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Abstract: This study aims to estimate forest above-ground biomass and biomass
components in a stand of Picea crassifolia (a coniferous tree) located on Qilian Mountain,
western China via low density small-footprint airborne LiDAR data. LiDAR points were
first classified into ground points and vegetation points. After, vegetation statistics,
including height quantiles, mean height, and fractional cover were calculated. Stepwise
multiple regression models were used to develop equations that relate the vegetation
statistics from field inventory data with field-based estimates of biomass for each sample
plot. The results showed that stem, branch, and above-ground biomass may be estimated
with relatively higher accuracies; estimates have adjusted R* values of 0.748, 0.749, and
0.727, respectively, root mean squared error (RMSE) values of 9.876, 1.520, and
15.237 Mgha™', respectively, and relative RMSE values of 12.783%, 12.423%, and
14.163%, respectively. Moreover, fruit and crown biomass may be estimated with relatively
high accuracies; estimates have adjusted R* values of 0.578 and 0.648, respectively, RMSE
values of 1.022 and 5.963 Mg-ha ™', respectively, and relative RMSE values of 23.273%
and 19.665%, respectively. In contrast, foliage biomass estimates have relatively low
accuracies; they had an adjusted R* value of 0.356, an RMSE of 3.691 Mgha ', and a
relative RMSE of 26.953%. Finally, above-ground biomass and biomass component spatial
maps were established using stepwise multiple regression equations. These maps are very
useful for updating and modifying forest base maps and registries.
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1. Introduction

Forest biomass is an essential factor in environmental and climate modeling. Also, standing forest
biomass is an essential, active participant in the global carbon cycle. Quantifying the amount of
biomass within a forest stand is necessary for property managers to make informed decisions about the
value and use of their forested land. Light Detection and Ranging (LiDAR) is one of the most
promising remote sensing technologies for estimating various biophysical properties of forests. LIDAR
provides the most accurate measurements of terrain elevation and vegetation height; this accuracy
holds even on sloped terrain or in dense forests. LIDAR data are well suited to biomass estimation, as
point clouds generated from forest canopies can accurately depict the physical characteristics of the
canopy surface [1]. These physical characteristics, including tree height, crown diameter, and crown
shape correlate with biomass, and may be regressed against either diameter at breast height (DBH) or
biomass to obtain general LiDAR-biomass models [2-10]. In comparative studies, LiDAR has
produced more accurate estimates of forest biomass than optical satellite sensors [11] and synthetic
aperture radar sensors [12—15] have. In addition, biomass values have been estimated without saturation
problems, while other remote sensing techniques tend to display asymptotic tendencies at biomass
values above a certain threshold [16,17]. Thus, airborne LiDAR holds potential as a valuable data
source for generating tree biomass component estimations that comply with international convention
requirements regarding carbon stored in trees.

Though above-ground biomass estimates can be extracted from LiDAR data with high accuracies,
little was known about biomass component estimates. Forest biomass can be sub-divided into its
components, such as stem, branch, and foliage (i.e., the crown and stem); these subdivisions provide
additional information for ecosystem management. Typically for timber sales, merchantable stem
biomass/volume is of importance, with relationships between stem and non-stem biomass components
enabling estimation [18]. Further estimates of biomass components, such as crown biomass, can aid in
fuel load assessments and fire management strategies. Canopy fuel characteristics are the most
important variables for predicting fire hazard and behavior, thus making predictions of canopy biomass
important for many wildfire models [19]. In [20], biomass components, including stem, biomass, and
crown biomass were estimated. For LiDAR data, height metrics, such as mean first return height and
the percentiles (i.e., the 10th and 90th) of first returns, correlated best with total above-ground and
stem biomass. The percentage of first returns above 2 m, and the percentiles (i.e., the 75th and 90th) of
first returns height metrics correlated best with crown biomass. A comparison between above-ground
components and total biomass indicate that stem biomass displayed the strongest correlation with
LiDAR measurements, while crown biomass showed the weakest relationship; the relative root mean
squared error (RMSE) ranged from 16% to 22%, respectively.

