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Abstract: In this study, individual tree height (TH), crown base height (CBH), crown area 

(CA) and crown volume (CV), which were considered as essential parameters for 

individual stem volume and biomass estimation, were estimated by both an airborne laser 

scanner (ALS) and a terrestrial laser scanner (TLS). These ALS- and TLS-derived tree 

parameters were compared because TLS has been introduced as an instrument to measure 

objects more precisely. ALS-estimated TH was extracted from the highest value within a 

crown boundary delineated with the crown height model (CHM). The ALS-derived CBH 

of individual trees was estimated by k-means clustering method using the ALS data within 

the boundary. The ALS-derived CA was calculated simply with the crown boundary, after 

which CV was computed automatically using the crown geometric volume (CGV). On the 

other hand, all TLS-derived parameters were detected manually and precisely except the 

TLS-derived CGV. As a result, the ALS-extracted TH, CA, and CGV values were 

underestimated whereas CBH was overestimated when compared with the TLS-derived 

parameters. The coefficients of determination (R2) from the regression analysis between 

the ALS and TLS estimations were approximately 0.94, 0.75, 0.69 and 0.58, and root mean 

square errors (RMSEs) were approximately 0.0184 m, 0.4929 m, 2.3216 m2 and 13.2087 m3 

for TH, CBH, CA and CGV, respectively. Thereby, the error rate decreased to 0.0089, 

0.0727 and 0.0875 for TH, CA and CGV via the combination of ALS and TLS data. 
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1. Introduction 

Forest inventory information has always been important with respect to forest management. For 

sustainable forest management, more information is needed, not only for planning future forest 

management, but also for recording the previous status of the forested area [1]. However, the 

traditional methods of investigating forest parameters such as tree height (TH), crown base height 

(CBH), diameter at breast height (DBH), and crown diameter (CD), involve labor-intensive forest 

inventories, the incorporation of complex sampling designs, and supplementary work [2,3]. 

Recently, optical remote sensing techniques using aerial photographs and satellite imagery have 

either supplemented or supplanted some of such field measurements. The application of optical remote 

sensing techniques enables the measurement of forest growth factors, and ecological and 

environmental information over wide areas [4]. However, remote sensing using optical sensors, except 

stereo-image analysis of the forest, suffers from the limitation of restricted time and cost when stand 

information for three-dimensional vertical structures is extracted [5]. 

On the other hand, airborne laser scanners (ALS) can be used to acquire vertical and horizontal 

forest structure in detail as scanning targets with laser pulses [6]. In particular, such vertical 

measurements enable the prediction of forest biomass and carbon storage. Furthermore, laser sensors 

can be used to accurately measure topographical information, the physical properties of a forest and 

other information. Therefore, ALS has been recognized as a more efficient and precise instrument than 

field surveys and optical remote sensing techniques [4,7]. Since the early to mid 1980s, several studies 

using full waveform sensors have been performed for forest inventory [8], merchantable timber 

volume estimation [9], and forest canopy characterization [10]. Recently, several researchers have 

applied discretely emitted laser pulses for the individual- and stand-level TH estimation [5,11-13] and 

height-based timber volume estimates [14,15]. 

However, the estimation of forest structural parameters using discrete pulses suffers from a few 

problems such as tree density, crown overlapping, and missing tree tops and small canopy elements [16]. 

High tree density causes crown edge overlapping between neighboring trees, leading to the 

underestimation of crown diameter, area and volume in such forest areas. Moreover, it is actually hard 

for laser pulses to be reflected on correct tree tops because the density of the returns is insufficient for 

the detection of individual trees [17]. Therefore, ALS estimates of TH tend to slightly be 

underestimated when compared with field measurements. ALS data, with minimum footprint sizes of 

0.1 m and 0.25 m, may not be useful for detecting small canopy elements [18,19]. In addition, the 

crown edge overlapping can cause another error when estimating DBH, CBH, and CD [16]. For 

supplementing such underestimation, many researchers have used regression models using the 

correlation between field- and ALS-derived biophysical variables. 

