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Abstract: In general, low density airborne LiDAR (Light Detection and Ranging) data are typically
used to obtain the average height of forest trees. If the data could be used to obtain the tree height
at the single tree level, it would greatly extend the usage of the data. Since the tree top position is
often missed by the low density LiDAR pulse point, the estimated forest tree height at the single tree
level is generally lower than the actual tree height when low density LiDAR data are used for the
estimation. To resolve this problem, in this paper, a modified approach based on three-dimensional
(3D) parameter tree model was adopted to reconstruct the tree height at the single tree level by
combining the characteristics of high resolution remote sensing images and low density airborne
LiDAR data. The approach was applied to two coniferous forest plots in the subtropical forest
region, Fujian Province, China. The following conclusions were reached after analyzing the results:
The marker-controlled watershed segmentation method is able to effectively extract the crown profile
from sub meter-level resolution images without the aid of the height information of LiDAR data.
The adaptive local maximum method satisfies the need for detecting the vertex of a single tree crown.
The improved following-valley approach is available for estimating the tree crown diameter. The 3D
parameter tree model, which can take advantage of low-density airborne LiDAR data and high
resolution images, is feasible for improving the estimation accuracy of the tree height. Compared
to the tree height results from only using the low density LiDAR data, this approach can achieve
higher estimation accuracy. The accuracy of the tree height estimation at the single tree level for
two test areas was more than 80%, and the average estimation error of the tree height was 0.7 m.
The modified approach based on the three-dimensional parameter tree model can effectively increase
the estimation accuracy of individual tree height by combining the characteristics of high resolution
remote sensing images and low density airborne LiDAR data.

Keywords: 3D parameter tree model; airborne low density LiDAR; forest tree height; watershed
segmentation; high resolution image

1. Introduction

Estimating forest structure parameters using airborne LiDAR (Light Detection and Ranging)
data is a hot research topic in forest remote sensing [1–3]. As one of the most important forest
structure parameters, the forest tree height is the basis of the inversion and estimation of other forest
parameters [4–6]. However, field surveys of the tree height are not only costly and time consuming,
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but also have significant error since it is difficult to locate the treetop, especially with a dense forest
crown [7,8].

At present, many studies have been conducted on estimating the forest tree height using LiDAR
data [9,10], but due to the influence of the point cloud sampling density and the forest habitat,
most of the previous studies used high-density point cloud data (point cloud density generally
>1 point/m2) [10–13] and rarely paid attention to low-density point cloud data (point cloud density
generally <1 point/m2) [13]. Since high density airborne LiDAR data are costly and cover relatively
small areas and historical coverage is limited, the use of this technology for extracting forest structure
parameters for a large area is not very feasible [14,15].

On the other hand, the canopy polygons can be obtained by segmenting the forest canopy height
model (CHM), which can be constructed from the low density of the airborne LiDAR data point cloud.
However, such polygons contain position deviation errors, which will affect the subsequent extraction
of single tree level structure parameters such as the tree height. The forest tree height estimated
from low density airborne LiDAR point cloud data is often lower than the actual with a larger error,
especially at the single tree level, which affects the effective inversion of forest resources such as the
forest stock volume and biomass [16,17].

Low density airborne LiDAR data, however, have been obtained and covers a wide range of areas
around the world in the last decade or so. If the low density LiDAR data are fully studied and utilized, it
will have great potential for accurately investigating and evaluating forest resources [18]. For example,
to produce a 1/2000 digital elevation model (DEM), the Department of Surveying and Mapping in
Fujian Province, China has been collecting low-density airborne LiDAR data and high-resolution
remote sensing images in Fujian Province over the past ten years. In addition, forestry administrators
have gradually started using remote-sensing unmanned aerial vehicles (UAV) to obtain high-resolution
UAV images of forest areas [19]. There is the potential for more accurate tree height estimation at the
single tree level by combining the tree crown size information results from high resolution images and
the height from the low density airborne LiDAR data [20,21]. Such potentially more accurate tree height
estimation will be helpful in improving the estimation accuracy of forest structural parameters and
resources and provide better services for evaluating the effectiveness of forest ecological civilization
construction, thus greatly improving the application value of the above data [22].

At present, the related studies regarding airborne LIDAR data in forestry mainly include acquiring
forest parameters such as a digital elevation model (DEM) of the forest area, the average stand
height [23], stock volume, and biomass [4,16]. Due to its high resolution and high timeliness, aerial
remote sensing has been used for identifying the forest type and tree species and stratified sampling
estimation. With the development of aerial remote sensing technology in recent years, the accuracy
of the acquired airborne LiDAR data and that of the synchronous aerial images have been greatly
improved, and the matching degree between the data has reached an unprecedented level. Therefore,
it is feasible to improve the estimation accuracy of the forest tree height at the single tree level based on
low-density airborne LiDAR data and aerial photography images [24].