In this paper, above-ground biomass and biomass components, including stem, branch, foliage,
fruit, and crown biomass were estimated in a stand of Picea crassifolia (a coniferous tree species) on
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Qilian Mountain, western China using low density small-footprint airborne LiDAR data. In the same
area, previous studies only focussed on the above-ground biomass [21,22], none covered the
biomass components, the biomass distribution and its ecology. The objective of this paper was to
investigate the relationship between forest biomass and its components with small-footprint discrete
return LiDAR data.

2. Materials and Methods
2.1. Study Area

The study site of Dayekou is situated in the Qilian Mountain area, with its geographic coordinates
ranging from N38°29’ to 38°35’ in latitude and from E100°12° to 100°20° in longitude. The site is
situated within Gansu province, western China (Figure 1). The elevation varies from 2500 to 3800 m
above sea level. The area has a temperate, continental mountainous climate. During winter, the
atmospheric circulation is controlled by the Mongolian anticyclone, which results in cold and dry
conditions, with little precipitation. When the atmospheric circulation is affected by the summer
continental cyclone, the diurnal difference in temperature is dramatic. The difference of precipitation
between summer and winter is also large, and annual precipitation takes place mainly during the
summer. Influenced by the climate and the terrain, the prevalent vegetation types in the study area are
mountainous pastures and forests. The dominant vegetation includes evergreens, Picea crassifolia and
Sabina przewalski, as well as grassland. Vegetation density varies with terrain, soil, water, and climate
factors [23]. In the test site, 95% of the forests are pure forest stands of evergreen Picea crassifolia.
This paper consequently only focuses on this forest/species type. In a Picea crassifolia stand, the
ground is almost entirely covered by moss, although there are some small shrubs. There are different
successional stages of forest (i.e., young, intermediate, and old regrowth) in this area. Thus, in these
stands, the forest biomass composition is very variable.

2.2. LiDAR Data Acquisition

LiDAR data were acquired on 23 June 2008 using a Riegl LMS-Q560 laser scanner and the
Litemapper 5600 system. The scanner operated at a flight altitude of 800 m, and was configured to
acquire data using a narrow scan angle of <0.5 mrad (with respect to either side of the NADIR) and
with a point density of about 1 point/m’. The x, v, and z positions (which correspond with the
east-west, north-south, and elevation coordinates, respectively), along with the intensities of each
pulse, were supplied for the first and last pulse, and geo-referenced to the projection system of the
UTM zone: 48N, WGS 84. The accuracy report that accompanied the LiDAR data indicates that
accuracy in the x—y position is 0.10 m, and in z position is 0.03 m. Like most discrete return LiDAR
systems, the Riegl LMS-Q560 records intensity for each pulse in the near infrared (1550 nm) region.
The intensity of each return pulse, sometimes referred to as laser amplitude, represents the reflected
energy from a highly culminated beam of light (i.e., the light’s footprint semidiameter is 0.20 m
if the sensor’s operating height is 800 m) and provides a concentrated measurement of the
object’s reflectivity.
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Figure 1. The location of the study area (a) The top left corner shows a map of China, in
which the yellow area is the location of the Gansu province. The yellow area is the map of
Gansu, in which the red square marks the Dayekou area’s location; (b) The high resolution
color charge coupled device (CCD) image (RGB (red, green, and blue) composition) of

Dayekou, in which the red flags mark the forest sample plots; there is no data in the
white area.
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2.3. Plot Measurements

In order to investigate the capability of LIDAR data for forest biomass estimation, ground truth data
were collected through field work from July to August of 2007, and from June to July of 2008. A high
resolution airborne CCD image mosaic was used to identify each forest stand through manual
interpretation. Some forest stands were selected for field plot data measurement. The size of sample
plots was limited to either 20 m X 20 m or 25 m x 25 m. The height (H) and diameter at the breast
height of 1.3 m (DBH) of each individual tree within each plot was measured. The DBH was defined
as the ground truth data on the plot level. For the plots, the plots mean DBH ranged from 5.56 c¢m to
26.66 cm, with an average value of 15.55 cm; the mean tree height ranged from 3.16 m to 16.72 m,
with an average value of 9.59 m. A set of total 83 forest sample plots was selected from the
measurement database by the following criteria: plot location fixed with a differential GPS system;
prevalence of forest plots dominated by Picea crassifolia; forest plots that are independent from one
another (to avoid the spatial autocorrelation). The forest sample plots distribution is shown
in Figure 1.

