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Highlights 11 

 A novel marker-free multi-scan TLS registration method is proposed. 12 

 It uses the occlusion effect of tree trunks in TLS scans as the key features. 13 

 It does not require processing steps to extract individual tree attributes. 14 

 The proposed method is tested in plots with different vegetation conditions. 15 

 Its registration accuracy is equivalent to the manual registration method. 16 
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A marker-free method for registering multi-scan terrestrial laser 17 

scanning data in forest environments 18 

Abstract 19 

Terrestrial laser scanning (TLS) has been recognized as an accurate means for non-destructively 20 

deriving three-dimensional (3D) forest structural attributes. These attributes include but are not 21 

limited to tree height, diameter at breast height, and leaf area density. As such, TLS has become 22 

an increasingly important technique in forest inventory practices and forest ecosystem studies. 23 

Multiple TLS scans collected at different locations are often involved for a comprehensive 24 

characterization of 3D canopy structure of a forest stand. Among which, multi-scan registration 25 

is a critical prerequisite. Currently, multi-scan TLS registration in forests is mainly based on a 26 

very time-consuming and tedious process of setting up hand-crafted registration targets in the 27 

field and manually identifying the common targets between scans from the collected data. In this 28 

study, a novel marker-free method that automatically registers multi-scan TLS data is presented. 29 

The main principle underlying our method is to identify shaded areas from the raw point cloud of 30 

a single TLS scan and to use them as the key features to register multi-scan TLS data. The 31 

proposed method is tested with 17 pairs of TLS scans collected in six plots across China with 32 

various vegetation characteristics (e.g., vegetation type, height, understory complexity). Our 33 

results showed that the proposed method successfully registered all 17 pairs of TLS scans with 34 

equivalent accuracy to the manual registration approach. Moreover, the proposed method 35 

eliminates the process of setting up registration targets in the field, manually identifying 36 
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registration targets from the TLS data, and processing the raw TLS data to extract individual tree 37 

attributes, which brings it the advantages of high efficiency and robustness. It is anticipated that 38 

the proposed algorithms can save time and cost of collecting TLS data in forests, and therefore 39 

improves the efficiency of TLS forestry applications. 40 

Keywords: Terrestrial laser scanning; registration; marker-free; forest 41 

 42 

1. Introduction 43 

Terrestrial laser scanning (TLS) technique has been recognized as an important and accurate 44 

method for forest inventory and ecosystem studies (Dassot et al., 2011; Bauwens et al., 2016; 45 

Liang et al., 2016). Through emitting dense laser pulses, it can be used to acquire 46 

three-dimensional information of standing trees in millimeter-level accuracy (Cabo et al., 2018), 47 

and therefore retrieve traditional forest structural parameters (e.g. tree height, diameter at breast 48 

height/DBH, canopy cover, leaf area index) and beyond (e.g., leaf area density, branching 49 

architecture) (Olsoy et al., 2016; Li et al., 2017; Zhu et al., 2017). Due to the occlusion effect (by 50 

tree stems, branches, and leaves), the “stop-and-go” mode is commonly used to scan a forest 51 

stand so that a complete TLS point cloud can be obtained from multiple scans (Lin et al., 2012; 52 

Panagiotidis et al., 2016). As a consequence, multi-scan TLS data registration has become a 53 

critical pre-requisite for TLS forestry applications (Hilker et al., 2012). 54 

Exterior features (e.g., navigation information from Global Navigation Satellite 55 

System/GNSS and inertial measurement unit/IMU, geometric information from the environment) 56 
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are usually needed to register point clouds collected from different scanning locations. Due to the 57 

fact that the GNSS signal can be easily blocked or influenced by multipath effect under forest 58 

canopy (Sigrist et al., 1999), using navigation information from GNSS and IMU to directly 59 

register multi-scan TLS data is not accurate. Recent developments in the simultaneous 60 

localization and mapping algorithm bring new opportunities in automatically registering TLS 61 

point clouds from navigation information, however its accuracy is much lower than single-scan 62 

TLS data (Lin et al., 2014). Moreover, the complexity and irregularity of forest environments 63 

may give rise to the absence of repeatable and unambiguous features in TLS data, which are 64 

required by registration methods based on geometric features (Theiler et al., 2015; Guan et al., 65 

2019). To solve this issue, one of the most commonly used methods is to manually set up hand- 66 

crafted registering targets in the scanning environment and register TLS scans by manually 67 

identifying and matching these targets from TLS point clouds. Although the manual registration 68 

approach can achieve high registration accuracy (Hilker et al., 2012; Liang et al., 2018), it is very 69 

time-consuming to set up registration targets in the field, and manually identifying and matching 70 

registration targets from TLS point clouds could be difficult in forests due to the occlusion of 71 

branches and leaves (Wang et al., 2008; Basantes et al., 2019). A major bottleneck for the 72 

application of TLS in large-scale forest managements and studies is how to automatically register 73 

multi-scan TLS data with high accuracy. 74 

Recently, numerous efforts have been put forth in developing marker-free methods to 75 

register multi-scan TLS data in forest environments. These methods typically used individual 76 
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tree attributes (e.g., tree location, tree height, DBH) as the required exterior features for 77 

registration. For example, Henning and Radtke (2008) identified tree stem centers as tie points 78 

and used them in an ICP registration procedure; Liu et al. (2017) reconstructed stem curves from 79 

each TLS scan and then matched tree stems between scans at the feature level to achieve the goal 80 

of registering multi-scan TLS data; Kelbe et al. (2016) and Tremblay and Béland (2018) used 81 

tree locations and DBHs derived from tree stem maps as the features to perform multi-scan TLS 82 

registration. Moreover, certain multi-platform point cloud registration methods also showed great 83 

potential in registering multi-scan TLS data. For example, Guan et al. (2019) proposed an 84 

automatic multi-platform point cloud data registration framework based on tree locations, which 85 

has shown the success in registering multi-scan TLS data in coniferous forests; Polewski et al. 86 

(2019) proposed a method to register multi-platform point cloud data in forested areas through 87 

constructing a similarity distance measure of tree stems. However, promising the 88 

abovementioned marker-free methods are, they all require specific individual tree attributes (e.g., 89 

tree location, tree height, DBH, stem maps) obtained through a series of post-processing steps 90 

