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ABSTRACT
Forest inventory parameters, in particular DBH (diameter at breast 
height) and tree height, can be used to accurately estimate above- 
ground carbon, which is an important indicator of forest productiv-
ity and sequestration of carbon. This study demonstrates and tests 
a method to automatically and manually derive forest inventory 
parameters for estimating above-ground carbon (AGC) using 
a Terrestrial Laser Scanner (TLS). The study was conducted in the 
Royal Belum State Park of Peninsular Malaysia by establishing 24 
circular inventory sample plots of 0.05 ha. A RIEGL VZ-400 TLS 
system was used to acquire point cloud data of the sample plots 
through multiple scanning, and these data were further pre- 
processed and co-registered using the RiSCAN PRO software. The 
DBH and tree height for each tree within the plots were manually 
measured using a distance measurement tool in RiSCAN PRO and 
automatically derived from Computree software using a tree seg-
mentation approach. The inventory parameters derived from TLS 
were compared with the field measurements for calculating the 
AGC using an allometric equation. On average, 89% and 90% of the 
sampled trees were detected from the point cloud data of the plots 
using the manual and automatic detection methods, respectively. 
The mean values of R2 (coefficient of determination) and RMSE 
(Root Mean Square Error) for manually measured DBH and tree 
height across the plots were 0.95 and 2.70 cm, and 0.77 and 
2.96 m, respectively. We also obtained an average value of 0.86 
and 2.47 cm, and 0.51 and 3.15 m for R2 and RMSE, respectively 
between field-measured and automatically derived DBH and tree 
height from TLS data across all the sample plots of the study area. 
Our method provides clear evidence that TLS has the potential to 
derive forest inventory parameters, which can be used to estimate 
above-ground carbon in the tropical rainforest accurately.
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1. Introduction

Deforestation and forest degradation resulting from agricultural expansion, the conver-
sion of forests to pastureland, destructive logging, infrastructure development, and wild-
fire, account for about 20% of anthropogenic greenhouse gas emissions globally. They are 
the major causes of carbon dioxide (CO2) emission after fossil fuel use, and thus are 
a major reason for climate change (UN-REDD 2019). There is, therefore, a need to develop 
approaches to accurately estimate above-ground carbon (AGC) stocks and carbon emis-
sion to meet the requirements of the Kyoto Protocol and the UN-REDD (United Nations- 
Reducing Emissions from Deforestation and forest Degradation) programmes (Castedo 
et al. 2012). The REDD+ programme requires the establishment of forest sampling plots 
for the measurement, reporting and verification (MRV) of forest carbon stocks to support 
the programme.

Most existing methods to estimate above-ground carbon, employing both direct and 
indirect measurement techniques, are limited in their ability to obtain accurate and spatially 
explicit measurements of three-dimensional forest structural parameters. The accuracy of 
ground-based forest inventory depends on many factors: the selection of the survey 
locations, the number of survey points or plots, the surveyor’s skills, the type of equipment 
used, and the data analysis methods employed. It also depends upon the characteristics of 
the forest canopy (for example, dense, sparse, open, closed or overlapping). Furthermore, 
conventional ground-based methods can be laborious and time-consuming, particularly in 
areas of difficult terrain such as tropical rainforest. This has necessitated a search for new 
methods of ground-based inventory that are at least as – and preferably more – accurate 
and fast as the conventional methods used to date.

