inclination angle one by one manually, and the methods entail manual operation. Thus, the
methods are very laborious and time-consuming [13]. Moreover, so many leaves (e.g., more than
100 leaves) should be tested for the inclination angle distribution of a tree and the leaves in a higher
part cannot be reached. Further, the leaf inclination angle distribution exhibits a highly spatial and
temporal variability [14]. Thus, a method that allows for repeatable and high-scale investigation is
strongly desirable. From the reasons, the leaf inclination angle measurement with the conventional
methods is not preferable in terms of its labor cost, repeatability, and scale.
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A 3D scanner called lidar (light detection and ranging) provides highly accurate and dense 3D
point measurements [15,16]. The lidar is very useful for the retrieval of plant structural parameters.
Trunk diameter and plant height can be estimated accurately [17–19]. Leaf area and parameters related
to leaf area can be calculated from the 3D images of plants obtained by the lidar [20–24]. Other than
the parameters above, tree volume and species can be estimated [25–27]. The detailed and accurate
information from lidar provides a useful tool, for example, in the field of plant phenotyping [28].
Guo et al (2018) developed a high-throughput crop phenotyping platform with lidar that can retrieve
various crop structural and physiological relevant parameters efficiently [29]. For more detailed
information of the lidar application for plant structural parameters, please refer to the comprehensive
reviews in [30,31].

Some previous studies on leaf inclination angle estimation with 3D images are available [32–37].
In these studies, the points that composed each leaf were fitted to a plane by a least-squares method,
and normals to the planes were calculated. Although this method is quite effective for leaf inclination
angle estimation, each leaf should be selected manually in the 3D images one by one. Thus, exploring
the distribution of the leaf inclination angle is very tedious and time-consuming. Further, owing to the
manual operation, the number of leaves that can be examined is limited.

To overcome this problem, a previous study [38] converted 3D point cloud images obtained with
structure from a motion method into a voxel-based 3D image. In voxel-based 3D models, a geographical
space is systematically decomposed into a set of cuboid volumetric elements (voxels) [39]. Then, some
voxels surrounding the point of interest are picked, and a plane fitting is performed for leaf inclination
angle estimation. As a result, the leaf inclination angle can be estimated accurately. Moreover, the leaf
inclination angle at each small point can be estimated, while the previous method [32–37] selected one
leaf and only a representing value of the leaf inclination angle within one leaf was acquired. Although
the method [39] will be useful for leaf inclination angle estimation of a target tree, this method was
used only with small potted plants, and whether it is feasible to a tree remains unexplored. Thus, the
accuracy of the leaf inclination angle estimation with the method should be examined.

In this study, the described method was applied to 3D images of trees obtained from lidar, and
the leaf inclination angle at each small point was estimated accurately. Then, the leaf inclination angle
distribution within a tree was explored.

2. Materials and Methods

2.1. Plant Material

We selected the campus of the University of Tokyo in Tokyo, Japan and the 58.3 ha Shinjuku Gyoen
National Garden in Tokyo, Japan as study sites. In the campus of the University of Tokyo, there were
many types of trees, such as the Himalayan cedar (Cedrus deodara), Japanese zelkova (Zelkova serrata),
maidenhair tree (Ginkgo biloba), camellia (Camellia japonica), ginkgo (Ginkgo biloba L.), and sasanqua
(Camellia sasanqua). The Shinjuku Gyoen National Garden has more than 10,000 trees, such as the
cherry tree (Cerasus Mill.), tulip tree (Liriodendron tulipifera), plane tree (Platanus), Himalayan cedar
(Cedrus deodara), Formosan sweetgum (Liquidambar formosana), and bald cypress (Taxodium distichum).
These sites include a very wide variety of species; thus, we were able to select trees appropriate
for the experiments. From the trees in the University of Tokyo, we selected Japanese false oak
(Lithocarpus edulis), Chinese parasol tree (Firmiana simplex), Japanese Mallotus (Mallotus japonicas.),
Yuzuri-ha (Daphniphyllum macropodum), and Loquat (Eriobotrya japonica). In addition, cherry blossoms
(Cerasus Mill.) and Japanese Aucuba (Aucuba japonica) in Shinjuku Gyoen National Garden were
selected for the experiments. The target trees were far from neighboring trees so that their images
could be obtained without the interference from their leaves and branches.
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2.2. Lidar Measurement