(e.g., ground point filtering, normalization, individual tree segmentation). The post-processing 91 

steps of raw TLS data can be very time consuming, involving very tedious manual editing and 92 

correction in complex forest environments, to obtain accurate enough tree attributes (Brolly and 93 

Király, 2009; Trochta et al., 2013; Heinzel and Huber, 2017). 94 

This study presents a marker-free algorithm for accurately registering multi-scan TLS data in 95 

forested areas without the need of processing raw TLS data to extract individual tree attributes. 96 
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The main principle of the proposed algorithm is to identify and use shaded areas in TLS point 97 

clouds as the key feature to match adjacent TLS scans. The developed algorithm was tested in six 98 

study plots with different vegetation types (i.e., planted coniferous forest, natural mixed conifer 99 

and broadleaf forest, and rainforest) across China. We believe the proposed algorithm can greatly 100 

improve the TLS data registration efficiency since it is an automatic method purely based on raw 101 

TLS data, and has great potential to be used in large-scale TLS data collection for forest 102 

managements and studies. 103 

 104 

2. Data and Methodology 105 

2.1 Study area 106 

Six study plots were selected across China, including one planted temperate coniferous forest 107 

plot (plot 1), three temperate mixed conifer and broadleaf forest plots (plots 2-4) and two 108 

rainforest plots (plots 5 and 6) (Figure 1a). Plot 1 is located in Mulan Paddock (Hebei Province) 109 

with an area of 45 m × 45 m (Figure 1c), and the dominant tree species are Pinus tabuliformis 110 

Carrière and Pinus sylvestris var. mongolica Litv with few understory shrubs (Table 1 and Figure 111 

1b). Trees here are planted regularly with similar age and height. The average tree height is 17 m, 112 

the canopy cover is 71%, and the tree density is 1056 trees/ha (Table 1). Plots 2-4 are located in 113 

Yichun (Heilongjiang Province), Dongling Mountain (Beijing) and Changbai Mountain (Jilin 114 

Province) with an area ranging from 30 m × 30 m to 35 m × 35 m (Figure 1c). Trees in these 115 

three plots are mixed with conifers (e.g., Pinus koraiensis and Pinus tabuliformis Carrière) and 116 
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broadleaves (e.g., Quercus mongolica, Populus ussuriensis, and Betula platyphylla) (Table 1). 117 

The average tree height of plots 2-4 is 19 m, 13 m, and 18 m, and the canopy cover is 92%, 93% 118 

and 84% (Table 1), respectively. The tree density increases from plot 1 to plot 3, and the 119 

understory shrubs become more complex than plot 1 (Figure 1b). Plots 5 and 6 are rainforest 120 

located in Jianfengling (Hainan Province) with an area of 30 m × 30 m (Figure 1c). The 121 

dominant tree species are Microcos paniculata and Terminalia nigrovemulosa, the average tree 122 

height is around 16 m, and the average canopy cover is around 90% (Table 1). The tree density in 123 

these two plots is the highest among all plots (>2000 trees/ha), and the undercanoy vegetation is 124 

dominated by lianas (Figure 1b). 125 

Table 1 Tree attribute summary of the six study plots. 126 

ID Forest type 
Dominant tree 

species 

Tree height 

(m) 

Canopy cover 

(%) 

Tree density 

(trees/ha) 

1 Planted temperate coniferous 

forest 

Pt, Ps 17 71 1056 

2 Temperate mixed conifer and 

broadleaf forests 

Pk, B. 19 92 912 

3 Temperate mixed conifer and 

broadleaf forests 

Pt, Q. 13 93 1009 

4 Temperate mixed conifer and 

broadleaf forests 

Pk, Pu 18 84 1023 

5 Rainforest M., T. 16 89 2365 

6 Rainforest M., T. 17 91 2147 

Note that Pt represents Pinus tabuliformis Carrière; Ps represents Pinus sylvestris var. mongolica Litv; Pk 

represents Pinus koraiensis; B represents the Betula platyphylla; Q. represents Quercus mongolica; Pu 

represents the Populus ussuriensis; M. represents Microcos paniculata; and T. represents Terminalia 

nigrovemulosa. 

 127 
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 128 

Figure 1 (a) The location of the six selected study plots; (b) photo examples of each study plot; 129 

(c) illustration of the TLS scan setup in each study plot. 130 

 131 

2.2 TLS data collection 132 

A RIEGL VZ-400 scanner mounted on a tripod was used to collect TLS data within each plot. It 133 

is a high-precision TLS scanner with a specified ranging accuracy of ±5 mm. Its maximum 134 

measurement range is from 350 m (high-speed mode) to 600 m (long-range mode), and its 135 

minimum measurement range is 1.5 m. The RIEGL VZ-400 scanner can provide a maximum 136 

field of view of 360° horizontally and 100° vertically (from -40° to 60°). Within each plot, at 137 
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least three TLS scans were collected using the setup shown in Figure 1c. The average distance 138 

between scan centers was 9.9 m, and the maximum distance was 21.6 m. At least five 139 

high-reflectance referencing targets were installed in each plot for manual registration. All scans 140 

were set up horizontally (i.e., perpendicular to the ground), with the exception of scan 4 in plot 2 141 

and scan 2 in plot 4. These two scans were set up with a tilting angle of 30° approximately to get 142 

complete vertical information of forest canopy, which is a commonly used TLS scanning strategy 143 

in forests with dense and tall canopies (Wilkes et al., 2017; Roşca et al., 2018). 144 

 145 

2.3 Overview of the proposed marker-free TLS registration method 146 

The main principle of the proposed marker-free TLS registration is to use shaded areas from tree 147 

trunks, branches and leaves as the key feature to register multi-scan TLS data. As shown in 148 

Figure 2, laser pulses cannot penetrate tree trunks and would leave a shaded area behind it. The 149 

starting point of a shaded area (in the ray direction from the scan center) can be treated as a 150 

potential tree location. Adjacent TLS scans should share common trees in overlapped areas, and 151 

the identified tree locations through shaded areas could be used as the features to register 152 

multi-scan TLS data (Figure 2b). Therefore, the proposed marker-free TLS registration method 153 

hinges upon the successful extraction of the starting points of shaded areas from each TLS scan, 154 

which is defined as visual occlusion points hereafter. 155 



 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 

 156 

Figure 2 Schematic diagram of the proposed marker-free registration method. (a) represents the 157 

occlusion effect of tree trunks in a single TLS scan and (b) indicates the spatial relationship 158 

between the visual occlusion points from two neighboring TLS scans. 159 

The workflow of the proposed algorithm can be divided into three steps, which are data 160 

redundancy reduction, coarse registration and fine registration (Figure 3). The data redundancy 161 

reduction step aims to increase the registration speed by reducing unnecessary data. The coarse 162 

registration is the key step of the proposed algorithm, which can be further divided into vertical 163 

coarse registration, visual occlusion point extraction and horizontal coarse registration (Figure 3). 164 