2.4. Field-Based Biomass Estimates

Using relative allometric Equations (1)—(4) [24], tree biomass components (e.g., stem, branch,
foliage, and fruit) were calculated from DBH and total height. Similar allometric equations using the
variable of DBH?H to estimate forest biomass and biomass components could be found in other studies
[25-27]. Tree component biomass values were calculated for individual tree within each plot, and then
summed to obtain a summary of tree biomass for each plot. Crown biomass was equal to the sum of
branch, foliage, and fruit biomasses. Above-ground biomass was equal to the sum of the crown and
stem biomasses.

Stem _biomass = 0.0478 x (DBH*x H)"*% (1)
Branch _biomass =0.0061 x (DBH?x H)"*” (2)
Foliage biomass =0.2650 x (DBH*x H)"*™ 3)

Fruit _biomass =0.0342 x (DBH* x H)*" (4)

2.5. Calculation of LiDAR Metrics

Figure 2 shows the main LiDAR processing steps used in this study. The steps are illustrated in a
flow chart. The first step involves the elimination of pulses identified as below the nominal ground
surface, or above the expected canopy height. The remaining pulses were divided into those that
reached the ground surface and those that did not. Ground hits were removed using Terrascan and
MicroStation software. This algorithm identified ground hits based on an iterative slope analysis of
LiDAR returns [28]. Grid cell size and the maximum slope of the area were required input parameters.
Grid cell size is the smallest cell size for which a ground return can be extracted. In this paper, Grid
cell size and the maximum slope of the area were set at 30 m and 88%, respectively. After, ground
points were used to generate a ground digital terrain model (DTM) [29]. First, a triangulated irregular
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network (TIN) was constructed for the point cloud, based on a Delaunay triangulation of its elevation
data. Then, a rectangular grid of pixels was extracted from each TIN using linear interpolation with a
constant sampling interval of one meter. Finally, a raster DTM was generated with 0.5 m X 0.5 m
spatial resolution. To assess the accuracy of extracted ground hits, the DTM created by the ground hits
was compared with the points measured with the total station. For 1546 compared field measurements,
the extremes of the differences between the DTM and total station values are —95.1 cm and +94.8 cm;
the mean difference is —21.8 c¢cm, and the RMSE is £22.7 cm.

Figure 2. The main LiDAR processing steps in this study are illustrated in a flow chart.
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Nonground hits, designated as vegetation hits, were normalized for varying terrain elevations,
thereby enabling volume and biomass models to incorporate actual LIDAR point heights [30]. This
was done by calculating the actual return height above a LiIDAR-derived 0.5-m DTM of the study area.
The actual height of each vegetation point was calculated as the difference between the vegetation hit
and the bilinear interpolated height of the four corner cells of the DTM cell directly beneath each hit.
Typically, a small shrub can grow up to about 1.3 m in height. Consequently, only returns with an
actual height above this threshold were associated with woody vegetation.
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As above-ground biomass estimation is most sensitive to tree height. The major independent
variables for stepwise multiple regression in this study were the mean height and height quantiles from
LiDAR points [31,32]. The quantile describes the distribution and location of the sample, and is
expressed as:

p(x<0,)=p (5)

where p (X < 6,) is the cumulative distribution function, X is the population, and 6, is the quantile of
population X at p (0 <p <1).

A total of 19 vegetation height quantiles were calculated by sorting the vegetation points in
ascending order at each plot, and classifying them into classes at 5% intervals, ranging from p = 5% to
p =95%.