The three-dimensional (3D) parameter model of trees based on the characteristics of the tree crown
envelope structure has great potential in the high precision estimation of forest tree height from low
density airborne LIDAR data. At present, the relevant studies have successfully applied the model to
the estimation of forest parameters [25]. For example, Morsdorf et al. (2004) [26] used this model to
obtain parameters such as the tree height, crown diameter, and crown base height from high-density
LiDAR data. The results showed that the root mean square error (RMSE) of the tree height estimation
was reduced to approximately 0.6 m. Paris et al. (2015) [27], for the first time, applied this model to the
inversion of the tree height at the single tree level by combining high-sampling density LiDAR data
with aerial images and obtained higher estimation accuracy. However, the research of Paris (2015) still
had the following problems: first, the low-density LiDAR data used in the paper were derived from
the high-density LiDAR data by reducing the sampling density instead of real low-density LIDAR
data. Therefore, the method estimating tree height by the three-dimensional parameter model of
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trees needs to be further investigated. Second, the optical remote sensing image used by Paris (2015)
had a very high resolution, close to that of the unmanned aerial vehicle (UAV) image, and the tree
canopy was clearly distinguishable. In fact, when flying at high altitude, the resolution of many
remote sensing images acquired synchronously with low-density LIDAR data is often only 0.5 m,
which will lead to blurry canopy edges and make image segmentation difficult. Third, Paris (2015)
studied only one conifer species, and the research results did not provide a tree height distribution
map. Fourth, the accuracy evaluation of tree height estimation results only provided the average error
of tree height, and did not provide the sample error information of single tree height in the study by
Paris (2015) [27]. Furthermore, the application of the model is mainly limited to forest areas where
the terrain is relatively flat and the trees are relatively uniform. Few papers have been published on
the application of low-density airborne LiDAR data and lower-resolution remote sensing imagery to
high-density forest areas with complex topography [28]. Therefore, it is necessary to further evaluate
the universality of the tree 3D parametric model.

The low density airborne LiDAR data have been commonly used to estimate the average tree
height at the forest plot level [29]. However, it is difficult to use the data to accurately obtain the
crown structure information. To explore the potential value of low-density airborne LiDAR data in
forest modeling and parameter derivation, this paper presented a modified method for estimating the
tree height at the single tree level by using the three-dimension (3D) parameter tree model based on
combining low-density airborne LiDAR data with simultaneously acquired aerial images as the inputs.
The modified method used in this paper extends the application of the 3D tree model to airborne
LiDAR point cloud data in forest areas. To evaluate and validate the method, experiments involving
extracting the individual tree heights of the coniferous forest species such as Masson pine and Chinese
fir, which are dominant in the subtropical Fujian China forest, were carried out.

2. Test Area and Data

2.1. Test Area

We selected two subtropical coniferous forest plots in Changting County and Jiangle County,
Fujian Province, China as test sites. The two test sites are located in the subtropical zone and consist
mainly of coniferous forest (Figure 1). The two plots are located at E117◦32′46”, N26◦49′59” and
E116◦28′23”, N25◦40′3” respectively. The areas of forest plot 1 and forest plot 2 are 1.4 ha and 0.73 ha,
respectively. The tree species in the Changting county test site is mainly Masson pine and that in the
Jiangle county test site is Chinese fir. There is a high canopy density for forest plot 1 and forest plot 2 of
0.8 and 0.7, respectively. Table 1 lists the main information about the two test areas.
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Table 1. Information measured in situ on the two forest plots.

Plot Area Number of Tree Altitude Canopy Density Crown Diameter
Range

Tree Height
Range Slope

Plot 1 1.4 ha 420 322 m 0.8 2.1–4.3 3 m~17 m 13◦

Plot 2 0.73 ha 654 374 m 0.7 1.1–2.7 3 m~13 m 31◦

2.2. Test Data

The airborne LiDAR and the synchronous images of the two test sites were obtained by the Leica
ALS70-HP airborne 3D laser scanning system in January and December 2014, respectively. The absolute
flight altitude was 3500 m, the laser wavelength was 1064 nm, the maximum laser pulse frequency was
500 kHz, the maximum scanning frequency was 200 Hz, and three echo signals of the laser pulses were
recorded during the flight. The lateral overlap of the whole flight was controlled at approximately 25%.
The average scanning point of LiDAR was less than 2 m and the density of the laser pulse point cloud
was approximately 0.7 pt/m2, which is low density LiDAR data. The original purpose of obtaining
the LiDAR data was to derive the 1:2000 DEM instead of estimating the forest parameters. The aerial
images obtained synchronously had a resolution of only 0.5 m and only had red, green, and blue bands.
The resolution of the aerial image was obviously coarser than that of the images used in [27]. As we
can see from Figure 1, the borders of the tree crown in the two forest plots are blurry, which will be
challenging to accurately segment the crown boundaries.

Field measurements were made on the two selected forest plots in November 2015. Tree species
in forest plot 1 and plot 2 are Masson pine and Chinese fir, respectively. The parameters of the two
forest plots were obtained such as area, number of tree, canopy density, canopy width, height of part
single trees, and terrain factor. Tree height can only be measured for those trees near the road and
with a large gap among trees given the high canopy density. A tape measure was used to measure
the area and crown width of the sample plot. An altimeter and reference scale was used to measure
the height of some single trees with a diameter at breast height (DBH) greater than 5 cm. A compass
was used to measure the direction of topographic slope and aspect. Crown width was obtained by
averaging the crown diameter of each tree in the north–south and east–west directions measured by
a tape measure. There were 420 trees in sample plot 1 and 654 trees in sample plot 2 based on field
counting. The crown diameter information of 12 trees and 15 trees were obtained in forest sample plot
1 and plot 2, respectively. The tree heights of 11 trees were obtained in each sample plot. The main
measured information in situ is shown in Table 1.

3. Methods

3.1. 3D Parameter Model of Trees

Different tree species have different crown shapes, for example, a coniferous forest has a conical
outline, while the corresponding broad-leaved forest crown has a round umbrella shape with a
relatively flat top [30]. Based on the geometric shape of the crown, Pollock et al. (1996) [31] used a
generalized ellipsoid to model the crown envelope (see Equation (1)).

zcc

chcc +
(x2 + y2)

cc/2

crcc = 1 (1)

where (x, y, z) represents the coordinates of the crown surface points, and a tree template is generated
to identify the crown.