Vertical coarse registration aims to translate a TLS target scan in the Z direction so that it can be 165 
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coarsely matched with the corresponding TLS source scan vertically. Visual occlusion point 166 

extraction uses a segmentation strategy based on an angular grid generated from a TLS scan. 167 

Finally, the horizontal coarse registration aims to find the shared visual occlusion points through 168 

an enumeration procedure and calculate the horizontal rotation and translation matrices. After the 169 

coarse registration step, the fine registration step uses the ICP the algorithm to further improve 170 

the registration accuracy and generate the registered point cloud. Detailed information of each 171 

step is presented in the following sections. 172 

 173 

Figure 3 Workflow of the proposed algorithm for registering multi-scan TLS data in forests. 174 
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2.4 Data redundancy reduction 175 

TLS scanners typically have a long-range detection capability of more than hundreds of meters, 176 

and the point density usually decreases significantly with the increase of the distance to the 177 

scanner (Figure 2a). Points far away from the scanner are less useful for the registration than 178 

points close to the scanner due to the limited overlaps between the source and target TLS scans. 179 

However, if we include all points in the registration process, it can significantly slow down the 180 

registration speed. Therefore, the proposed algorithm first excludes points that are far away from 181 

the scanner through the use of a defined horizontal distance threshold Dc. For a laser point i, its 182 

horizontal distance to the scanner center D can be calculated as, 183 

                      (1) 184 

where         is the horizontal coordinates of the laser point i in its local coordinate system, 185 

which is referred to as the Scanner’s Own Coordinate System (SOCS) hereafter, and         is 186 

the horizontal coordinates of the laser scanner in SOCS. If D is larger than the predefined 187 

threshold Dc, the corresponding point should be excluded. The following coarse registration step 188 

is based on the reduced TLS data. 189 

 190 

2.5 Coarse registration 191 

2.5.1 Vertical coarse registration 192 

Previous studies have proven that the ICP algorithm is a robust method to align two point cloud 193 

data into a similar height (Henning and Radtke, 2006; Travelletti et al., 2013), which usually 194 
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requires accurate ground points as inputs. However, extracting accurate ground points from raw 195 

TLS data needs the assistance of complex ground point filtering algorithms, which is a 196 

time-consuming step (Pirotti et al., 2013; Che and Olsen, 2017). The incomplete point cloud 197 

from a single TLS scan may bring problematic filtering results since filtering algorithms are 198 

highly influenced by the point density (Zhao et al., 2018). To accelerate and simplify this process, 199 

the proposed method uses a voxel-based procedure to identify ground points (Figure 4). Input 200 

TLS data is first voxelized and then the corresponding voxel index (        ) of a point (x, y, z) 201 

is calculated using the following equation, 202 

 

 
 

        
      

          
 

       
      

          
 

       
      

          
 

  (2) 203 

where int represents the operation of rounding a number to its nearest integer;     ,     , and 204 

     are the minimum x, y, and z coordinates of all points in the TLS data. TLS points with the 205 

minimum    in each combination of    and    are labeled as ground points, while others are 206 

labeled as vegetation points. After the ground point extraction, the identified ground points from 207 

the source and target TLS data are then used to run the ICP algorithm for calculating the vertical 208 

transformation matrix for vertical coarse registration. Note that the identified ground points here 209 

may include noise points of low vegetation. Nevertheless, they should not have a significant 210 

influence on the vertical coarse registration results since the ICP-based vertical matching 211 

procedure is insensitive to low-vegetation noise points (Henning and Radtke, 2006; Travelletti et 212 

al., 2013). 213 
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 214 

Figure 4 An illustration of the voxelization and the vertical layer slicing.         represents the 215 

height of the scan center, ∆h represents the increased height from the scan center, and ∆Z 216 

represents the thickness of the sliced vertical layer. 217 

2.5.2 Visual occlusion point extraction 218 

Visual occlusion points are the key features of the proposed algorithm to register multi-scan TLS 219 

data. First, a vertical layer slicing procedure is used to extract potential tree trunk points since 220 

shaded areas are more easily observed in layers that include tree trunks. It should be noted that 221 

ground points identified from the previous step should be excluded in the visual occlusion point 222 

extraction step because they have very few contributions to detect shaded areas. The principle for 223 

determining the height of a sliced vertical layer is that it should contain as many tree trunk points 224 

as possible. The sliced vertical layer can be set at the height of the scanner (Figure 4) given that 225 

the TLS scanner is usually installed with the best visibility. Terrain effects should be considered 226 

during the slicing step by slicing multiple vertical layers (Figure 4) if the study area includes 227 

elevational changes. Visual examination can be used to determine how many layers should be 228 
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sliced. The above slicing procedure can be described mathematically as, 229 

                (3) 230 

                       (4) 231 

where Z represents the height of a point within the sliced vertical layer,         represents the 232 

height of the scan center,    represents the increased height from the scan center, which could 233 

be zero in areas with flat terrain, and    represents the thickness of the sliced vertical layer. In 234 

order to eliminate the influence of a tilted scanner, it is recommended to use a horizontally 235 

placed scan as the source scan or applying a Z-axis adjustment to make the Z-axis be 236 

perpendicular to the ground (Polewski et al., 2019). 237 

After the vertical layer slicing procedure, a user-defined radius threshold    (  <  ) is 238 

used to further restrict the extent of the sliced layer(s) for extracting visual occlusion points. 239 

Within the extent of   , an angular grid is created with an angular resolution of    and a 240 

distance resolution of    (Figure 5a), which can be described as follows, 241 

  
      

 

  
 

      
 

  
 