Crown cover (CC) was selected as another statistical variable. To generate equivalent CC estimates
from LiDAR data, returns greater than 1.3 m in height were considered as tree crown elements.
All points were interpolated into a raster image. When the grid unit had multiple echoes, the maximum
value was selected as the interpolation value. According to the point cloud density, the digital surface
model (DSM) was interpolated into a resolution of 0.5 m. The canopy height model (CHM) was
obtained to indicate the difference between the DSM and DTM. The 1.3 m height threshold was used
to conform to definitions of forest cover, with all 0.5 x 0.5 pixels above this threshold coded as either
1 or 0. For each field plot, crown cover percentage (CC %) was calculated as the sum of all cells with a
value of 1 as a percentage of the total. The result was assessed in [33]; the R* between the retrieved
CC% values and those measured by Hemiview is 0.3901.

Finally, these variables were selected for forest biomass estimation. To select the most significant
variables for biomass estimation from these variables including mean height, height quantiles, and CC,
stepwise multiple linear regressions were used.

2.6. Statistical Analysis

Parametric estimation via the multiple linear regression method was conducted for LiDAR data.
The metrics follow a normal distribution, and from the scatter plot, we determined that a linear
regression was suitable. The literature has been consistent with these conclusions [4,30,34,35].
Considering that 21 possible independent variables may be used in the regression, based on statistical
variables of LIDAR data, a stepwise multiple linear regression method was used alternatively to select
the most significant variables (probability of F-to-enter = 0.05; probability of F-to-remove = 0.1).

The conventional multivariate regression model can be expressed as follows:

Y=a,+a,X, +..+aX, (6)
where Y is the dependent parameter to be predicted, Xj is the intercept, i is the number of independent
variables, and a; ; and X; ; are the regression coefficients and values of independent variables,
respectively. In this study, ¥ refers to the forest biomass components and above-ground biomass, X ;
are the mean heights, height quantiles, and CC values. Collinearity was diagnosed through the
Variance Inflation Factor (VIF). Generally, if the VIF is less than 10, collinearity is not serious [4,36].
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Some sample data were used for estimation, while the rest were used for validation. The estimation

accuracy was calculated as follows:

4 ! |ﬁe1d forest parameter — estimated forest pararnete11
ccuracy=1-

(7)

field forest parameter

3. Results
3.1. Biophysical Parameters Description

Ground-based above-ground biomass components are calculated using field-measured heights and
DBH values; the component values are presented in Table 1. The above-ground biomass ranges from
17.89 to 174.88 Mgha ', with a mean value of 104.53 Mgha ', and a standard deviation of
33.86 Mg.hafl. From Table 1, we can see that the stem, crown, and above-ground biomass have large
standard deviations, while branch, foliage, and fruit biomass have comparatively smaller standard
deviations. Above-ground biomass ranges from 17.89 Mgha' for young plantation stands, to
174.88 Mg-ha™' for mature, highly stocked stands. On average, 72% of the total above-ground biomass
of a tree is contained within the stem, 11% in branches, 13% in the foliage, and 4% in fruit.