Gong et al. (2002) [32] further extended the model to match stereo image pairs and achieve a
three-dimensional (3D) reconstruction of the coniferous forest crown surface. The proposed 3D tree
model can be described by five parameters (see Figure 2).
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Figure 2. Coniferous forest scene (a) and 3D parameter tree model for a single tree (b). (Xtop, Ytop, Ztop)
represents the corresponding tree vertex coordinates. Cc is the adjustment coefficient of the crown
surface curvature, ch is the crown height, bh is the crown base height, and cr is the crown radius,
which is half of the crown diameter.

Most of the laser pulses from the low density LiDAR will miss hitting the tree vertex, resulting in
underestimation of the tree height. The low density LiDAR data, therefore, are usually not suitable for
estimating the tree height at the single tree level. The 3D tree model in Figure 1 shows this problem [27].
To overcome this problem, it is necessary to use a 3D parameter tree model to reconstruct the real
height of the tree apex based on the laser pulse point in the crown.

As described above, the crown often shows the geometrical characteristics of an umbrella, and
because of this geometric effect, the low-density LiDAR data tend to especially underestimate coniferous
forest heights. However, in the 3D tree model, a generalized ellipsoid is used to describe the geometric
shape of the coniferous forest crown (see Figure 2), and (Xtop, Ytop, Ztop) represents the corresponding
tree vertex coordinates. cc is the adjustment coefficient of the crown surface curvature, ch is the crown
height, bh is the crown base height, and cr is the crown radius. Unlike the original model, the ellipsoid
of the crown is obtained by fitting the coordinates (X, Y, Z) of the laser pulse points on the crown
surface, that is, the 3D coordinates of the LiDAR data in each crown are used to uniquely determine a
3D tree model of the crown [27]. Each crown envelope, therefore, can be described by the following
mathematical Equation (2).

(
Z + ch−Ztop

)cc

chcc +

[(
X −Xtop

)2
+

(
Y −Ytop

)2
]cc/2

crcc = 1 (2)

In Equation (2), the elevation of Z is constrained to Ztop − ch < Z < Ztop, which can ensure that
all the laser pulse points involved in the calculation are located on the crown surface. (X, Y, Z) is the
coordinate value of the corresponding laser pulse point on the crown surface.

In the crown height reconstruction process, as long as we know the plane coordinate value of
the crown vertex and the corresponding crown radius cr, and set a fixed set of cc and ch parameter
values, the crown vertex Ztop can be calculated by using the corresponding LiDAR laser point data in
the crown according to Equation (2) [27].
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3.2. Parameter Estimation of the 3D Tree Model

To estimate the treetop height based on the 3D parameter tree model, the parameters for establishing
the 3D tree model should first be estimated. Figure 3 shows the technique flow chart for estimating the
treetop height at the single tree level from the low density aerial LiDAR data and images. The work
can be divided into five parts (i.e., preprocess of LiDAR data, tree crown segmentation, detection of
crown apex, estimation of the crown diameter, and estimation of treetop height).
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3.2.1. Preprocessing of LiDAR Data and Images

Airborne LiDAR data were preprocessed by TerraScan software. Aerial images were preprocessed
by Inpho software. First, the low-density airborne LiDAR data were co-registered with the
high-resolution aerial image through image control points. Coordinate transformation equations were
determined by pairs of control points on aerial images and DSM derived from LiDAR data. Second,
the forest crown point cloud and ground point cloud were classified by using the adaptive triangulation
(TIN) filtering algorithm [33], which can cope with a variety of forest landscapes, particularly both
topographically and environmentally complex regions. Third, digital surface model (DSM) and digital
elevation model (DEM) were respectively derived based on the filtering result of LiDAR data. Fourth,
the normalized crown height model (CHM) was derived by the difference between DSM and DEM.

The digital orthophoto map (DOM) in the forest area was constructed based on stereo images and
1/50,000 DEM data.

3.2.2. Tree Crown Segmentation from the Aerial Image

Tree crown features are often used to analyze the tree growth condition and predict forest biomass.
However, because of the complexity and randomness of the forest structure, it is generally difficult
to obtain the crown shape and boundary information. The means of measuring the tree crown with
a ruler in the field can meet the requirements, but this method is time-consuming and laborious.
In recent years, with improvement of the spatial resolution of satellite and aerial images, the emergence
of high-resolution image, such as IKONOS, WorldView, and all types of aerial images has made it
possible to extract accurate crown information at the single-tree level [34,35]. The research, at present,
in this field mainly focuses on the extraction of the tree location and crown boundary information and
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mainly adopts the idea of image segmentation to extract crown information from remote sensing data
such as the local maximum, multiscale segmentation, valley tracking method, etc. [36].

The data sources for the segmentation of a single tree crown are mainly from high resolution
remote sensing images or LIDAR data. Since the green band of the optical image can be regarded
as the 3D model of the actual crown [36], based on this fact, the green band of the remote sensing
image is usually regarded as the crown height model of the forest area. Therefore, a marker-controlled
watershed segmentation algorithm is used to obtain the crown boundary at the single-tree level.