  (5) 242 

where       is the index of a pixel within the angular grid; A refers to the azimuth angle 243 

between a TLS point and the scan center, and   refers to the horizontal distance from a TLS 244 

point to the scan center. 245 

Each outermost pixel with vegetation points in every angular direction is a potential starting 246 

point of a shaded area and therefore is selected for further processing (Figure 5b). The connected 247 
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component labeling (CCL) method is employed to further remove noise points (e.g., branch and 248 

leaf points). CCL is an algorithm based on graph theory that can label subsets of connected 249 

components based on a given heuristic (Miliaresis and Kokkas, 2007). Since tree trunks usually 250 

have a much higher point density than leaves, trunk points in remaining outermost pixels would 251 

likely be labeled as a connected component, while branch and leaf points would be labeled as 252 

separated components. The CCL algorithm in the CloudCompare software is integrated into the 253 

registration algorithm. It uses an octree structure to organize point cloud, which can greatly 254 

improve the computation efficiency. All points identified as connected components are kept for 255 

the detection of visual occlusion points, while others are excluded. 256 

For the points of each identified connected component, the mean shift method is used to 257 

identify the center of a tree trunk. Trunk points of the same tree may have an offset from adjacent 258 

TLS scans due to the difference in TLS viewing angles, causing an error in registration results. 259 

To solve this issue, the location with the maximum local point density is assumed to be the center 260 

of a tree trunk. The mean shift method is a nonparametric segmentation method based on the 261 

assumption that the input set of points are sampled from the underlying probability distribution 262 

(Comaniciu and Meer, 2002) and it is an ideal approach for finding tree trunk centers because it 263 

iteratively moves the input data points to the densest point area until the center of mass 264 

converged (Ferraz et al., 2012; Hu et al., 2017). The mean shifted method is accelerated by only 265 

using the TLS points in a voxel with the most TLS points of a given component. As a result, the 266 

identified mass centers found by the mean shift algorithm are used as potential visual occlusion 267 
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points. 268 

The obtained potential visual occlusion points may still contain errors because dense 269 

branches or leaves might be misidentified as connected components by the CCL algorithm. A 270 

visibility examination step is further developed to improve the visual occlusion point 271 

identification accuracy. A rectangular buffer is created with the long side parallel to the radial 272 

direction from the scan center, and the starting point of the buffer has a distance of    behind 273 

the corresponding visual occlusion point along the radial direction (Figure 5c). The width (short 274 

side) of the rectangular buffer is the same as the distance resolution of the angular grid   , and 275 

the long side of the buffer should be within   . If there were any TLS points within the 276 

rectangular buffer, the corresponding visual occlusion point is treated as a false detection and 277 

excluded from the horizontal coarse registration step. 278 

Additionally, if the TLS scan was partitioned by multiple vertical layers (Figure 4), the 279 

visual occlusion points obtained at each vertical layer should be combined. If one or more visual 280 

occlusion points were found in each vertical layer with the same horizontal voxel index (  ,   ), 281 

only points at the bottom most layer are retained. 282 
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 283 

Figure 5 (a) A schematic illustration for creating the angular grid of a TLS scan. The outermost 284 

angular grid with vegetation point(s) is marked with gray color and red boxes represent noise 285 

points (e.g., branch and leaf points). (b) The remained vegetation point(s) after the procedure of 286 

labeling connected components. (c) The creation of a buffer to determine whether a cluster center 287 

is a visual occlusion point. 288 

2.5.3 Horizontal coarse registration 289 

Using the above procedures, two sets of visual occlusion points can be extracted for the source 290 

TLS data and target TLS data, respectively. Using mathematical expressions, the visual occlusion 291 
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points for the source and target TLS data can be written as                    and 292 

                  , where m and n are the numbers of visual occlusion points in    and   . 293 

To ascertain the horizontal relationship between    and   , an enumeration process is used to 294 

match    and    by iteratively rotating and translating   , where the matching pair with the 295 

minimum overlapped distance is regarded as the solution for the horizontal coarse registration 296 

between    and    (Figure 6). 297 

In order to solve the minimum overlapped distance between    and   , a visual occlusion 298 

point         in    is first matched with the first point     in    (Figure 6a), and    is 299 

translated to a new coordinate system   
  based on the horizontal distance between         and 300 

    (Figure 6b). Then,   
  is rotated counterclockwise iteratively with point        

  as the 301 

rotation center, and the coordinate system is transformed to   
  correspondingly (Figure 6c). The 302 

rotating angular interval is set as the same as the angular resolution of the angular grid   . The 303 

horizontal distance from each point in   
  to its closest point in   ,     , is calculated for each 304 

rotation, and the overlapped distance of each rotation,         , is calculated as, 305 

                        
 
    (6) 306 

where    is a pre-defined match distance threshold. Although the mean shift method is used to 307 

identify the center of tree trunks to reduce the influence of mismatches from different viewing 308 

angles, there still could be an offset existed in a visual occlusion point pair. If      is smaller 309 

than   , it is used for calculating         ; otherwise,    should be used to replace      to 310 

calculate         . The above translation and rotation processes are iterated by matching with 311 
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every point in   , and all          values are calculated. The rotation and translation matrices 312 

with the smallest          are used as the optimum solution for matching source and target TLS 313 

scans, which can be described as follows, 314 

                                                                        (7) 315 

where             is the horizontal coordinates of points in the target TLS scan, arg 316 

min           is the argument of the minimum         , R and T are the rotation and 317 

translation matrices from the solution with the minimum value of         , and 318 

                 is the transformed horizontal coordinates of points in the target TLS scan. The 319 

whole enumeration process can be described by the pseudo-code shown in Figure 7. 320 

 321 
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Figure 6 (a) An illustration of the unordered visual occlusion points of the source scan (  ) and 322 

target scan (  ). The black dashed squares indicate a random point pair and the black dashed 323 

arrow indicates the translation based on the point pair. (b) An illustration of    and    after 324 

being horizontally translated. The curved arrow indicates the rotation direction. (c) An 325 

illustration of    and    after being horizontally rotated. (d) An illustration of the matched    326 

and    solution with the minimum overlap distance. 327 

 328 

Figure 7 Pseudo-code for the enumeration process of finding the optimal transformation solution 329 

with the minimum overlapped distance for horizontal coarse registration. 330 
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 331 

2.6 Fine registration 332 

The vertical and horizontal coarse registration provides initial estimates for the rotation and 333 

translations matrices for registering the source and target TLS scans. A fine registration step is 334 

needed to further improve the registration accuracy. The ICP algorithm is used here to minimize 335 

the cumulative distance between the source and target TLS data. Complete source and target TLS 336 

data are used as the inputs of the ICP algorithm. The ICP algorithm from the RIEGL RiScan Pro 337 

software was used to run the fine registration process in this study so that the registration results 338 

could be compared with manual registration results. Other open-source ICP modules (e.g., the 339 