Remote sensing techniques can help to assess the fine-scale spatial variability of 
tropical forest structural parameters (Karna et al. 2020; Lefsky et al. 2002), and thus of 
biomass and carbon stocks, at broader spatial extents (Clark et al. 2011). One of the most 
prominent remote sensing techniques is airborne LiDAR (Light Detection And Ranging), 
Andersen and McGaughey (2004). The use of LiDAR data is particularly promising because 
they provide measurements of the horizontal and vertical structure of forests (Karna et al. 
2020, 2019) that are closely related to above-ground biomass (Hoover 2008). LiDAR data 
offer the potential to use three dimensional (3D) information, alone or in combination 
with satellite multispectral images, to automatically and accurately determine forest 
characteristics such as tree height, single tree detection, stem diameter, basal area, 
stem volume, biomass and above-ground carbon stock (Montaghi et al. 2013; Karna 
et al. 2015; Wangda et al. 2019). This information is critical for estimating global carbon 
storage and assessing the forest ecosystem’s response to natural and anthropogenic 
disturbances, including climate change (Ni-Meister et al. 2010). Above-ground biomass 
(AGB) can be indirectly derived from LiDAR measured vegetation height or accumulated 
LiDAR returns from vegetation. Frequently, however, significant uncertainties exist in 
large area AGB estimates based on airborne LiDAR (Ni-Meister et al. 2010). This is because, 
while forest AGB is actually related to several vegetation structure parameters, notably 
tree stem volume, DBH (diameter at breast height), height, wood density and branch 
distribution. Among these, however, tree height is the only structural parameter which 
can directly be measured by airborne LiDAR (Ni-Meister et al. 2010).
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Forestry applications of terrestrial laser scanning (TLS) have been explored in recent 
years to automate the measurement of commonly-applied forestry inventory parameters, 
as well as to non-destructively estimate tree-level biomass (Stovall et al. 2017). TLS 
enables the fast and reliable characterization of the 3D forest canopy via point cloud 
data acquisition (Tansey et al. 2009). It can assist in collecting reference data in any forest 
environment and offers the possibility to improve the accuracy and efficiency of field 
inventories as well as providing additional features for forestry applications (Liang et al. 
2012). TLS, therefore, is an attractive alternative to the permanent sample plot method for 
ground-based forest inventory. Although TLS shows promise for providing objective and 
consistent data on forest metrics, further work is still required to refine and develop 
automatic feature identification and data extraction (Hopkinson et al. 2004). The combi-
nation of TLS with automatic data processing techniques may bridge the gap between 
conventional inventory techniques and LiDAR data processing schemes and thereby 
facilitate data acquisition for 3D individual tree geometry parameters in large plots 
(Maas et al. 2008).

Most investigations of the application of TLS have focused on temperate coniferous and 
broadleaved forests and on relatively homogeneous plantation forests. To date, few 
investigations have addressed the application of TLS in tropical forests, which generally 
contain a wide diversity of canopy species, often within a complex canopy structure (Drake 
et al. 2002). There is an urgent need to develop methods to collect ground-based inventory 
data using TLS for carbon assessment and other applications in tropical forests to support 
the REDD+ MRV programme. This paper explores the potential of TLS to measure forest 
plot inventory parameters in tropical rainforest with the following specific objectives; (i) to 
derive plot inventory parameters (i.e. DBH and tree height) manually and automatically, (ii) 
to compare the accuracy of these derived inventory parameters with field data collected 
using traditional forest inventory methods. This comparison of inventory parameters 
derived through both TLS and traditional measurements will provide some insight into 
the potential and accuracy of TLS for accurate biomass assessments at plot level that may 
be used to support broad-scale biomass mapping in tropical rainforests.

2. Methods

2.1. Study area

The study area lies in the Royal Belum State Park (RBSP; Figure 1(d)) situated in the north of 
Perak State, Malaysia (Figure 1(c)) and is characteristic of tropical rainforest in Peninsular 
Malaysia (Figure 1(a,b)). The main tree species belong to the Dipterocarpaceae family. The 
park’s 117,500 hectares form the second largest terrestrial protected area in Peninsular 
Malaysia. Apart from ecotourism, commercial activities, such as logging, that could impact 
the virgin forest are not permitted within RBSP (Kanniah et al. 2018).

2.2. Study design

Our study design comprised three main components (the supplemental material; Figure 
S1), i.e. (i) fieldwork for tree measurement combined with terrestrial laser scanning in 24 
sample plots which was carried out between 22 September 2014 and 30 October 2014, (ii) 
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data analysis, and (iii) comparison of the field measurements with the TLS inventory 
parameters. Within each plot, the tree species were recorded and the height, DBH, 
crown base height and crown diameter were measured for individual trees with a DBH 
greater than 10 cm. The plot crown density was estimated from direct observations. Point 
cloud data were collected along with the field measurements using a RIEGL VZ-400 TLS 
scanner. The RiSCAN PRO software was used for the pre-processing and registration of 
multiple-scans and for the manual measurement of tree parameters. Above-ground 
carbon (the supplemental material; Figure S2) was estimated from the DBH and height 
of the individual tree obtained both from the field measurements and the TLS data using 
a general allometric equation developed by Chave et al. (2005) and was further converted 
to carbon content using the default value of 0.47 (IPCC 2006 The statistical analysis and 
comparison of inventory parameters measured from the field and derived from TLS was 
performed in R software (R Core Team 2018).