On the other hand, a few researchers have used terrestrial laser scanner (TLS) which enables the 

precise assessments of forest structure. However, as the procedure for data acquisition by TLS is 
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intensive due to inaccessible and broad forest area, it has only been conducted over relatively small 

sample plots [20-22] by considering the condition of the target area.  

To overcome the drawbacks of both instruments, we tried to combine ALS and TLS data in sample 

plots in order to estimate forest growth factors such as TH, CBH, CA and crown geometric volume 

(CGV). These parameters were effectively adopted for individual stem volume and biomass estimation, 

because it can reduce the difficulties from regression analysis between DBH and CA [5,23]. Thereby, 

the ALS-derived results were supplemented with precise TLS-derived data that could be extended to a 

broad area. In particular, all supplements used in the ALS estimation were calculated based on the 

assumption that the TLS-derived estimation was more precise than that by field measurement [20,24,25]. 

The study results revealed that more accurate estimates of the examined forest parameters 

were obtained via the combined ALS and TLS data procedure than when only ALS data were 

used independently. 

2. Materials 

2.1. Study Area  

The study area was located at Gwangneung Experimental Forest of the Korea Forest Research 

Institute (KFRI) in central South Korea (Datum: Geodetic Reference System 1980 (GRS80), 

Coordinates: upper left 127°09′25.864″E, 37°45′46.265″N and lower right 127°10′44.629″E, 

37°44′10.201″E) (Figure 1). The study area elevation ranged from 160 to 573 m above sea level and 

was dominated by steep hills, with the main tree species of Red Pine (Pinus densiflora), Korean Pine 

(Pinus koraiensis), Japanese Larch (Larix leptolepis) and Oaks (Quercus spp.). Korean Pine stands 

were cautiously selected, and 30 trees were investigated for regression model (15 trees) and its 

verification (15 trees). Undetectable small trees were not employed to avoid the characteristic 

drawback that the crowns of trees under other trees cannot be recognized properly by ALS. Selected 

stands were composed of homogeneous Korean Pines with low density. 

Figure 1. Digital aerial photograph of the study area acquired on 3 April 2007. 
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2.2. Acquisition of Airborne Laser Scanner Data  

ALTM 3070 (a small footprint LiDAR system) by Optech Inc. was used to acquire the ALS data, 

and the flight was performed on 3 April 2007. The ALS data were acquired from an altitude of 1,400 m, 

with a sampling density of 5~10 points per square meter. The radiometric resolution, scan frequency 

and scan width were 12 bits, 70 Hz and ±25°, respectively. The acquired ALS data were classified into 

ground- and above-ground returns using Terra Scan software’s automatic procedure.  

2.3. Acquisition of Terrestrial Laser Scanner Data 

TLS scanning work was performed on 10 October 2008 using GS200 3D Scanner by Trimble Inc. 

(Table 1). The TLS data were acquired from approximately 30 m away to obtain all vertical 

components of one tree from bottom to top because the vertical movement of GS200 3D Scanner had 

an angle limitation of up to 38° and down to 22° [26]. 

Table 1. Descriptive statistics of the terrestrial laser scanner (TLS) measurements. 

Measured Parameters N/ha Max. Min. Mean SD 

Tree height (m) 427 26.8 18.0 22.3 2.3 

DBH (cm) 49.7 21.7 32.1 6.3 

Crown base height (m) 20.2 12.7 16.2 1.9 

Crown width (m) 6.7 4.4 5.5 0.7 

Figure 2. Acquisition of TLS data from four directions for measuring the whole shape of 

the single target tree. 

 

Each tree was measured in the four compass directions in order to materialize the three dimensional 

shape of the tree because single direction laser scanning work is incapable of acquiring information of 

an opposite side (Figure 2). Moreover, the measurements were conducted in a relatively flat area to 
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avoid uncertainty errors. When the data were obtained, the scanning speed, interval between reflected 

returns and tolerance of the laser scanner were set at 5,000 pts/s, 3 mm at 100 m and 3 mm at 50 m, 

respectively. In this study, the number of scanning directions and the resolution of the laser pulse were 

extremely important because TLS measurement was assumed and used as the actual estimates by 

which the ALS-derived factors of the individual trees could be approximated to the actual value. 