ICP tool in CloudCompare software) can also be used for this step. 340 

 341 

2.7 Experiment design and accuracy assessment 342 

The developed marker-free multi-scan TLS registration algorithm was implemented with the 343 

C++ programming language in this study and was tested using the TLS scans collected from the 344 

six study plots (Figure 1). TLS scans in each plot were registered to the center scan (scan 1) to 345 

minimize error propagation, except the scan 4 in plot 2 and 6. The scan 4 in plot 2 was a tilted 346 

scan, which was registered to its corresponding horizontal scan (scan 3) to evaluate the 347 

performance of the proposed algorithm on registering tilted and horizontal scans. The scan 4 in 348 

plot 6 was registered to scan 3 because the distance between scan 4 and scan 1 was too large, and 349 

there were insufficient overlapped areas between them to ensure the success of registration 350 
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(Figure 1). The manual registration method was used to register the TLS scans as well following 351 

the same registration configuration. The installed high-reflectance registration targets were 352 

visually identified and used as tie points to coarsely register TLS scan pairs, and then the same 353 

fine registration procedure based on the ICP algorithm was used to achieve the final manual 354 

registration results. The manual registration process was performed in the RIEGL RiScan Pro 355 

software. These manual egistration results were used as references to evaluate the performance 356 

of the proposed method. 357 

Two accuracy assessment parameters were calculated from the registration results of the 358 

proposed and manual methods, i.e., the standard deviation of registration errors provided by the 359 

ICP algorithm and the average distance residual calculated from the high-reflectance registration 360 

targets. The standard deviation of registration errors provided by the ICP algorithm was 361 

calculated as the standard deviation of distances from registered target TLS points to their closest 362 

source TLS points. It can provide an accuracy assessment value for each pair of registered TLS 363 

scans, but is reported that may underestimate the registration error because the closet source TLS 364 

points to target TLS points may be not true matches (Gressin et al., 2013). To address this issue, 365 

we further used the installed high-reflectance registration targets to calculate the average distance 366 

residual for each study plot, which was the average offset between the center of the same 367 

registration target from different TLS scans. 368 

 369 

3. Results 370 
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Parameters in the proposed marker-free registration method are listed in Table 2. All parameters, 371 

except    and   , had the same settings to register all TLS scan pairs. The height adjustment 372 

for slicing vertical layers (  ), was set by visually determining whether the sliced vertical layers 373 

contained most trunks, and    was determined by the distance between each pair of TLS scans 374 

(Table 3). The procedures of data redundancy reduction, vertical coarse registration, visual 375 

occlusion point extraction, horizontal coarse registration, and fine registration were conducted 376 

following the abovementioned steps. 377 

Table 2 List of parameters used in the proposed marker-free method for registering multi-scan 378 

TLS data in forest environments. 379 

Parameter Description Value 

   The height adjustment for slicing vertical layer(s) Table 3 

   The distance threshold for extracting visual occlusion point Table 3 

   The distance threshold for data redundancy reduction 30 m 

   The thickness of the vertical sliced layer(s) 0.2 m 

   The angular resolution for creating the angular grid      

   The distance resolution for creating the angular grid 0.1 m 

   The pre-defined match distance threshold for compensating the potential 

offset between a visual occlusion point pair 

0.2 m 

   The distance to create the buffer behind a visual occlusion point candidate 

for excluding false detections 

0.5 m 

Voxel size The size of voxels for determining ground points from TLS data 0.5 m 

Table 3 Distance between each pair of TLS scans, and the corresponding parameter setup for 380 

determining the height adjustment for slicing vertical layer(s) (  ) and the distance threshold for 381 

extracting visual occlusion point (  ). 382 

Plot Registering scans Distance between scans (m)    (m)    (m) 

1 Scan 2 to 1 21.6 0 20 

Scan 3 to 1 20.9 0 20 
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Scan 4 to 1 21 0 20 

2 Scan 2 to 1 6.6 0 10 

Scan 3 to 1 12.0 0 15 

Scan 4 to 3 0.2 0 10 

3 Scan 2 to 1 9.3 0, 0.5 15 

Scan 3 to 1 5.6 0, 0.5 10 

Scan 4 to 1 9.4 0, 0.5 15 

4 Scan 2 to 1 0.4 0 10 

Scan 3 to 1 13.8 0 15 

Scan 4 to 1 16.0 0 15 

5 Scan 2 to 1 4.2 0.1 10 

Scan 3 to 1 7.3 0.1 10 

6 Scan 2 to 1 6.8 0 10 

Scan 3 to 1 7.1 0 10 

Scan 4 to 3 6.5 0 10 

As the key feature to register multi-scan TLS data, more than 17 visual occlusion points 383 

were detected in all source and target TLS data (Table 4). Plot 1 had the highest number of 384 

identified visual occlusion points among all plots. With the increase of canopy complexity, the 385 

number of identified visual occlusion points decreased significantly (Table 1 and 4). For the 386 

same scan, the number of identified visual occlusion points decreased with    (Table 3 and 4). 387 

The number of matched visual occlusion points identified from the enumeration process was 388 

larger than 4 at all pairs of registering TLS scans (Table 4), and decreased with the increasing 389 

complexity of forest canopy as well (Table 1 and 4). 390 

Table 4 The number of visual occlusion points identified from the source TLS scan (  ) and the 391 

target TLS scan (  ), the number of matched visual occlusion points identified from the 392 

enumeration process (      , and the standard deviation of registration errors provided by the 393 

ICP function of the RIEGL RiScan Pro software. 394 
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Plot Registering scans             
Standard deviation (cm) 