The watershed image segmentation method was improved by Beucher et al. (1993) [37] and has
been widely used in gray image segmentation. In recent years, marker controlled watershed transforms
have been widely used in remote sensing image processing including the extraction of the forest crown
and other parameters. For example, Wang et al. (2004) [36] used the watershed segmentation method
based on crown vertex markers to separate a single tree crown from high-resolution aerial images, with
an average accuracy of 75.6%. In addition, S.S. Ali et al. (2008) [38] used marker controlled watershed
transform to segment the single tree crown based on fused features from multispectral images and
LIDAR point cloud data and achieved satisfactory results.
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When the traditional watershed segmentation algorithm is used to process the image of the
high density crown area, it will easily lead to producing over segmentation of the crown because
of the difficulty in determining the top of a single tree in a high crown area. At the same time,
because the crown overlaps and interlaces in the area of high density crown, it will also easily
produce an under-segmentation phenomenon. To solve this problem, this study adopted a watershed



Forests 2020, 11, 1252 8 of 19

segmentation method combining morphological image reconstruction and marker control [37].
In addition, an improved local window maximum method was used to determine the position
of each crown. As some tree crowns are not hit by the laser pulse, crowns and non-crowns cannot be
sufficiently distinguished by low-density LIDAR data. To apply the segmentation only to the crown
area for obtaining more accurate single tree crown information, the image was classified into a crown
and non-crown area by using the iterative self-organizing data analysis algorithm (ISODATA) in this
paper, instead of the method of using a height threshold from the low density LiDAR data [27].

After the external marker is obtained, it is imposed on the image that has been converted by a
forced minimum for removing the non-crown area from the result of the watershed transformation.
In this way, we can obtain a more accurate boundary of a single tree crown. The final marker-controlled
watershed segmentation process is shown in Equation (3):

Wcanopy = Mask
(
WaterShed

(
Rε
( f+1)∧ fm

( fm)
)
BOutmark

)
(3)

where fm is the marker image with crown apex and Rε
( f+1) fm

( fm) is the image after the mandatory
minimum conversion. WaterShed() is a Watershed function; Mask is a Mask function; and BOutMask is
an external marker, which is a non-crown area [37].

Segmentation of the tree crown at the single tree level was conducted on the aerial image.
To eliminate the influence of non-crown areas, the forest crown and non-crown areas were distinguished
by the ISODATA unsupervised classification algorithm. The classification results were used as external
markers. The maximum classification number of ISODATA was set as 20, and the maximum iteration
number was set to 5. The classification results were used to mask out the non-crown area of the aerial
images (see Figure 4a,b).

Based on the green band of the image in the experimental area, a marker-controlled watershed
segmentation method was used to automatically delineate the crown boundary. Figure 4c,d shows the
crown segmentation results in two experimental forest plots. As can be observed from Figure 4c,d,
the crown segmentation results by external labeling excluded most of the impact of the non-crown
regions on the segmentation. By assessing the overall segmentation results, it can be found that most
of the segmented tree crowns were relatively complete and accurate.

Based on the segmentation results, the number of trees was automatically counted. The result
showed that the number was significantly less than that of the actual trees in the two test areas.
There were 329 trees in forest plot 1 according to the segmentation, in which the actual number of
trees was 420 and the segmentation error of single-tree crowns was 21%. There were 585 single trees
identified in forest plot 2, in which the actual tree number was 654, so the error was 11%. While there
was relatively higher extraction precision in the tree crown boundary, according to the extraction
results, the segmentation results of the Chinese fir plot were better than that of the Masson pine test
plot. This is because the tree species in forest plot 1 is dominated by Masson pine, in which its branches
and leaves are scattered and there is some overlap among the crowns. Therefore, it easily leads to
over- or under-segmentation. On the other hand, the main tree species in forest plot 2 is Chinese fir,
where the tree branches and leaves grow more concentrated and the crowns overlap less. Therefore,
there was a better segmentation result.

3.2.3. Detection of Crown Apex

The accurate detection of the apex position of tree crown is of great significance for the accurate
estimation of tree height. The characteristic of the crown apex protuberance means that the top of
the crown receives more solar radiation at different solar angles than the edge of the crown, which
is particularly evident in the green band of the remote sensing images [37]. Based on the fact that
the radiation value of the crown vertex is higher than that of the rest of the crown, a local maximum
method is generally used to process the green band of the image for determining the location of the
potential crown vertex [39]. As the crown size in the forest area is often different, the crown vertex
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obtained by using the fixed window maximum value usually has the problem of missing data or error
detection [30,40]. To solve this problem, an improved local maximum method was used for detecting
tree locations.

There are two steps in the detection of the tree crown apex. First, the maximum value of a fixed
window according to the smallest crown size in the forest plot is applied to find the potential position
of the crown apex. Second, the adaptive circle dynamic window is used for removing anomalous
vertices. If the current vertex is the maximum value of the corresponding window, it will be saved;
otherwise, it will be deleted. The dynamic window size is determined according to the variable range
value of the semi-variance in the eight directions of the potential tree vertex [41]. The semi-variance
value of the image pixel is calculated as follows:

γ(h) =
1

2N(h)

N(h)∑
i=1

[Z(xi) −Z(xi + h)]2 (4)

In Equation (4), γ(h) is the empirical semi-variance value; xi is the pixel position of the image; h is
the interval distance of two pixels; Z(x) is the pixel value at position xi of the corresponding image;
and N is the number of pixel pairs within a certain interval distance.