Therefore, the instrument factors were set as high as possible. Thereafter, the four acquired datasets 

were integrated into one dataset based on the absolute positions of four sphere balls which were 

installed on stationary objects before the acquisition of the laser returns (Figure 2). 

3. Method 

3.1. Extraction of Tree Parameters Using Airborne Laser Scanner Data 

3.1.1. Derivation of Crown Height Model 

To generate a DTM and DSM, the ALS data were classified into two groups: ground returns 

and above-ground returns including understory. As the along-track distances were longer than those of 

across-track, the surface models may potentially have contained false strips in the flying direction, 

caused by the precipitous difference between neighboring cells when the interpolation is performed to 

generate the surface model [5]. Therefore, the above-ground returns were filtered with a 1 m × 1 m 

window to select only the highest points within the window before generating the DTM and CHM. 

Thereafter, the CHM was computed by subtracting the DTM from the DSM [5]. 

3.1.2. Crown Delineation 

To estimate individual tree parameters, individual trees initially have to be detected and their crown 

boundaries delineated. The watershed segmentation method was employed because it is a powerful 

partitioning tool for gray-scale images such as CHM [13]. In image processing, watershed segmentation 

is an algorithm based on the topology of the image by flooding process which is performed on the 

gradient image [27]. However, watershed segmentation methods tend to suffer from overestimation 

and underestimation due to the fluctuant height variation within their topography or hidden treetops of 

the lower trees under the crowns of the higher trees [5]. In this study, the extended maxima 

transformation of the image processing method was applied to decrease the incidence of spurious 

treetops caused by the CHM computed with unfiltered LiDAR returns, whereas Popescu et al. [28] and 

Chen et al. used the local-maxima filtering method and marker-controlled watershed segmentation for 

decreasing detection error [13]. The CHM was segmented for individual crown delineations using the 

watershed segmentation method after processing the extended maxima transformation. Details of the 

delineation of individual tree crowns are described in Kwak et al. [5].  

3.1.3. Estimation of Individual Tree Height and Crown Base Height 

To estimate TH and CBH, the process of segmentation was iterated until a one-to-one relationship 

was achieved between field measurement and detected individual trees. Thereafter, individual TH 

values were determined to be the highest value of the CHM within the segmented boundaries [29].  
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Moreover, the k-means algorithm was employed for determining and estimating CBH because it 

was the fastest consistently working method at the individual tree level for the classification of ALS 

data [16,29]. For determining the CBH, ALS data reflected within individual trees after segmentation 

were classified into three clusters (ground, understory and crown cluster) using k-means clustering [30], 

since Korean Pine stands included few bi-storied, applicable to the three above-mentioned clusters 

(Figure 3). The k-means statistics applied here is an algorithm used to classify or group attributes or 

features into k number of groups, and uses an iterative algorithm to minimize the sum of the distances 

(SOD, Equation (1)) from each object (n) to its cluster centroid (i), over all clusters [31]. 

  
k

i
kiki  nObjectCentroid SOD ......      (1) 

where Centroidi is the mean of the ith cluster of k clusters and object [n] is an observation for a given 

cluster, i. After determining the appropriate clustering level through k-means processing, the CBH was 

determined to be the lowest height within the crown cluster. 

Figure 3. Classification of ALS data according to individual trees segmented using the 

Kwak et al. method [5] (a), result of k-means clustering for ALS data reflected from 

individual tree spaces (b), and CGV generated from crown returns (c). 