Proposed method Manual method 

1 Scan 2 to 1 72 72 21 0.3 0.2 

Scan 3 to 1 72 58 16 0.5 0.5 

Scan 4 to 1 72 52 16 0.2 0.3 

2 Scan 2 to 1 24 23 5 0.6 0.6 

Scan 3 to 1 40 27 6 0.4 0.5 

Scan 4 to 3 19 17 5 0.3 0.3 

3 Scan 2 to 1 26 24 5 0.8 0.6 

Scan 3 to 1 21 24 6 0.7 0.5 

Scan 4 to 1 26 20 4 0.7 0.5 

4 Scan 2 to 1 21 25 4 0.3 0.3 

Scan 3 to 1 36 19 6 0.9 0.7 

Scan 4 to 1 36 17 6 0.8 0.9 

5 Scan 2 to 1 30 26 13 0.1 0.2 

Scan 3 to 1 30 34 10 0.3 0.2 

6 Scan 2 to 1 32 27 6 0.2 0.3 

 Scan 3 to 1 32 30 5 0.3 0.3 

 Scan 4 to 3 30 26 5 0.5 0.4 

The final fine registration results are shown in Figure 8. As can be seen, all TLS scans were 395 

aligned properly. From the profile and enlarged segment examples, we can see that the registered 396 

TLS data described the structure characteristics more completely since they depicted the forest 397 

canopy from different viewing angles (Figure 8b and c). The standard deviations of registration 398 

errors provided by the ICP function were lower than 1 cm in all study plots. A higher number of 399 

matched visual occlusion points did not ensure a higher registration accuracy. The lowest 400 

standard deviations happened between scan 2 and scan 1 in plot 5, and it had 13 pairs of matched 401 

visual occlusion points, which was lower than the number of pairs in plot 1 (Table 4). The 402 

accuracy evaluated by the high-reflectance registration targets was lower than that provided by 403 

the ICP algorithm. The average distance residual ranged from 2.4 - 6.8 cm in the six study plots, 404 
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and plot 3 had the largest average distance residual (Table 5). The manual registration method 405 

had similar registration accuracies as the proposed method. The differences of both accuracy 406 

measures between the proposed method and the manual registration method were smaller than 407 

0.6 cm (Table 4 and Table 5). 408 
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 409 

Figure 8 (a) The registered TLS data in all six plots using the proposed marker-free method; (b) 410 
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point cloud profile examples in each plot, and (c) enlarged point cloud segments in the profiles. 411 

Note that point color from each scan position is in correspondence with the color of the scan in 412 

Figure 1c, and the numbers presented on the left short side of (b) and (c) are the size of the 413 

profiles or segments. 414 

Table 5 Average distance residuals of the registration results using the proposed method and the 415 

manual registration method in each plot. 416 

Plot Proposed method (cm) Manual method (cm) 

1 2.5 2.7 

2 2.4 2.3 

3 6.8 6.6 

4 4.6 4.7 

5 4.3 4.5 

6 4.6 4.0 

Mean 4.2 4.1 

 417 

4. Discussion 418 

4.1 Overall performance of the proposed marker-free registration method 419 

TLS technology has been recognized as an efficient and accurate tool for quantifying forest 420 

structure parameters (Watt and Donoghue, 2005; Newnham et al., 2015) but registering 421 

multi-scan TLS data has been a tedious and time-consuming task that limits its application in 422 

large-scale forestry studies (Liang et al., 2014). In this study, we proposed a marker-free method 423 

that can automatically register multi-scan TLS data. Overall, the proposed algorithm performed 424 

well in all 6 plots with different vegetation characteristics. The registration accuracy was 425 

equivalent to the manual registration results using high-reflectance registration targets, and the 426 
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slight difference between these two methods might be cuased by random errors of the TLS 427 

scanner the ICP algorithm. The efficiency of the registration process has been much improved. It 428 

took less than 10 mins to register two TLS scans without the ICP fine registration step using the 429 

proposed methods in all six plots. For comparison, it usually took an experienced operator 0.5 hr 430 

to 2 hrs to manually register two TLS scans without the ICP fine registration step.  431 

Compared with other marker-free point cloud registration algorithms, the proposed 432 

algorithm has the advantages of being independent from individual tree attributes (e.g., tree 433 

location, tree height, tree stem maps), which are often estimated through complex and 434 

time-consuming post-processing steps, such as ground point filtering, normalization, individual 435 

tree segmentation (Othmani et al., 2013; Kelbe et al., 2016; Liu et al., 2017; Giannetti et al., 436 

2018; Guan et al., 2019; Polewski et al., 2019). This may make the efficiency of these algorithms 437 

even lower than the manual registration method. Moreover, the accuracy of individual tree 438 

segmentation and tree attribute extraction might be low in the forests of dense canopy and high 439 

plant diversity (e.g., rainforest with dense undercanoy vegetation) (Jing et al., 2012; Yang et al., 440 

2019), and errors in the extracted individual tree attributes might cause failures to these 441 

algorithms (Guan et al., 2019). The proposed algorithm uses shaded areas that naturally existed 442 

in raw TLS data as the estimates of tree trunk locations since laser pulses cannot penetrate tree 443 

trunks and should leave blank areas behind tree trunks. Therefore, it does not need to process 444 

TLS raw data to extract individual tree attributes, which can improve both the efficiency and 445 

robustness of multi-scan TLS data registration. 446 
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 447 

4.2 Factors influencing the performance of the proposed method 448 

The success of horizontal registration is the essential precondition for the proposed method and 449 

the success rate of horizontal registration is determined by the number of matched visual 450 

occlusion points. If the number of matched visual occlusion points is too small, the horizontal 451 

registration may fail. As can be seen from Table 3 and Table 4, the number of matched visual 452 

occlusion points is influenced by the complexity of understory vegetation and the distance 453 

between registering scans. In an area with tall and dense understory vegetation, laser pulses can 454 

be significantly blocked by the understory vegetation, and shaded areas caused by tree trunks 455 

might become less observable. Therefore, the likelihood of finding enough matched visual 456 

occlusion points in the overlapped areas between two adjacent scans becomes much lower. To 457 

resolve this issue, it is recommended to increase    to slice vertical layer(s) higher than 458 

understory vegetation, so that enough visual occlusion points can be identified in the overlapped 459 

areas between two scans. In this study, we found that increased distance between registering 460 

scans can reduce the change to recognize enough visual occlusion points for registration. 461 

Therefore, we recommend that the distance between the two scans should be less than 15 m to 462 

increase the success rate of coarse registration. With sufficient matched visual occlusion points to 463 

ensure the success of coarse registration, the final registration accuracy of the proposed 464 

algorithm purely depends on the ICP algorithm.  465 

 466 



 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 

4.3 Parameter sensitivity analysis 467 

The robustness of the proposed method can be seen in the high registration accuracy over all six 468 

plots with different vegetation characteristics. There are a total of nine parameters in the 469 

proposed method (Table 2). A discussion of how each parameter is determined and the sensitivity 470 

of the proposed method to each parameter is presented here. 471 

In this study, the same parameter settings for   ,   ,   ,   ,    and voxel size were used 472 

for the registration practices of all 17 TLS scans. Parameter    is used to control the thickness 473 

of the sliced vertical layer (Figure 4). In previous studies, the sliced vertical layer has been 474 

widely used to automatically extract DBH with a thickness ranging from 0.05 m to 0.5 m 475 