According to the calculated semi-variance value and the corresponding separation distance,
we can calculate the semi-variance graph of the profile direction corresponding to the current vertex.
According to the principle of spatial statistics, the variation value in the semi-variance diagram reflects
the autocorrelation range of the regional spatial variables, that is, within the variation, the closer
the points in the space are, the greater the correlation is, and eventually it tends to be stable. Based
on such a principle, in many studies, the variable range value of the pixel is used as the basis for
building dynamic windows so that an adaptive search of the local maximum value can be obtained,
which greatly improves the estimation accuracy of the location of a single tree crown [42].

Figure 5 is the optimized crown vertex by judging whether each vertex belongs to the maximum
value in its corresponding window, where its size is calculated vertex by vertex according to the search
result of a fixed window. If there are other vertices in a window, the pixel with the highest brightness
value is retained, and the current vertex will be deleted; otherwise, it will be retained. The results from
removing abnormal results showed that the detected crown vertices were closer to the actual situation.
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To verify the accuracy of a single tree apex position, we measured in the field and located the
precise positions of 10 trees with a ruler in the forest plot 1 test site. Although the samples were limited,
it still reflects the effect of extracting the tree crown vertices by this method. The result showed that
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the offset distance was mainly concentrated between 0.4 and 0.6 m and was generally close to the
average value. The data distribution was concentrated, and there were few offset distances larger than
one meter. Therefore, the results meets the precision requirement for the crown apex position in the
test site.

3.2.4. Crown Diameter

As an important parameter of the tree crown, the crown diameter is one of the important variables
for estimating the tree height, biomass, and tree withering loss by using the single tree growth
model [43]. There are many methods to estimate the crown diameter such as the area method, which
uses the diameter of a circle, which contains the crown polygon, as the crown diameter [44], and the
main direction method, which uses the average value of the east–west and north–south main directions
of the crown as the corresponding crown diameter [45]. This study used the main direction method to
estimate the crown size of a single tree.

The valley searching method can be regarded as a combination of the valley tracking and local ray
methods. The crown diameter is twice the average distance from the valley bottom to the top of the
crown. If the spectral value of the current central pixel is less than that of the front and back pixels, then
the current pixel is considered as the valley pixel, and the valley positions in eight directions of each
vertex are found. The method performs better for planted forests with uniform growth, and is not ideal
for uneven-growth natural forests and high-density forests. When the crowns overlap with each other,
the discrimination of the minimum value of the spectrum between crowns is blurred. Compared with
the scattered and independent single tree crown, there is no obvious boundary between the crowns,
and it can be easily confused with the surrounding background pixels, which will affect the estimation
accuracy of the crown. To solve the above problem, an improved valley searching method was applied
in this study to accurately estimate the size of a single tree crown. The specific steps are as follows:

First, starting from each crown vertex to be detected, find the valley position from its eight
directions and calculate the distance from the current pixel to the crown vertex; if the valley does not
exist, calculate the half variance values in the current direction, and record its variation value. Second,
calculate the average value of eight crown radius values, which is twice the crown diameter of the
single tree.
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Figure 6. Comparison of the estimated and measured tree crown diameter. (a) Forest plot 1. (b) Forest
plot 2.

The key to this method is to obtain the crown position and width in each direction. Each vertex is
calculated from four sections in eight directions. During the calculation of each direction, the valley
pixel of that direction is first searched. If the valley pixel does not exist, the variable range value of the
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semi-variance function in the direction is calculated as the crown radius of that direction. A maximum
lookup pixel number is usually set at 1.5 times the maximum crown diameter in the test area.

The results using the improved valley searching method to calculate the crown diameter in the
two test sites are shown in Figure 6. The field survey results showed that the estimates based on the
improved method were very close to the actual crown diameters.

Figure 6 is a scatter plot of the measured and estimated tree crown diameters in the two test forest
plots. It can also be observed from the figure that the correlation between the two was high, and the
correlation coefficients reached 0.81 and 0.71, respectively. According to the result above in the two
test sites, it can be observed that the improved approach for crown diameter estimation had higher
estimation accuracy, and the average estimation error (RMSE) was basically within 0.3 m. In addition,
it can be observed from the comparison of the results in the two test sites that the average estimation
accuracy of the Masson pine crown diameter in forest plot 1 was higher than that in forest plot 2 since
the crown in plot 1 was aged and less overlapped, and the correlation between the estimated value
and the measured value was also higher.

The results also showed that some trees were not recognized well because of the errors caused
from the uncertainty of the image itself such as the occurrence of image distortion and shadows.
In addition, because of the overlapping and interlacing of the crowns in the dense forest area, it directly
leads to the omission of some lower trees. Therefore, the algorithm needs to be further improved to
adapt to different forest types and different quality images.

3.3. Estimation of Tree Top Height

According to the number of laser pulse points in each tree crown, the tree top height can be
reconstructed in the three following cases [27]: (1) more than one laser pulse point in a crown; (2) only
one LiDAR pulse point in a crown, named as tree crown; and (3) missed LiDAR pulse points in a tree
crown, named as the tree crown. According to the 3D tree model, the optimal parameter group for the
single tree crown with more than one laser point will be calculated first. Then, a method similar to
k-Nearest Neighbor (K-NN) was adopted to obtain the optimal 3D tree model for the single tree crown
in the second case, which had only one laser pulse point, and the third case, which had no laser pulse
point. The detailed method is similar to that in [27].