 
(a)                                           (b)                                         (c) 

3.1.4. Estimation of Crown Area and Crown Geometric Volume  

The crown area (CA) was estimated easily from the boundaries delineated by the extended maxima 

transformation and watershed segmentation. The crown returns reflected above CBH were transformed 

to the CHM [32]. The CGV values derived from CHM were calculated using the “Surface Volume 

Calculation Module” of ArcInfo program [33] (Figure 3(c)). 

3.2. Extraction of Tree Parameters Using Terrestrial Laser Scanner Data 

3.2.1. Measurement of Tree Height and Crown Base Height 

The height of the individual trees was estimated by extracting the highest point data among the 

entire point data of the individual trees which were integrated with the four directional TLS dataset. 
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Once the point P(xi, yi, zi) was selected, the coordinates could be calculated in the TLS device 

coordinate system according to Equation (2) and Figure 4. 

)90cos(cos   dxi , )90sin(cos   dyi , sin dzi     (2) 

where xi , yi, zi are x, y, z coordinates (distances) of the ith point, d the distance from TLS to the ith point 

in three dimensional space, α the inclination angle to the ith point, and β the azimuth from TLS to the ith 

point. The distance (d), inclination (α) and azimuth angle (β) from TLS to the ith point were measured 

automatically in the TLS device system when laser pulses were transmitted and received.  

However, in the case of detecting CBH by TLS, the k-means clustering method could not be applied 

due to the identical point density. That's why the TLS point cloud was continuous from the crown to 

the stem below crown, so that TLS point was not clearly separated. Therefore, we extracted the CBH 

manually on the screen regarding the lowest point Pj (xj , yj, zj) among the entire crown returns as CBH. 

Figure 4. Estimation of tree height (TH) (Pi) and crown base height (CBH) (Pj) using the 

distance (d) and angles (α and β) between TLS and individual trees. 

 

3.2.2. Measurement of Crown Area and Crown Geometric Volume 

The measurement of CA and CGV using TLS was complicated because the TLS data were acquired 

densely through the side observation system, as shown in Figure 4. Therefore, the TLS data of 

individual trees were reselected as the maximum height by filtering with a moving voxel composed of 

1 cm × 1 cm × ∞ (Figure 5). Thereafter, the extracted TLS data were used to generate the CHMs, and 

then the CGV values of individual trees were computed using the ‘surface volume calculation module’ 

of ArcInfo 9.2 software as ALS-computed CGV. The CA values were measured with the projected 

areas of the CHMs of individual trees that were calculated as shown in Figure 5. 



Remote Sens. 2011, 3                           

 

 

2353

Figure 5. Manually detected individual trees using the TLS data (a), filtered TLS data with 

moving voxel (b), crown surface returns among the filtered TLS data (c), crown height 

model (CHM) generated from the crown surface returns (d), and projected shape of 

CHM (e).  

 

3.3. Regression Analysis and Accuracy Assessment  

We assumed that the point density of the TLS data is sufficient to describe an actual shape of the 

TH, CBH, DBH and crown of individual trees [20-22,24]. Therefore, the TLS-derived TH, CBH, CA 

and CGV were used for ground reference data to perform simple regression analysis with ALS 

estimates. Prior to regression analysis between TLS and ALS estimates, one-to-one individual tree 

relationship was established by overlaying each individual tree tops derived from each LiDAR systems 

through matching the GPS coordinate of TLS with ALS coordinate systems. The dislocated individual 

trees from ALS were compulsively matched with the closest individual trees derived from TLS. 

  ALSTLS ParameterParameter      (3) 

where, ParameterTLS and ParameterALS are TLS- and ALS-extracted TH, CBH, CA and CGV, 

respectively. 

To assess the accuracy of the developed regression function, 15 Korean Pines were subjected to 

TLS measurements. The parameters estimated by the regressed functions were statistically compared 

with the TLS measurement data using the coefficient of determination (R2) and root mean square error 

(RMSE). Finally, the developed regression functions were used to correct the ALS-estimated 

parameters. Thereafter, the error rate was used to determine the extent to which the ALS-caused errors 

would be improved by the application of the regression models (Equation (4)).  
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OBS

PREOBS

Parameter

ParameterParameter
Error


       (4) 

where, ParameterOBS and ParameterPRE are TH, CBH, CA and CGV observed and predicted by TLS 

and ALS respectively.  