Lidar is a laser-based instrument that measures its surroundings for range measurement and
precise angular measurements through an optical beam deflection mechanism to derive 3D point
observations from the object surfaces [40,41]. The lidar used in this study was the Focus3D X330
(FARO, Florida, USA). The FARO Focus3D X 330 laser scanner has a vertical field of view of 300◦

and a maximum vertical scan speed of 97 Hz. Its measurement speed ranges from 122 to 976 kpts/s.
The scan range is 0.6 m to 330 m, and its weight is 5.2 kg [42]. The lidar was attached to a tripod
whose height was about 1.5 m. Parameters called “resolution” and “quality” have to be set for the
lidar measurements. Then, “point distance at 10 m” and time for the measurement are determined.
The values of resolution and quality were set around 1/2 to 1/4 and 4, which are corresponding to
“high” in the available range from “low” to “very high”. The point distance at 10 m and time for the
measurement are about 3 to 6 mm at 10 m and 10 minutes. A point pre-processing for the estimation
was not done due to the precise 3D reconstruction of the lidar. The measurement was conducted on a
windless day without rainfall.

2.3. Leaf Inclination Angle Estimation

For leaf inclination angle estimation, first, the 3D point cloud images were converted into voxel
coordinates. In the construction of voxel-based 3D images, the X, Y, and Z values of each point in the
3D point cloud images were rounded to the nearest integer value; this leads to the efficient calculation
of the structural parameters [18,19]. The distance to the neighboring point corresponds to voxel size in
the voxel-coordinate. The voxel size was set at around 0.5 cm. Voxels corresponding to coordinates
converted from points within the data were assigned an attribute value of 1, and the attribute value of
vacant voxels was set as zero [26]. To estimate the leaf inclination angle, a plane was fitted around a
voxel and all voxels with an attribute value of 1 among the 342 neighboring voxels (7 × 7 × 7 − 1)
around the point (voxel) of interest as shown in Figure 1. This calculation was performed throughout
the voxels with an attribute value of 1 in the 3D image. Then, the zenith angle and azimuth angle of
a vector normal to the fitted plane were calculated. From the normal, the leaf inclination angle and
azimuth angle were estimated. The zenith angle corresponds to the leaf inclination angle [38]. The leaf
inclination angle estimation was conducted at each voxel of the leaves, meaning the plane fitting was
conducted to each voxel of the leaves. Thus, this method does not entail any manual operations. After
this estimation, its accuracy was validated; then, a distribution of leaf inclination angle within a tree
was calculated. The flow is shown in Figure 2.
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Figure 1. The leaf inclination angle estimation method. Panel (a) is a three dimensional (3D) leaf
image, and it was converted into a voxel-coordinate as shown in the panel (b). The plane fitting was
conducted around a voxel and all voxels with an attribute value of 1 among the 342 neighboring voxels
(7 × 7 × 7 − 1) around the point (voxel) of interest as shown in the panel (c).



Remote Sens. 2019, 11, 344 4 of 12
Remote Sens. 2019, 11, x FOR PEER REVIEW 4 of 12 

 

 

Figure 2. Flow chart of the experiment. 

2.3.1. Evaluation of Leaf Inclination Angle Estimation Accuracy  

To evaluate the leaf inclination angle estimation accuracy, we randomly selected points from the 
voxels constituting the leaves in the 3D images (n = 35). The actual inclination angle of these points 
was measured manually using an inclinometer. We conducted the manual measurement on a stage, 
ladder or box when the target leaf was located in a higher space, and we did not take off the leaf. 
Then, we compared the estimated values with the actual values. 

2.3.2. Relationship between Distance from Lidar to Leaves and Leaf Inclination Angle Estimation 
Accuracy 

As the distance between the lidar to the leaves increases, the resolution of the 3D image 
decreases, resulting in an estimation error of the tree structural parameters [43]. However, the lidar 
used in this study offers 3D images with very high resolution; hence, the distance might not 
significantly affect the estimation accuracy. In a lidar measurement, when the target tree is tall, the 
distance between the lidar and each part of the tree differs significantly. Then, the distance 
dependence in the leaf inclination angle estimation should be investigated. 