In the 3D tree height reconstruction process, different methods were used to estimate the tree
height according to the number of laser pulse points in each tree crown. For the crown with more than
one laser pulse point, the 3D parameter tree model was applied to reconstruct the tree height, while in
the other two cases, the K-NN method was used to obtain the best 3D tree model based on the previous
calculation results. It is obvious that the tree height reconstruction results in the first case affected the
estimation result of the tree heights in cases two and three. To obtain the optimal 3D parameter tree
model, two of important parameters of the model (i.e., cc (crown curvature) and ch (crown height))
need to be set based on the empirical knowledge of the tree species and growth status in the study
area. To obtain a 3D parameter tree model as optimal as possible for each tree, multiple groups of
parameters with interval combinations were calculated, and when the residual sum of squares reached
the minimum, the corresponding cc and ch parameters were determined.

4. Results

The main tree species in forest plot 1 was mature Masson pine, which had less overlapped crowns.
The main tree species in forest plot 2 was planted Chinese fir, whose stand age was less than ten years
old and had an average height of approximately 5.4 m with a smaller crown diameter. The tree height
result was estimated from the 3D tree model by combining the low-density LiDAR data with the
high-resolution image. In the process of tree height verification, the tree heights estimated from the
3D tree model were compared with that from the field measurement and that obtained only based on
the low-density LiDAR data with the local maximum method.
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When reconstructing the single-tree height in the test sites, the crown was divided into three
types according to the crown boundary obtained from the image: more than one laser pulse point
in a crown, only one LiDAR pulse point in a crown, and missed LiDAR pulse points in a tree crown.
Then, the single-tree height was reconstructed. Figure 7 shows the distributions of the LiDAR pulse
points in the tree crowns in the two test sites. Through the processing of the synchronous aerial image,
the vertex position, diameter, and boundary of the single-tree crown were obtained. Additionally,
the tree height was reconstructed from the LiDAR data. Figure 7a shows the distribution of the laser
points in the single crown in forest plot 1. There were 204 trees with more than one LiDAR pulse point
in the crown, 32 trees with only one laser point, and 96 trees with no laser pulse point. For forest plot 2,
there were 268 trees with more than one laser pulse point in the crown, 133 trees with only one laser
pulse point in the crown, and 184 trees with no laser pulse points in the crown (see Figure 7b).
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For the tree crown with more than one laser point, after comparing a few group parameters,
it showed that when ch = 2~6 and cc = 1.1~1.9, the residual sum of squares was the smallest, and the
estimation accuracy was the highest.

For the second case, the tree height was estimated by finding similar crowns in the first case.
In this study, the altitude difference of the laser pulse point was set as ±0.5 m. First, both the altitude
of laser pulse point in the current crown and the horizontal distance from the apex of the crown to
the location of the laser pulse point were calculated and denoted as a2 and h2, respectively. Second,
the crowns of the first case were searched to discover those whose altitude of laser pulse point (denoted
as a1) was within ±0.5 m of a2. Third, the discovered first-case crowns were further down-selected
based on the criterion that the distance from the apex of the crown to the location of the laser pulse
point (denoted as h1) was within ±0.5 m of h2. Finally, the average of the tree top heights of the selected
first-case crowns was regarded as the tree top height of the current second case tree crown.

For tree crowns in the third case, first, the distance from the vertex of tree crowns to that of tree
crowns in the first case was calculated and sorted by distance. Second, the difference between the tree
crown areas between the top 10 tree crowns in the sequence and the current tree crown was calculated
and the results were sorted from small to large. Third, the first three tree crowns were selected as
similar crowns and the average of the tree top heights of similar crowns was used as the tree top height
of the current tree crown.

The process of tree height reconstruction in forest plot 2 was also divided into three parts. As the
height of the Chinese fir in the plot was approximately 5.4 m with uniform geometry, when fitting
the optimal parameters for the crowns with more than one laser pulse point, parameter ch was set to
1~3 m, and the iterative step length was 0.5 m; cc was set to 1.1~1.9, and the iterative step size was 0.1.
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Then, the parameters of the second and third cases were set to be the same as the experimental area in
forest plot 1 and the heights of individual trees in forest plot 2 were also obtained.

The tree height reconstruction of all the individual trees in the study area was completed with the
above approaches, and the final reconstruction results of the individual tree height obtained in two
forest test areas are shown in Figure 8. As can be seen from Figure 8, the height difference of single trees
in forest plot 1 was larger than that in forest plot 2, and the number of trees with different heights from
3 m to 17 m was evenly distributed, which is in direct proportion to the large difference of crown and
abundant shadow in forest plot 1. Therefore, the estimation results of tree height in forest plot 1 were
generally consistent with the actual situation. The Chinese fir had a smaller age and the tree height
was mostly lower in forest plot 2. The estimated tree height ranged from 2 m to 13 m in forest plot 2,
and most trees were less than 8 m and only a small number of trees (about 5%) were more than 8 m.
The relatively uniform canopy hue and shorter shadow length could be seen from the image of forest
plot 2. These features show that the estimated result of tree height is in line with the actual tree height.
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Table 2. Accuracy of tree height estimation based on the 3D parameter tree model in forest plot 1.