3.2. Regression Models between Biomass and LiDAR Metrics

Stepwise multiple regression analysis is used to establish the above-ground biomass and biomass
components equation, and the results are shown in Table 2. Scatter plots plotting above-ground
biomass and biomass components against their significant variables are shown in Figure 3. These
models with a significance level of 0.01 can be used for forest parameters estimation. Sixty sample
data plots were used to build the equation, and the remaining 23 plots were used for validation. The
LiDAR-measured variables that proved significant for predicting stem biomass, branch biomass, and
above-ground biomass were mean height and CC. Stem, branch, and above-ground biomasses had
adjusted R’ values of 0.748, 0.749, and 0.727, respectively, RMSE values of 9.876, 1.520, and
15.237 Mg-hafl, and relative RMSE values of 12.783%, 12.423%, and 14.163%, respectively. Also,
the VIF for mean height and CC is 1.003, thus indicating an absence of collinearity. Figure 3a—d,k,l
shows the scatter plots plotting stem biomass, branch biomass, and above-ground biomass against
mean height and CC. From these scatter plots, it is shown that in comparison with CC, mean height
more strongly correlates with stem biomass, branch biomass, and above-ground biomass. The
LiDAR-measured variable that proves significant for predicting foliage biomass is HS (i.e., the 5%
vegetation height quantile), which has an adjusted R’ of 0.356, an RMSE of 3.691 Mg-ha ', and a
relative RMSE of 26.953%. Figure 3e shows the scatter plots between foliage biomass and HS. The
LiDAR-measured variables that prove significant for predicting fruit biomass are the mean and H85
values (i.e., the 85% vegetation height quantile). Together, these variables have an adjusted R* of
0.578, an RMSE of 1.022 Mg ha_l, and a relative RMSE of 23.273%. The VIF for the mean and H85
is 7.961, which means that there is no collinearity. Figure 3f,g shows the scatter plots plotting fruit
biomass against mean height and H85. From the scatter plots, it is shown that mean height more
strongly correlates with fruit biomass than H85 does. The LiDAR-measured variables that prove
significant for predicting crown biomass are the mean, H85, and CC. These variables together have an
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adjusted R’ of 0.648, an RMSE of 5.963 Mg ha ™', and a relative RMSE of 19.665%. The VIFs for the
mean, H85, and CC are 8.577, 8.561, and 1.079, respectively. Thus, none of these variables are
collinear. Figure 3h—j shows scatter plots plotting crown biomass against mean height, H85, and CC.
From the scatter plots, it is shown that the mean height most strongly correlates with crown biomass,
and that CC has the weakest relationship with crown biomass. Stem and branch biomass values most
strongly correlate with the LiDAR data, while foliage biomass has the weakest relationship with the
LiDAR data. The estimation accuracy is shown in Table 3.

3.3. Spatial Distribution Figure of Forest Biomass

First of all, the research area is segmented using a 20 m x 20 m grid. The LiDAR parameters were
then measured in each segmented cell; parameters include mean height, height quantiles, and CC.
Finally, above-ground biomass and biomass components in each segmented cell can be obtained based
on the establishment of the above-ground biomass and biomass components estimation equation.
The result is shown in Figure 4. The range of estimated stem, branch, foliage, fruit, crown, and
above-ground biomass are 0-169 Mg-ha ', 0-27 Mg-ha ', 0-26 Mg-ha ', 0-9 Mgha ', 0-61 Mgha ', and
0-230 Mgha™', respectively.

Table 1. Characteristics of above-ground biomass (Mg-ha ') and biomass components for
in-situ measured plots.

Statistic Minimum Maximum Mean Standard deviation
Stem biomass 9.80 130.82 75.19 26.02
Branch biomass 1.41 21.00 11.92 4.21
Foliage biomass 2.92 22.87 13.19 3.47
Fruit biomass 0.87 6.85 4.23 1.17
Crown biomass 5.68 44 .42 29.34 8.23
Above-ground biomass 17.89 174.88 104.53 33.86

Table 2. Stepwise multiple regression results for above-ground biomass and individual
biomass components.

Variables Std R’  Adjusted R’ Model
Stem biomass Mean, CC 13.823 0.756 0.748 —13.595 + 8.446Mean + 20.378CC
Branch biomass Mean, CC 2.229  0.757 0.749 —2.447 + 1.367Mean + 3.300CC
Foliage biomass H5 2.692  0.366 0.356 7.767 + 0.861HS5
Fruit biomass Mean, H85 9.507 0.591 0.578 1.726 + 0.541Mean — 0.210H85
) 8.017 +4.038Mean — 1.502H85 +
Crown biomass Mean, H85, CC 5.025 0.664 0.648
7.287CC
Above-ground
Mean, CC 18.640 0.736 0.727 —9.013 + 10.812Mean + 25.105CC

biomass
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Figure 3. Scatter plots of between above-ground biomass and biomass components and

their significant variables. (a) and (b) compare stem biomass against mean height and

crown cover, respectively; (¢) and (d) plot branch biomass against mean height and crown

cover, respectively; (e) is plots foliage biomass against HS; (f) and (g) plot fruit biomass
against mean height and H85, respectively; (h), (i) and (j) plot crown biomass against
mean height, H85, and crown cover, respectively; (k) and (1) plot above-ground biomass

against mean height and crown cover, respectively.
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Figure 3. Cont.
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Table 3. Estimated accuracy of above-ground biomass and individual biomass

components; RMSE: root mean squared error.