(Olofsson et al., 2014; Stovall et al., 2017; Liu et al., 2018).    and    are the angular and 476 

distance resolutions for creating the angular grid (Figure 5), and    are used as the rotation 477 

interval in the enumeration process to match visual occlusion points as well. Therefore, they 478 

should be set to relatively small values to ensure higher accuracy (  =     and   =0.1 m in this 479 

study). Parameter    is the distance for compensating the potential offset between a visual 480 

occlusion point pair. Since this offset cannot be larger than the DBH of trees,    can be set 481 

around the average DBH of the study area. Therefore, a value of 0.2 m could be reasonable for 482 

  . Parameter    is the distance behind an identified visual occlusion point to create the buffer 483 

for examining the correctness of the identification result (Figure 5). It is designed to compensate 484 

for the scenario of inclined trees, which may leave tree trunk point behind the a visual occlusion 485 

point. Assuming a tree with a large inclination angle of 60°, the maximum distance behind the 486 
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tree to the visual occlusion point could be 0.4 m when ∆Z was set as 0.2 m. Therefore, a value of 487 

0.5 m should be a safe choice for   . The voxel size for determining ground points can be set to 488 

0.5 m, which is a commonly suggested value for deriving forest stand attributes from TLS data in 489 

the literature (Popescu and Zhao, 2008; Wu et al., 2013). It should be noted that the voxel-based 490 

process does not aim to identify true ground points. Instead, it aims to identify points near the 491 

ground surface (may include low vegetation points as well) to perform the vertical coarse 492 

registration. Therefore, it is not a crucial parameter for the proposed method. 493 

To further evaluate the sensitivity of the proposed algorithm to   ,   ,   ,   ,    and 494 

voxel size, we run the proposed coarse registration procedure repetitively by altering one 495 

parameter with a constant interval while keeping other parameters as the default settings (Table 496 

2). Scan 1 and 2 in plot 1 were used as an example to perform the sensitivity analysis. As can be 497 

seen in Figure 9, the number of matched visual occlusion points fluctuated around 20 with 498 

variations of    and voxel size, indicating the proposed algorithm is insensitive to these 499 

parameters. Moreover, the number of matched visual occlusion points increased with    and 500 

  , while decreased with    and   . Nevertheless, a sufficient number of matched visual 501 

occlusion points could still be identified even with the most extreme circumstances (except when 502 

   > 0.9 m). These results indicated that the proposed method is robust to the settings of   ,   , 503 

  ,   ,    and voxel size. Following the abovementioned guidance for setting these parameters, 504 

a universal parameter set of these six parameters could be possibly achieved for most TLS 505 

registration applications in forest environments. 506 
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 507 

Figure 9 The sensitivity of the proposed method to the setting of   ,   ,      ,    and voxel 508 

size. Here, the experiment was conducted using the scan pair of scan 1 and 2 in plot 1. Each run 509 

only altered one parameter setting. The registration results are represented by the number of 510 

matched points. The higher the number is, the higher the success rate of coarse registration is. 511 

Black pentagram represents the used parameter values in this study (Table 2). 512 
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Parameter    is used to adjust the base height for slicing vertical layer(s). As shown in 513 

Figure 4, the default base height for slicing vertical layer(s) should be set to the height of the 514 

TLS scanner. The TLS scanner is usually set to a height with good visibility to the surrounding 515 

trees, therefore, the default value for    is zero. However, if the TLS scanner is surrounded by 516 

tall and dense vegetation, the visibility of the TLS scanner can be significantly reduced. 517 

Therefore, we recommend using a simple trial-and-error method to increase    with an interval 518 

of 0.1 m to ensure we can see as many tree trunks as possible in the sliced vertical layer. A visual 519 

examination can be used to determine whether the selected value for    is appropriate after 520 

each try. In a sloped terrain, the horizontally sliced vertical layer can be intercepted by the 521 

ground surface, and therefore the visibility at a single sliced layer might be reduced (Figure 4). 522 

To solve this issue, we recommend using a strategy similar to the experiment in plot 5, which 523 

sliced multiple height layers at different base heights. The same trial-and-error method can be 524 

used to determine the value of    of other layers. It is recommended to only slice one vertical 525 

layer if it is enough for the coarse registration procedure because multiple vertical layers may 526 

introduce more errors in identifying visual occlusion points. 527 

Parameter    is the distance threshold from the scan center to reduce data redundancy, 528 

which is designed to improve the registration efficiency (Figure 5). This value can be determined 529 

by visually examining the original TLS data following the principle of removing sparse points on 530 

the edge of a scan. Parameter   , a distance threshold smaller than   , is designed to further 531 

reduce the extent of the study area so that the visual occlusion point filtering procedure based on 532 
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a user-defined buffer can be performed (Figure 5).    can also influence the registration 533 

efficiency. The larger the    is, the more potential visual occlusion points can be found, and the 534 

time consumption of the enumeration process increases drastically as well. Using a laptop with 535 

an Intel Core i5-6300HQ CPU @ 2.30 GHz CPU, 4 GB of RAM, it took around 20 seconds for 536 

registering scans with around 20 identified visual occlusion points (e.g., scan 4 and 3 in plot 2), 537 

and around 5 mins for registering scans with around 40 identified visual occlusion points (e.g., 538 

scan 3 and scan 1 in plot 2). Therefore,    is an important parameter for balancing processing 539 

speed and success rate. To further evaluate the influence of    on the registration success rate, 540 

we simulated a source scan from the registered point cloud of all scans in plot 1 and simulated 541 

target scans with a distance to the simulated source scan increasing from 5 m to 20 m at intervals 542 

of 5 m. Given a scan position, a high-resolution angular gird was created from the registered 543 

point cloud of all scans in plot 1, and points in the innermost pixels were extracted as the 544 

simulated scan. For each scan distance combination,    was changed from 5 m to 25 m at 545 

intervals of 5 m, and a total of 20 registration instances were run (Table 6). In general, the 546 

number of extracted visual occlusion points increased with    and decreased with the scan 547 

distance under all registration combinations, as well as the number of matched visual occlusion 548 

points. When    was set to smaller than the scan distance, the corresponding coarse registration 549 

failed since an insufficient number of matched visual occlusion points was found (Table 6). 550 