Tree Code HF H3D 3DE AC_H3D HL LE AC_HL

1 15.6 14.59 −1.01 93.52% 12.98 −2.62 83.20%
2 12.9 13.86 0.96 92.55% 11.49 −1.41 89.07%
3 14.4 13.85 −0.55 96.18% 10.56 −3.84 73.33%
4 13.5 13.26 −0.24 98.22% 12.37 −1.13 91.63%
5 12.5 14.31 1.81 85.52% 10.80 −1.7 86.40%
6 11.2 11.31 0.11 99.02% 10.24 −0.96 91.43%
7 12.1 12.66 0.56 95.37% 10.81 −1.29 89.34%
8 10.5 10.71 0.21 98.00% 9.99 −0.51 95.14%
9 10.1 9.92 −0.18 98.22% 8.05 −2.05 79.70%
10 10.3 9.23 −1.07 89.61% 8.32 −1.98 80.77%
11 12.1 10.95 −1.15 90.49% 10.58 −1.52 87.44%

Average 12.29 12.24 0.71 94.25% 10.56 1.72 86.13%

Note: HF: Field measured tree height (m); H3D: Tree height from the 3D tree model (m); 3DE: The difference
between the estimated value and the measured value (m), that is, H3D-HF; AC_H3D: accuracy of the estimation
for the 3D tree model, (1 − |3DE|/HF) × 100%; HL: Tree height from only the LiDAR data (m); LE: The difference
between the estimated value and the measured value, HE-H; AC_HL: accuracy of the estimation from only the
LiDAR data, (1 − |LE|/HF) × 100%.

To measure the estimation accuracy of the tree height based on the 3D tree model reconstruction,
the single tree heights obtained through the 3D tree model and only through the aerial low density
LiDAR data were analyzed according to tree height data measured in the field. Altimeters were used
in forest plot 1 and plot 2 to obtain the measured height data of 11 trees as a reference. In addition,
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the estimation results from the 3D model were compared with the tree height estimation results using
only the LiDAR data. As shown in Tables 2 and 3, the accuracies of the tree height and measured tree
height were evaluated by the two methods above.

Table 3. Accuracy of tree height estimation based on the 3D tree model in forest plot 2.

Tree Code HF H3D 3DE AC_H3D HL LE AC_HL

1 9.0 9.32 0.32 96.44% 10.57 1.57 82.55%
2 4.3 3.41 −0.89 79.30% 3.32 −0.98 77.21%
3 8.2 8.86 0.66 91.95% 7.2 −1.0 87.80%
4 4.6 4.01 −0.59 87.17% 3.17 −1.43 68.91%
5 5.2 4.39 −0.81 84.42% 3.73 −1.47 71.73%
6 4.3 3.87 −0.43 90.00% 2.9 −1.4 67.44%
7 4.7 3.35 −1.35 71.28% 2.7 −2.0 57.45%
8 6.6 5.74 −0.86 86.97% 5.57 −1.03 84.39%
9 5.3 4.25 −1.05 80.19% 4.47 −0.83 84.34%

10 2.7 3.68 0.98 63.70% 2.11 −0.59 78.15%
11 4.4 3.92 −0.48 89.09% 2.98 −1.42 67.73%

Average 5.39 4.98 0.76 83.68% 4.43 1.25 75.25%

As shown in Table 2, in forest plot 1, the average accuracy of the tree height estimated from the
LiDAR data alone was 86.13%, and that from the 3D parameter tree model reached 94.2%, which was
an increase of approximately 8%. It can be observed that the accuracy of tree height estimation using
the 3D parameter tree model was significantly higher than that using only the LiDAR point cloud
data, and the root mean square error (RMSE) of the tree height estimation was reduced from 1.93 m to
0.88 m (Figure 9). In addition, its correlation with the measured tree height (R2 = 0.76) was significantly
higher than that of the only LiDAR data extraction results (R2 = 0.73). Through comparative analysis,
it was observed that the 3D parameter tree model method is feasible to reconstruct the tree height
information, which can obviously improve the accuracy of the estimation of the tree height and the
utilization value of the low density LiDAR data.
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Figure 9. The correlation between the estimated and measured tree height in forest plot 1: (a) tree
height based on the 3D tee model and (b) tree height based only on the low density LiDAR data.

It can be observed from Table 3 that the accuracies of the single tree height in forest plot 2 estimated
from only the low-density LiDAR data had a minimum of 57.45%, a maximum of 87.80%, and an
average of 75.25%, while accuracies of the single tree height estimated from the 3D parameter tree
height reconstruction method had a minimum of 63.7%, a maximum of 96.44%, and an average of



Forests 2020, 11, 1252 15 of 19

83.68%, which increased by 8.43%. Compared to using only the low-density LiDAR data, the estimation
accuracy of the single tree height from the 3D tree model, which combined LiDAR and the simultaneous
high-resolution image, was significantly improved.

In addition, compared with the measured tree height, the tree heights estimated by the 3D tree
model method were much more accurate although underestimation still existed. The root mean square
error (RMSE) of the tree height extracted using only low-density LiDAR data was 1.30 m, while that
using the 3D tree model reconstruction approach was reduced to 0.82 m in forest plot 2 (see Figure 10).
Therefore, using a 3D tree model to estimate the single tree height from low-density airborne LiDAR
point clouds and high-resolution images can effectively decrease the significant underestimation
problem resulting from the low-density airborne LiDAR data.
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Figure 10. The correlation between the estimated and measured tree height in forest plot 2: (a) tree
height based on the 3D tree model and (b) tree height based only on the low density LiDAR data.

Therefore, the approach of the 3D tree model is able to estimate the tree height more accurately by
fully utilizing the information in both the low density LiDAR data in the crown and the high resolution
image instead of information in only one of them. The 3D tree model should effectively solve the
problem where the tree height at the single tree level is underestimated when the LiDAR point cloud
density is lower (less than 1 p/m2).