2.3.3. Relationship between Length of One Side of Plane for Fitting and Leaf Inclination Angle 
Estimation Accuracy  

In leaf inclination angle estimation, the points used for the plane fitting will affect the estimation 
accuracy. As mentioned above, the neighboring 342 voxels (7 × 7 × 7 − 1) around the point (voxel) of 
interest were used for the plane fitting. Here, the voxel size (i.e., the length of one side of a voxel) was 
changed, and its estimation accuracy was investigated with Yuzuri-ha. The length of one side of the 
plane for fitting was obtained by multiplying the voxel size by 7 (i.e., the number of voxels of one 
side of a plane). To change the length of one side of the planes, it is also possible to change the number 
of points to be used instead of the voxel size. Here, the result is not significantly different when 
changing the number to that obtained when changing the voxel size. Thus, here, only the voxel size 
was changed.  

2.3.4. Difference of Leaf Inclination Angle Distribution within a Tree 

For the Japanese false oak and Chinese parasol tree, the leaf inclination angles at the top part 
and lower part were calculated, and these distributions were obtained with histograms. Then, the 
difference in the leaf inclination angle distribution between the top and lower parts of the tree was 
observed. In addition, using Japanese Mallotus, the leaf inclination angle distribution was 

Figure 2. Flow chart of the experiment.

2.3.1. Evaluation of Leaf Inclination Angle Estimation Accuracy

To evaluate the leaf inclination angle estimation accuracy, we randomly selected points from the
voxels constituting the leaves in the 3D images (n = 35). The actual inclination angle of these points
was measured manually using an inclinometer. We conducted the manual measurement on a stage,
ladder or box when the target leaf was located in a higher space, and we did not take off the leaf. Then,
we compared the estimated values with the actual values.

2.3.2. Relationship between Distance from Lidar to Leaves and Leaf Inclination Angle
Estimation Accuracy

As the distance between the lidar to the leaves increases, the resolution of the 3D image decreases,
resulting in an estimation error of the tree structural parameters [43]. However, the lidar used in this
study offers 3D images with very high resolution; hence, the distance might not significantly affect the
estimation accuracy. In a lidar measurement, when the target tree is tall, the distance between the lidar
and each part of the tree differs significantly. Then, the distance dependence in the leaf inclination
angle estimation should be investigated.

2.3.3. Relationship between Length of One Side of Plane for Fitting and Leaf Inclination Angle
Estimation Accuracy

In leaf inclination angle estimation, the points used for the plane fitting will affect the estimation
accuracy. As mentioned above, the neighboring 342 voxels (7 × 7 × 7 − 1) around the point (voxel)
of interest were used for the plane fitting. Here, the voxel size (i.e., the length of one side of a voxel)
was changed, and its estimation accuracy was investigated with Yuzuri-ha. The length of one side
of the plane for fitting was obtained by multiplying the voxel size by 7 (i.e., the number of voxels of
one side of a plane). To change the length of one side of the planes, it is also possible to change the
number of points to be used instead of the voxel size. Here, the result is not significantly different
when changing the number to that obtained when changing the voxel size. Thus, here, only the voxel
size was changed.

2.3.4. Difference of Leaf Inclination Angle Distribution within a Tree

For the Japanese false oak and Chinese parasol tree, the leaf inclination angles at the top part
and lower part were calculated, and these distributions were obtained with histograms. Then, the
difference in the leaf inclination angle distribution between the top and lower parts of the tree was
observed. In addition, using Japanese Mallotus, the leaf inclination angle distribution was determined.
The leaves in the lower part started to become yellowish (i.e., non-green). Non-green areas, that is, all
areas with a normalized green value [G/(R + G + B)] of less than 0.4 were classified into one part. The
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green areas were classified into the other part. Then, the difference between the leaf inclination angle
distributions in the green and non-green parts was compared.

For cherry blossom and Japanese Aucuba, the leaf inclination angle distribution within the tree
was calculated. For Japanese Aucuba, the distribution of the azimuth angle was estimated.