Therefore, we recommend setting    slightly larger than the scan distance to ensure the high 551 

success rate. One exception for this recommendation is the registration practice between tilted 552 
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and horizontal scans at the same location. As can be seen in Table 5, a sufficient number of 553 

matched visual occlusion points could be detected when the scan distance was 5 m and    was 554 

set as 10 m. Therefore, it would be safe to recommend using a    around 10 m for practices of 555 

registering tilted and horizontal scans. 556 

Table 5 Visual occlusion point extraction results from registration instances with different scan 557 

distance (d) and   . 558 

   (m)    
 d=5 m  d=10 m  d=15 m  d=20 m 

                                        

5 9  6 5  5 0  4 0  4 0 

10 21  19 14  18 7  13 0  17 0 

15 44  33 26  37 18  26 6  33 4 

20 64  57 42  50 28  45 15  54 10 

25 88  80 54  74 45  66 27  77 25 

The success of the proposed method relies on the correct detection of visual occlusion points, 559 

and misinterpreted visual occlusion points may cause the coarse registration step to fail. 560 

Misidentified visual occlusion points are prone to occur in complex forests. To further discuss 561 

the sensitivity of the proposed method to errors in the visual occlusion point detection results, we 562 

run the visual occlusion point matching procedure by gradually adding extra false visual 563 

occlusion points or removing true visual occlusion points (Figure 10). The process was based on 564 

the two simulated scans in Table 5 with a scan distance of 10 m and a    of 10 m, because the 565 

scan distance of 10 m was recommended by many previous studies to collect TLS data in forest 566 

environments (Wilkes et al., 2017; Ma et al., 2018; Pyörälä et al., 2019). The proposed algorithm 567 

succeeded in most scenarios (Figure 10), even when the omission error (i.e., removing true visual 568 
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occlusion points) or commission error (i.e., adding false visual occlusion points) were around 67% 569 

because most of them might not happen in the overlapped areas between two scans. However, 570 

when the number of matched visual occlusion points was lower than 3, the success rate of 571 

registration was reduced significantly because of higher omission and commission error may 572 

cause higher chances of false matches.  573 

 574 

Figure 10 The sensitivity of the proposed method to errors in the identified visual occlusion 575 

points. Numbers in the squares represent the number of matched visual occlusion points, while 576 

numbers in the parenthesis represent the number of falsely matched visual occlusion points; 577 

green squares represent the corresponding registration runs are succeeded, and red squares 578 
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represent the corresponding registration runs are failed; and “-” and “+” represent reducing 579 

original true visual occlusion points or adding false visual occlusion points. All runs were 580 

performed based on the two simulated scans in Table 5 with a scan distance of 10 m and a    of 581 

10 m. 582 

In brief, the proposed method shows strong robustness under different parameter settings. 583 

The default values used for six of the nine parameters (i.e.,   ,   ,   ,   ,    and voxel size) 584 

are applicable to most TLS registration applications in forests, and the remaining three 585 

parameters (i.e.,   ,   ,    ) can be easily determined from the TLS scanner setup, forest 586 

conditions or a trial-and-error process. Moreover, the proposed method has a strong tolerance to 587 

errors in the visual occlusion point detection results. 588 

 589 

4.4 Limitations of the current study 590 

The major contribution of this study is that it provides a novel marker-free method for 591 

automatically registering multi-scan TLS data, and has a high registration accuracy while 592 

maintaining robustness under complex forest conditions. Nevertheless, there are still limitations. 593 

First, with the increase of identified visual occlusion points, the computation time of the 594 

enumeration process increased exponentially. In the future, parallel processing and graphical 595 

processing unit acceleration techniques (Li et al., 2018) could be integrated into the enumeration 596 

process to further improve the efficiency. Second, the proposed method used sliced layers 597 

without normalizing the raw point cloud to extract visual occlusion points. Although a vertical 598 
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adjustment procedure was used, the sliced layers from different TLS scans might still be at 599 

different height strata. Future studies are still needed on how to eliminate the height differences 600 

between sliced layers from different TLS scans. Third, current ICP algorithms used for fine 601 

registration were designed for point data collected in environments with rich geometric features 602 

(e.g., indoor and urban environments) (Von Hansen et al., 2008; Wu et al., 2014, He et al., 2017), 603 

which fail frequently in forest environments. This is especially true when the point density in 604 

overlapped areas is relatively low (Theiler et al., 2015). Moreover, current ICP algorithms tend to 605 

give higher weights to areas with higher point density (Järemo Lawin et al., 2018), which is 606 

commonly seen in the TLS data in forests. This may result in larger errors in areas with low point 607 

density in the final registration process. A new ICP algorithm considering the characteristics of 608 

TLS data in forest environments (e.g., uneven point density distribution, lacking geometric 609 

features) needs to be developed. 610 

 611 

5. Conclusions 612 

This study proposed a novel marker-free method for registering multi-scan TLS data. Its main 613 

principle is to use shaded areas as the key feature to match TLS scans. The proposed method was 614 

tested with 17 pairs of TLS scans collected in 6 plots across China, ranging in vegetation types 615 

from planted conifer forest to rainforest. Results showed that the proposed method successfully 616 

identified enough matched visual occlusion points for coarse registration under complex forest 617 

environments and scan setups. The final registration errors of the proposed method in all 17 pairs 618 
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of TLS scans were equivalent to those of the manual registration method. The registration 619 

efficiency was improved significantly because it eliminated the process of setting up 620 

hand-crafted registration targets in the field and visually identifying registration targets in the 621 

collected TLS data for coarse registration. Moreover, the proposed method can keep a success 622 

rate with the change of parameter settings, and all parameters can be either obtained by the TLS 623 

scan setup (e.g., scanner height, distance between scans) and forest conditions (e.g., terrain slope, 624 

understory vegetation height) or by a simple trial-and-error process. We believe that the proposed 625 

method has great potential to reduce the time and cost of collecting TLS data in forests, and 626 

therefore expand the application of the TLS technique in large-scale forest managements and 627 

studies. 628 
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