4. Results and Discussions 

4.1. Tree Height 

In the regression analysis results with ALS- and TLS-derived TH, R2 and RMSE were 0.9361 and 

0.6016, respectively, and the coefficients αTH and βTH were estimated to be 0.8729 and 2.2995, 

respectively (Table. 2). 

Table 2. Results of regression analysis on ALS- and TLS-derived TH, CBH, CA and CGV. 

Parameters Coefficient Estimate 
Standard 

Error 
T statistics P value R2 RMSE 

TH 
αTH 0.8729 0.0632 13.9000 <0.0001

0.9361 0.6016 (m) 
βTH 2.2995 1.0633 2.1600 0.0498 

CBH 
αCBH 1.1115 0.1795 6.1900 <0.0001

0.7468 1.8742 (m) 
βCBH −0.7137 1.6226 −0.4400 0.6673 

CA 
αCA 0.9471 0.1752 5.4100 <0.0001

0.6923 6.8435 (m2) 
βCA 6.4687 4.8759 1.3300 0.2074 

CGV 

αCGV 72.6232 17.2458 4.2111 0.0010 

0.5770 31.7109 (m3) 
βCGV 

−196.775

9 
83.5614 −2.3549 0.0349 

The ALS- and TLS-derived mean TH values were estimated to be 16.6 m and 16.8 m, respectively. 

The underestimation of ALS was attributed to the possibly low probability of the laser pulses emitted 

from ALS being reflected on real tree tops [5,17]. In general, it is more difficult for laser pulses to be 

reflected on precise tree tops due to the conical crown shape of coniferous trees [34]. However, we 

assumed that TLS-measured THs could be used for reference data, because few TLS-derived 

measurements were lower than those of ALS (Figure 6(a)) and TLS could measure the object with 

2 mm [26]. 

The R2 and RMSE values used to verify the results were assessed to be 0.9348 and 0.0184 m, 

respectively (Figure 6(b)). The mean of the observed and predicted TH was estimated at 16.1 m. This 

result differed from that of the TH used in the regression analysis because the prediction estimated 

through ALS-derived TH could approach the TH-derived TLS. From this tendency, the error rate 

change was calculated to be −0.0089 by subtracting the uncorrected (0.0270) from the corrected 

(0.0181) error rate (Figure 6(c)).  
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Figure 6. Reduction of TH-estimate errors through the regression model. 

  
(a) Regression analysis                                                (b) Verification 

  
(c) Decrement of errors 

4.2. Crown Base Height 

The k-means clustering was used to classify the LiDAR returns into three clusters: ground, 

understory and crown cluster. Thereafter, the ALS-extracted CBH could be estimated at the lowest 

height of a crown cluster. On the other hand, the TLS measurement was performed manually on the 

screen like the TLS-derived TH. Linear regression analysis was conducted to determine the 

relationship between the ALS- and TLS-derived CBH values. The R2 and RMSE values were 

calculated to assess the accuracy of the regression analysis (Table. 1).  

In this study, the ALS- and TLS-derived mean CBH values of individual trees were analyzed to be 

8.8 m and 8.6 m, respectively. However, the ALS-derived CBH generally tended to be higher than the 

actual CBH. That was attributed to the inability to detect the real CBH under the overlapping crown 
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edges between neighboring trees [30,35,36]. Likewise, most of the ALS-estimated CBH values were 

higher than those of TLS in this study.  

The accuracy of the regression function was evaluated by R2 and RMSE values of 0.8273 and 

0.4929 m, respectively (Figure 7(b)). However, the error rate did not show any decrement by the 

regressed function (Figure 7(c)) due to the insufficiency of unbiased data for the verification. 

Furthermore, the measurement error in the field was also strongly attributable to the overlapping trees. 