3. Results and Discussion

3.1. Evaluation of Leaf Inclination Angle Estimation Accuracy

Figure 3 shows the relationship between the measured leaf inclination angle and the estimated leaf
inclination angle. The relationship indicates a high correlation (R2 = 0.95). The absolute error was 2.5◦, and
the accuracy was as high as that obtained manually [3]. This indicates that the leaf inclination angle can be
estimated accurately. The high accuracy comes from the appropriate selection of voxels for plane fitting.
In this study, voxels with an attribute value of 1 in the neighboring 342 points were used for the fitting.
The reconstructed 3D images obtained by lidar were precise, and the number of points was sufficient.
Thus, the leaf normal represented the leaf inclination angle. The calculation with the voxel-based 3D
images can be conducted swiftly, while the calculation with the 3D point cloud takes longer.
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3.2. Relationship between Distance from Lidar to Leaves and Leaf Inclination Angle Estimation

Figure 4 shows the relationship between the distance to the target leaves from the lidar and the
absolute error of the leaf inclination angle estimation. The absolute estimation error varies from 2.0◦ to
4.0◦ at each distance. There is no significant difference between them. As the distance increases, the
resolution of the 3D images decreases. However, the lidar used in this study offers 3D images with
high resolution. As a result, the accuracy remains good even when the distance increases. Then, even
when observing a tall tree, that is, when the distance between the leaves and lidar is comparatively
far (e.g., 15 m), the leaf inclination angle estimation of the leaves in a higher part is accurate and
reliable. The accuracy is influenced by the resolution of the obtained 3D point cloud images, so a
higher resolution (e.g., the distance to the neighboring point: 0.5 cm) is desirable.Remote Sens. 2019, 11, x FOR PEER REVIEW 6 of 12 
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3.3. Relationship between Length of One Side of Plane for Fitting and Leaf Inclination Angle Estimation

Figure 5 illustrates the relationship between the length of one side of a plane for plane fitting
and the absolute error of the leaf inclination angle estimation. When the length is about 0.02 to
0.05 m, it reaches its minimum. When the length is shorter (e.g., 0.01 m) or longer (e.g., 0.07 m), the
error increases.

Remote Sens. 2019, 11, x FOR PEER REVIEW 6 of 12 

 

 
Figure 4. Relationship between distance to target leaves from lidar and absolute error of leaf 
inclination angle estimation. 

3.3. Relationship between Length of One Side of Plane for Fitting and Leaf Inclination Angle Estimation 

Figure 5 illustrates the relationship between the length of one side of a plane for plane fitting 
and the absolute error of the leaf inclination angle estimation. When the length is about 0.02 to 0.05 m, 
it reaches its minimum. When the length is shorter (e.g., 0.01 m) or longer (e.g., 0.07 m), the error 
increases.  

 

Figure 5. Relationship between length of one side of plane for plane fitting and absolute error of leaf 
inclination angle estimation. 

If the length is shorter, that is, the plane is smaller, the fitting is influenced by noises on the leaf 
surface or the localization errors of points. As a result, a normal that represents the leaf orientation in 
a small area cannot be created. On the other hand, if the length of one side of a plane is longer, the 
estimated value shows the representative value of one leaf or a large part within the leaf. The 
inclination angle differs within one leaf, so fitting with a large plane leads to an increased estimation 
error. 

When using a large plane and a target point located near the leaf edges, the plane fitting is 
conducted with points in neighboring leaves. This also leads to an estimation error. This error occurs 
when the leaves are close to each other, and the distance is shorter than the length of one side of the 
plane. In this study, this kind of error did not occur; however, when the target leaves are heavily 
overlapped, this kind of error will occur.  

The determination of the size of the plane even when we do not use voxel-based coordinates is 
inevitable. However, when setting the length of one side of a plane from 1 cm to 5 cm, the kinds of 
errors mentioned in the last paragraph were not observed. The acceptable range of the length is 
comparatively wide, and the length can be set around 3 cm.  

Figure 5. Relationship between length of one side of plane for plane fitting and absolute error of leaf
inclination angle estimation.