Biomass Stem Branch Foliage Fruit Crown Above-ground
RMSE(Mgha ) 9.876 1.520 3.691 1.022 5.963 15.237
Relative RMSE(%) 12.783 12.423 26.953 23.273 19.665 14.163
Accuracy(%) 87.45 87.60 80.00 80.15 82.59 87.08
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Figure 4. Spatial distributions of above-ground biomass and biomass components.
(a) Stem biomass; (b) Branch biomass; (c¢) Foliage biomass; (d) Fruit biomass; (e) Crown

biomass; and (f) Above-ground biomass.
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Figure 4. Cont.
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Figure 5 shows the CCD image together with the DTM, Slope, and Aspect images. From Figure 5,
we obtain the scatter plots plotting above-ground biomass against elevation, slope, and aspect
(Figure 6). From the extracted above-ground biomass distribution map (Figure 4f) and the DTM
(Figure 5b), we observe that the forests exist in altitude ranging from about 2600 m to 3600 m; the
high biomass forests are found at an altitude of about 3000 m (i.e., from about 2800 m to 3200 m).
Above 3200 m, the biomass decreases. Typically, when one ascends a mountain, precipitation
increases and the temperature decreases; thus, altitude influences forest distribution. Forests exist
where there are higher precipitation and temperatures. Thus, forests exist within an optimum altitude
range. For Picea crassifolia, the optimum altitude varies from about 2600 m to 3600 m. Specifically,
from 2800 m to 3200 m, the precipitation and temperature conditions enable higher levels of
Picea crassifolia biomass growth. Also, most forests consist of with a slope varying from 10 to
50 degrees. Little can grow on a slope that is steeper than 50 degrees. Finally, most forests cluster
along several azimuths: from 0 to 100 degrees, and from 250 to 360 degrees. From 100 to 350 degrees,
most forest biomass quantities are less than 70 Mg-ha '. Compared with forests that exist in relatively
shaded areas, forests existing in relatively sunnier areas receive more solar radiation, which causes
dehydration via intense evapotranspiration. Consequently, there is very little biomass in relatively
sunnier areas (i.e., areas where the azimuth ranges from about 100 to 250 degrees).
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Aboveground biomass (Mg-ha?)

Figure 5. CCD image together with the DTM, Slope, and Aspect images. (a) CCD image;
(b) DTM image; (¢) Slope image and (d) Aspect image.
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Figure 6. Scatter plots plots comparing above-ground biomass against elevation, slope, and
aspect. (a) Scatter plot of the above-ground biomass and elevation; (b) scatter plot of the
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4. Discussion and Conclusions

For biomass estimation using small footprint LiDAR, distributional metrics—such as the mean
canopy height and the standard deviation of the canopy height—are taken from either an interpolated
grid corresponding to the height of the canopy (i.e., a canopy height model [CHM]) or from raw
returns. These metrics are then used in conjunction with regression equations to predict forest
properties [31,37,38]. For above-ground biomass and stem biomass, the mean first return height and
percentiles (e.g., 10th and 90th) of first return heights were selected as predictor variables from a
subset of candidate LiDAR metrics. For crown biomass, the percentage of first returns above 2 m, as
well as the 75th and 90th percentiles of first return heights were selected as predictor variables [20].
In this study, the mean height and CC were selected as predictor variables for above-ground biomass
and stem biomass, and the mean height, CC, and the 85% vegetation height quantile were selected as
predictor variables for crown biomass. Although return height and height quantile are often used, the
height variables varied for different areas and different biomass components.