Figure 7. Reduction of CBH-estimate errors through the regression model. 

  
(a) Regression analysis                                              (b) Verification 

  
(c) Decrement of errors 

4.3. Crown Area 

The R2 and RMSE values obtained through regression analysis were 0.6923 and 6.8435 m2, 

respectively, and the coefficients αCBH and βCBH were estimated to be 0.9471 and 6.4687, respectively.  
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The ALS- and TLS-derived mean CA values were 25.9 m2 and 31.0 m2, respectively. The  

TLS-derived CA values were mostly larger than those of ALS because TLS could acquire extremely 

dense laser returns from four sides of individual trees. Therefore, TLS-emitted laser pulses can 

describe the entire crown shape, including an actual CBH, which is the real boundary of the individual 

tree crown. On the other hand, ALS records the reflected pulses vertically with a low point density 

from the crowns of individual trees to the ground. Therefore, ALS pulses are reflected on the upper 

crown part, but rarely around CBH (Figure 8(c)).  

Figure 8. Reduction of CA-estimate errors through the regression model. 

  
(a) Regression analysis                                                (b) Verification 

  
(c) Decrement of errors 

The R2 and RMSE values for the verification were 0.6432 and 2.3216 m2, respectively, and the 

error rate was decreased from 0.2407 before applying the regression model to 0.1680 afterwards, i.e., a 

difference of −0.0727 between the uncorrected and corrected estimations. 
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4.4. Crown Geometric Volume 

The ALS-derived CGV values were estimated from the CHMs of the individual trees segmented. 

The TLS-derived CGV values were computed from the CHMs generated with only crown surface 

returns filtered with a moving voxel. The ALS- and TLS-derived CGV values were used for the 

regression analysis. In the results, R2 and RMSE were evaluated to be relatively low at 0.5770 and 

31.7109 m3, respectively, when compared with TH, CBH and CA (Table. 1). The mean ALS- and  

TLS-derived CGV values were estimated to be 139.0 m3 and 153.4 m3, respectively. The difference of 

the mean CGV values was also attributed to the uncertainty due to the overlapping effect and the 

underestimation of the ALS-derived TH.  

Figure 9. Reduction of CGV-estimate errors through the regression model. 

  
(a) Regression analysis                                                 (b) Verification 

  
(c) Decrement of errors 
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In particular, the regression model for CGV showed a natural logarithm form (Figure 9(a)), which 

revealed the limitation of ALS estimation for CA and CGV. Specifically, in the current status of forest 

stand surveyed for this study, the increment of the actual CA accompanied greater overlapping of CA 

between neighboring trees. However, the ALS-estimated CA could not increase continuously because 

the ALS-derived CA may have been seriously underestimated due to the over-segmentation caused by 

the extreme crown overlapping. 

The R2 and RMSE values and the uncorrected and corrected error rates for the verification of the 

regression model were 0.5950, 13.2087 m3, 0.2671 and 0.1796, respectively (Figure 9(b)). Their 

variation after the application of the regression model also demonstrated the reduced effectiveness in 

the parameters such as TH, CBH and CA.  

4.5. Overall Analysis 

The study results were analyzed in the comparison of various statistics with improving the 

accuracies in TH, CA and CGV measurements. When performing this study, some limitations arose in 

estimating the parameters with ALS and TLS. The first limitation was the difficulty in estimating the 

actual ALS-derived CBH due to the blockage of the lowest branches when higher branches were 

longer than that within an individual tree, as shown in Figure 10. Popescu (2008) and Chasmer (2006) 

have already noted that laser pulses delineating crowns from above and lower branches have a low 

probability of reflecting on actual crown boundaries due to obstruction by higher branches [37,38]. 

These effects can lead to the overestimation of CBH and the underestimation of CA and CGV 

(Figure 10).  