5. Discussion

In this paper, considering the characteristics of the data sources we used, we proposed a modified
technical process of tree height estimation based on [27]. The approach was applied to two coniferous
forest species plots in the subtropical forest region, Fujian Province, China. At the same time, it should
be noted that the estimation accuracy was higher for the tall trees with larger crown diameter forest
plots than for the short trees or trees with smaller crown diameter. This is because taller trees have
larger crowns that intercept more laser points in their crowns, resulting in a more optimal 3D model for
higher estimation accuracy of the single tree height. Therefore, a 3D tree model can effectively improve
the accuracy of the tree height estimation for mature forests with larger crowns. The advantages of the
3D tree model in tree height estimation for younger trees are not obvious for young forests with lower
tree heights and smaller crowns, which tend to be missed by the laser points.

The following conclusions were reached after analyzing the results. This study proved that the
marker-controlled watershed segmentation method, which is based only on airborne optical image
instead of combining LiDAR data, can well identify the crown information of coniferous forests
such as Masson pine and Chinese fir. According to the above results in the two test sites, it can be
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observed that the improved approach for crown diameter estimation had higher estimation accuracy,
and the average estimation error (RMSE) was basically within 0.3 m. The accurate estimation of crown
diameter provides important parameter support for the accurate estimation of tree top height using
3D parameter model of trees.

The 3D parameter tree model, which can take advantage of low-density airborne LiDAR data and
high resolution images, is feasible for improving the estimation accuracy of the tree height. Compared
to the tree height results from only using the low density LiDAR data, this approach can achieve higher
estimation accuracy. For the point density of LiDAR data less than 1 pt/m2, like that in this paper,
the accuracy of the tree height estimation at the single tree level for two test areas was more than
80%, and the average measurement error of the tree height was 0.7 m; these results are similar to the
results obtained in [27]. Thus, the 3D tree model reconstruction approach can effectively increase the
estimation accuracy of individual tree height.

Although the accuracy of the tree height estimation can be improved to some extent by combining
low-density airborne LiDAR data and high-resolution simultaneous images, there are still some
problems that need to be solved:

(1) More field data need to be collected to better verify the universality of the 3D parameter tree
model. In this paper, the comparative analysis of the estimation results in the two experimental sites is
still insufficient. One reason is the time difference between the field data and LiDAR data acquisition,
which may lead to errors to some extent. The modified approach constructed in this study could
well invert the height of the coniferous forests in the study site, but there was insufficient field data
to verify the applicability of this method to forest plots with different species, tree ages, and crown
densities [29,45]. Therefore, in future studies, it will be necessary to further verify and improve the
universality of the model. In addition, the estimation accuracy of single tree height from airborne
LiDAR data of different low sampling densities needs to be further investigated and analyzed to
evaluate the applicability of the 3D parametric model of trees.

(2) The single-tree crown recognition method based on high-resolution remote sensing images
needs further improvement. This study proved that the marker-controlled watershed segmentation
method could well identify the crown information of coniferous forests such as Masson pine and
Chinese fir. However, due to the limitation of field observation data, there is still a lack of relevant
analysis and verification for the crowns of broad-leaved forests and mixed forests. In future studies,
the method should be further verified and analyzed for forest plots with different tree ages, tree species,
and crown densities.

(3) There are still some problems in the estimation of tree heights in forest areas with high crown
densities. For example, the overlapping tree crowns make it difficult to accurately identify individual
crowns. In recent years, the point cloud generated by UAV remote sensing could help in accurately
extracting the point cloud information of tree tops [46]. Therefore, it will be an important research
direction to combine the advantages of archived airborne low-density LiDAR data and newly acquired
UAV remote sensing images in the forest region for the estimation of forest parameters such as the
forest tree height.

6. Conclusions

In this study, the 3D parameter tree model was adopted to estimate the forest tree height at the
single tree level from low density LiDAR data and high resolution images at two coniferous forest
test plots in Fujian Province, China as the case and obtained the forest tree height at the single tree
level. According to the results, we obtained the following conclusions. The tree crown profile and
diameter at the single tree level are two important parameters for building the 3D parameter tree
model. The marker-controlled watershed segmentation method is able to effectively extract the crown
profile from sub-meter level resolution images. The adaptive local maximum method satisfies the need
for detecting the vertex of a single tree crown. The improved following-valley approach is available for
estimating the tree crown diameter with an accuracy of over 74%, and the average estimation error
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was basically controlled at approximately 0.3 m. The estimated crown diameter was highly correlated
with the measured crown, and R2 could reach 0.71. The method based on the 3D parameter tree model
is feasible to reconstruct the tree height at the single tree level. Compared with the tree height directly
extracted from low-density point cloud data, the accuracy of the tree height estimation at the single tree
level could be significantly improved. The estimation accuracy of the tree height at the single tree level
in the two experimental sites was above 80%, and the RMSE of the tree height estimation results was
reduced to approximately 0.8 m. The 3D tree height reconstruction method could effectively improve
the estimation accuracy of the tree height for a coniferous forest at the single tree level based on the
low density of airborne LiDAR, which originally could only be used for estimating the average tree
height in forest plots. This greatly improves the application value and scope of low density airborne
LiDAR data. For different stand types and ages, the estimation accuracy of the 3D parameter tree
model varies to some extent. The more laser points hit in the crown, the more accurate the estimation
of tree height obtained based on the 3D parameter model of tree. In this study, the estimation accuracy
of the tree height in the mature forest plot area was significantly higher than that in the younger forest
plots. The reason for this is that the absolute tree heights and crown diameters were more than those of
the younger forest plots, and the crowns had more chance to be hit by the LiDAR laser points.
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