In [20], stem, crown, and above-ground biomass were estimated via LIDAR data. Stem biomass
correlated most strongly with the LIDAR data, with an adjusted R’ of 0.86 and a relative RMSE of
16%. Above-ground biomass showed an adjusted R’ of 0.82, and a relative RMSE of 18%. Crown
biomass showed the weakest correlation, with an adjusted R’ of 0.72 and a relative RMSE of 22%.
Although our results have a lower adjusted R” than the study in [20], we have higher relative RMSE
values of 12.783, 14.163, and 19.665 for stem, above-ground, and crown biomass estimates,
respectively. The results show that stem biomass, branch biomass, and above-ground biomass
estimates have relatively higher accuracies, with adjusted R’ values of 0.748, 0.749, and 0.727,
respectively. Also, fruit and crown biomass have relatively higher accuracies, with adjusted R’ values
of 0.578 and 0.648, respectively, while foliage biomass has a relative low accuracy with an adjusted R’
of 0.356. Fruit and foliage biomass values/ranges are too low which could be one reason for the
weaker relationships. The estimation accuracies for stem biomass, branch biomass, and above-ground
biomass exceed 87%, and for fruit, crown, and foliage biomass estimates, the accuracy exceeds 80%.
The R’ of the equation for estimating stem biomass, branch biomass, and above-ground biomass is
greater than 0.7. The LiDAR-measured variables that proved significant for predicting above-ground
biomass are mean and CC, which had an adjusted R’ of 0.727. This data compares well in line with
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reality and shows a relatively good result. Biomass is the important parameter because it is an
important indicator of the carbon sequestration capacity of forests; such capacity estimates are
essential for assessing forest carbon balance. Thus, LiIDAR with low density is also an important
source of data for studying forest carbon sources.

From the CCD image, together with the DTM, Slope, and Aspect images, we observed that the
forest comprises altitudes ranging from about 2600 m to 3600 m, at slopes varying from 10 to
50 degrees. The shapes of scatter plots plotting above-ground biomass against elevation and slope are
similar to normal distribution curves. Most forests exist at azimuths range from 0 to 100 degrees, from
250 to 360 degrees, and from 100 to 350 degrees. The shape of the scatter plots plotting above-ground
biomass against azimuth is also similar to a normal distribution. This means that Picea crassifolia can
exist in southern azimuths; the reason may be that there are superior hydrothermal conditions in that
area. However, the forest biomass is relatively lower compared with those that exist in
northern azimuths.

From Figure 4, we can see that above-ground biomass and biomass components have similar spatial
distributions. One reason is that there is a single species in this area. Above-ground biomass and
biomass components increase with age. Another reason may be that the biomass components (e.g.,
stem, branch, foliage, and fruit) are all calculated from DBH and total height using a relative allometric
equation, which can cause the different biomass components to correlate with each other. From Table 2,
we can see that, besides the mean height, CC is selected as a good predictor in stem biomass, branch
biomass, crown biomass, and above-ground biomass estimation regression. CC is a supplementary
variable for biomass estimation, and CC, to some extent, represents tree density. As for date
acquisition, maybe the leaf-on condition has a higher accuracy than the leaf-off condition because
under leaf-off conditions, CC estimation would become difficult and inaccurate. In this study, a point
density of 1 point per m” is used. In another’s study [31], a point density of 0.5 points per m” was
sufficient for estimating forest inventory variables at the plot and stand levels for various forest types.

In this paper, we investigated a Picea crassifolia forest stand in the Dayekou area of Qilian
Mountain, western China, and used low-density LiDAR point cloud data. Stepwise multiple regression
models were used to develop equations relating vegetation point statistics, including height quantiles,
mean height, and fractional cover, with field inventory data and field-based estimates of biomass for
each sample plot. These results show that low density LiDAR data is useful for forest above-ground
biomass and biomass component estimations. Spatial forest above-ground biomass and biomass
components were established using stepwise multiple regression equations. These biomass component
maps provide additional information for ecosystem management and timber supply. Also, crown
biomass can aid in fuel load assessments and fire management strategies. These maps are very useful
for updating and modifying forest base maps and registries.
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