If the length is shorter, that is, the plane is smaller, the fitting is influenced by noises on the leaf
surface or the localization errors of points. As a result, a normal that represents the leaf orientation in
a small area cannot be created. On the other hand, if the length of one side of a plane is longer, the
estimated value shows the representative value of one leaf or a large part within the leaf. The inclination
angle differs within one leaf, so fitting with a large plane leads to an increased estimation error.

When using a large plane and a target point located near the leaf edges, the plane fitting is
conducted with points in neighboring leaves. This also leads to an estimation error. This error occurs
when the leaves are close to each other, and the distance is shorter than the length of one side of the
plane. In this study, this kind of error did not occur; however, when the target leaves are heavily
overlapped, this kind of error will occur.

The determination of the size of the plane even when we do not use voxel-based coordinates
is inevitable. However, when setting the length of one side of a plane from 1 cm to 5 cm, the kinds
of errors mentioned in the last paragraph were not observed. The acceptable range of the length is
comparatively wide, and the length can be set around 3 cm.

As another method for leaf inclination angle estimation, a small surface was created with two
neighboring points, and a normal on the triangle was calculated. Then, the leaf inclination angle was
estimated from the normal [44]. However, the normal tends to be influenced by noises or incorrect
localizations of points, resulting in comparatively low accuracy. This corresponds to the case where
the length of one side of a plane for fitting is set as short as possible, and the error increases as the
length becomes shorter, as shown in Figure 5.

In this study, voxel-based 3D images were used, and their X, Y, and Z values were converted into
nearest-integer values. The 3D images had high resolution, so we were not concerned about a decrease
in the resolution of the 3D images owing to the voxelization, and the plane fitting could be done
precisely. Moreover, owing to the high resolution, many points could be found in a small region. If the
resolution is not sufficient, three points cannot be found near the point of interest, plane fitting cannot
be accomplished. However, in this study, such cases did not occur, which means the leaf inclination
angle estimation from the 3D images obtained by lidar with this method is robust and reliable.

3.4. Difference of Leaf Inclination Angle Distribution within a Tree

Figure 6a shows the leaf inclination distribution of Japanese false oak at higher and lower parts.
The leaves in a top part tend to “stand up,” and the leaves in a lower part tend to “lie,” as shown
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in Figure 6b,c. The average inclination angles for the top part and lower part were 35.5◦ and 30.2◦,
respectively. Adjusting the leaf inclination angle distribution to improve the transmission of light
through the canopy provides an important way to maximize the light availability throughout the entire
vertical profile of the plant canopy [45,46]. It is suggested that to let sunlight into the inside canopy,
the leaves in the top part are greatly inclined [46,47]. In addition to the light reception, owing to the
steepness, the Japanese false oak can accept much more water from rainfall [48]. On the other hand, to
obtain the sunlight, leaves in the lower part are comparatively parallel to the ground.
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Figure 6. Distribution of leaf inclination angle within a tree (Japanese false oak). Panel (a) shows
original image. Panels (b) and (c) show distributions at the top part and lower part, respectively.

By contrast, the leaves are parallel to the ground in the top part (Figure 7b), and those in the
lower part are inclined (Figure 7c) in a Chinese parasol tree. This implies that to obtain sunlight at its
maximum, the leaves in the top part are parallel to the ground. On the other hand, to obtain scattered
light, leaves in the lower part are inclined. This tendency is opposite to that of the Japanese false oak.Remote Sens. 2019, 11, x FOR PEER REVIEW 8 of 12 
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Figure 7. Distribution of leaf inclination angle within a tree (Chinese parasol tree). Panel (a) shows
original image. Panels (b) and (c) show distributions at the top part and lower part, respectively.

The distribution is also affected by other factors. For example, the distribution changes to escape
heat stress [49–51]. By letting the leaves be significantly inclined, the light reception can be decreased;
accordingly, the decreasing of the light reception can alleviate the heat stress on the leaf. The leaf
inclination angle distribution determined based on the strategy for these optimizations is different one
by one. This method offers leaf inclination angle distribution accurately and automatically. It can be a
very effective tool for understanding the mechanisms of adaptation to ambient factors.