Figure 10. Misinterpretation in measuring CBH due to obstruction by higher branches 

when ALS data are used. 
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The second limitation was the overlapping effect between the objective tree and its neighbors, 

which may have led to the underestimation of the crown diameter and area by partitioning individual 

trees along the valley between the crowns. In particular, the ALS-derived CBH might have been 

underestimated due to the overlapping between neighboring trees in a dense forest stand. Moreover, 

such overlapping causes a major problem in underestimating CA and CGV, leading to ambiguity in 

their accuracies. As shown in Figure 11, when occupied areas are supposed to be equal, a low tree 

density could lead to small overlapping frequency and area. However, the overlapping errors 

accumulate with increasing number of trees. These increasing errors can cause other errors when 

estimating forest growth parameters, such as TH, CBH, CA and CGV. The relatively overlapped area 

of a crown edge increases according to the tree density due to the reduction in crown width with 

decreasing growing space. ALS-derived forest growth factors are easily underestimated when 

compared to field measurements. Therefore, overlapping-removal models according to the tree density 

must be considered in future studies.  

Figure 11. Relationship between overlapping effect level and low (a), medium (b), and 

high (c) tree density. 

 
                            (a) Low          (b) Medium            (c) High 

In spite of same dataset, the error rate of CBH showed the increment whereas those of other 

parameters were improved. The reason can be explained with the independent estimation of  

TLS-derived CBHs. CBHs of individual trees are distributed between about 5~7 m in Figure 7 while 

their TLS-derived TH, CA and CGV have various estimates in Figures 6, 8 and 9. This is attributed to 

the fact that TLS-derived THs, CAs and CGVs can be estimated variously even if the trees have 

similar CBHs. Namely, TLS-derived CBHs are estimated independently from TLS-derived CHMs. 

Moreover, TLS-derived TH, CA and CGV were not estimated through the regression model which has 

CBH of independent variable. Therefore, CBHs do not influence to the estimation of TLS-extracted 

THs, CAs and CGVs, and the error rate of their parameters cannot follow the tendency of CBHs in this 

study. In particular, the error rates of CBHs were improved little when compared with those of other 

parameters. That is why the measurement of CBHs by ALS is more affected by the overlapping than 

that of THs, CAs and CGVs. Therefore, similar TLS-derived observations have various predictions as 

shown in Figure 7. 
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6. Conclusions 

In this study, we estimated several tree parameters and developed regression models for improving 

the accuracy of estimating parameters using ALS and TLS. In the results, the estimated ALS-derived 

TH value was lower than that of TLS because of a few cases of reflection on tree tops in the case of 

ALS. The estimated ALS-derived CBH value was higher than that of TLS due to the almost complete 

interception in the upper part of the trees, except for a few trees. The ALS-derived CA and CGV 

values were underestimated when compared with those of TLS because of the overlapping effect 

induced by neighboring trees in the aircraft-acquired data. After the extraction of the tree parameters, 

we developed regression functions by assuming the TLS-derived parameters to be the ground reference 

data. The equations were relatively meaningful as assessed by various statistics. Therefore, with the 

approximations being validated as close to the real values, each coefficient extracted from the 

regression models was used to correct the ALS-estimated values. We evaluated the model accuracy 

to determine the effectiveness of the improving error rate. In the accuracy assessment results, all 

the tree parameters except CBH showed an improvement in error rate through the regression model. 

The error rate of CBH was not decreased by the regressed function due to insufficient unbiased 

data for verification. Most importantly, however, most of the estimated tree parameters were 

significantly improved. 

The ALS- and TLS-derived estimations of the tree parameters suffered from the following two 

limitations. Firstly, the overlapping between an objective tree and its neighbors may have influenced 

the estimation of tree parameters using ALS. Moreover, laser pulses have a low probability of 

reflecting on actual crown boundaries due to obstruction by higher branches. Secondly, the point 

density of the LiDAR data influences the accuracy of the estimated forest growth factors when the 

points are distributed systematically, or the point density is insufficient to describe individual tree 

crown shapes. If such error-causing problems can be corrected, more accurate results will be obtained 

in the extraction of forest growth factors using ALS and TLS data. 
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