Figure 8a shows an image of the Japanese Mallotus, and histograms (b) and (c) show the inclination
angle distribution of the green and yellow parts, respectively. The yellow-colored leaves are mainly
located at the lower part of the tree. In a Japanese Mallotus, as it becomes yellowish, it becomes
inclined; accordingly, the peak shifts to the right. The averages in the top and lower parts were 27.8◦

and 37.5◦, respectively.
Many leaves become inclined before its senescence. In this sample, leaves become yellowish

before falling down, so color information helps to evaluate the extent of the senescence. However,
when the target leaves do not have a significant color change before senescence, observation of the leaf
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inclination angle might be useful for evaluating the plant status. Furthermore, the inclination of other
types of organs, such as stems and ears, affects the light environment of the canopy [3], so observation
of these parts also leads to a deep understanding of plant ecology.
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Figure 8. Distribution of leaf inclination angle within a tree (Japanese Mallotus). Panel (a) shows
original image. Panels (b) and (c) show distributions in green part and non-green part, respectively.
Criterion of classification is normalized G value of 0.4.

3.5. Leaf Inclination Angle Distribution within a Tree

With this method, the leaf inclination angle in each small area can be estimated, which leads to a
distribution map. Figure 9a,b show the original 3D image and its leaf inclination angle map of a cherry
blossom, respectively. Here, branches were cut manually. From (b), the distribution can be listed in the
histogram shown in Figure 9c. The average and standard deviation are 46.6 and 15.8◦, respectively.
Figure 9a,b also show the original 3D image and its leaf inclination angle map (Japanese Aucuba).Remote Sens. 2019, 11, x FOR PEER REVIEW 9 of 12 
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Figure 9. Distribution of leaf inclination angle within a tree (cherry blossom). Panel (a) shows
reconstructed 3D image obtained from lidar. Panels (b) and (c) show distribution map of leaf inclination
angle and its distribution, respectively.

Figure 10c shows the azimuth angle distribution. Histograms of the leaf inclination angle and
azimuth angle distribution are shown in Figure 10d,e, respectively. The average values (standard
deviations) are 48.6 (11.5) and 262.1◦ (60.6◦), respectively. The difference in the distribution comes,
for example, from the light and heat conditions, as mentioned. The locations and structures of the
neighboring trees and objects affect the light condition of the target tree. The light condition is difficult
to predict considering the environment around the sample with a mathematical model. However, it is
possible to predict the light condition using 3D images including other objects, such as when using
ray tracing.

Stomatal conductance is a very important parameter in understanding the process of exchanging
carbon dioxide, water, vapor, and heat between plants and the atmosphere [52]. To predict the stomatal
conductance, the quantity of heat from the light reception should be calculated. For this calculation,
the leaf inclination angle distribution is needed [53]. Some models for the stomatal conductance
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considering the leaf inclination angle have been proposed [54,55]. Thanks to the automatic acquisition
of the angle distribution, this method also contributes to the evaluation and implementation of
these models.
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4. Conclusions

In this study, the leaf inclination angle was automatically estimated from voxel-based
three-dimensional (3D) images obtained from lidar. Then, the distribution of the leaf inclination
angle within a tree was calculated. The measured leaf inclination angle and its actual value were
correlated and indicated a high correlation (R2 = 0.95). The absolute error of the leaf inclination angle
estimation was 2.5◦.

It was found that even when the distance between the lidar and target leaves was great (e.g.,
20 m), the leaf inclination angle estimation could be done accurately. This suggests that the angle in a
top part of a tree can be estimated well. In addition, when the length of one side of a plane for fitting
is about 2.0 to 5.0 cm, the estimation can be done accurately. In a future work, the inclination angle
estimation of a leaf that locates in a higher place should be directly investigated.

Then, the leaf inclination angle distribution was calculated within one leaf. The difference in
the leaf inclination angle distribution was observed between a top part and lower part of a tree. The
distribution at each part was determined by many factors, such as the light–heat condition. Previously,
investigating the leaf angle was tedious and time-consuming. However, the method proposed here
allows for automatic and accurate leaf inclination estimation.

This method is especially effective when a large-scale measurement or time-series measurement
are necessary. Therefore, it is expected that this method will be applied in a wide variety of fields
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and objectives, and will help in understanding the mechanisms of the adaptation of plants to the
ambient environment.
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