2.3. Field measurements and observations

Field data were collected in 24 randomly selected circular sample plots, each with a radius 
of 12.62 m on flat ground, resulting in a plot area of 0.05 ha. The species, DBH and height 
of all the trees greater than 10 cm DBH within the sample plots were collected through 
direct observations (Brown 2002). Elevation, aspect, slope, exposure, and the crown cover 
density for each of the plots were also recorded in the field. In cases of multi-stem trees, 

Figure 1. Geographic location of the study area: (a) Malaysia and its neighbouring countries, (b) 
different states of Malaysia, (c) location of study sites in Perak state, and (d) detail features of the Royal 
Belam State Park.
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each stem was treated as an individual tree in the forest inventory and analysis if the 
stems forked below 1.30 m. DBH was measured over bark at 1.30 m using a diameter tape, 
but in the case of buttresses at 1.30 m, it was measured just at the end of the buttress. The 
tree height was measured using the Leica DISTO D5 Laser Metre (Leica Geosystems AG, 
Heerbrugg, Switzerland).

2.4. Sample plot layout

Prior to the fieldwork, we randomly generated sample plots in ArcMap 10.2.2 (ESRI 2014) 
and uploaded these locations to a handheld GPS (Global Positioning System), known as 
GPSMAP 60 (Garmin International Inc., Kansas, US) to allow us to navigate to the pre-set 
sample plots in the field. Once we found the correct location, the position of the plot 
centre was marked in the field. In some plots, we shifted the position of the TLS instru-
ment based on manually-adjusted TLS registration considering the closeness of trees to 
the centre of the plot (Liang et al. 2012). Four scan locations per plot were determined 
with one at the centre and three at outer locations around 15 m from the centre. The 
outer scan points were established at the vertices of 120° equilateral triangles with respect 
to the central position and circular plot (the supplemental material; Figure S3). All the 
identified trees with a DBH greater than 10 cm (inclusive) in the particular sample plots 
were tagged and numbered.

In each plot, twelve cylindrical and four circular reflectors were positioned (the supple-
mental material; Figure S4). The main purpose of using the cylindrical reflectors was to 
register the outer scan positions with respect to the central scan position. Four cylindrical 
reflectors were placed between the central position and each of the outer scan positions 
in such a way that they were visible from both the positions. Because all the plots had 
a dense understory, sticks were used to raise the cylindrical reflectors above the unders-
tory vegetation. The undergrowth in a line between the reflectors was cleared to get 
a clear view from all four scan positions and also to minimize occlusion and provide 
a good scan of the bole of a tree. Similarly, the circular reflectors were placed randomly on 
the stem of the marked tree facing towards the central scan position. The circular 
reflectors were used for georeferencing of the plots.

2.5. TLS data acquisition

A RIEGL VZ-400 TLS (RIEGL Laser Measurement Systems GmbH, Austria) was used to scan 
each of the sample plots with multiple scans – one at the centre and three outside the 
plot – with the TLS position being adjusted in order to minimize the possible occlusion. In 
comparison to a single scan mode, multiple scan mode provides much more detail of the 
scene. Although the RIEGL VZ-400 scanner allows fast data acquisition and records 
multiple return LiDAR data (up to four returns per emitted pulse), this multiple scanning 
does require more time for data acquisition and processing than a single scan (Bienert 
et al. 2006). The beam divergence of the RIEGL VZ-400 is nominally 3.5 × 10−4 rad and the 
instrument operate in the infrared (wavelength 1550 nm) with a range up to 350 m. The 
instrument also collects information about the yaw (through an internal compass), the 
pitch and roll (through inclination sensors) to ensure the proper levelling of the instru-
ment. The scanner settings were the same across all scans and are summarized in Table 1. 
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Approximately 1 cm scanning resolution at a distance of 10 m was selected to distinguish 
vegetation structure, such as small branches and leaves (Feliciano, Wdowinski, and Potts 
2014).

We placed the tripod on each scan position, marked the centre point on the ground 
and then recorded the GPS location of the scan position. The central scan position was 
chosen first so that three outer scan positions were determined from that point. After that, 
the TLS was mounted on top of the tripod, and a NIKON D610 digital camera was placed 
on it. Reflecting targets were distributed throughout the plot and were used to register 
using the RiSCAN PRO software (RIEGL Laser Measurement Systems GmbH, Austria).

A new project was set for each plot and, for every project, each scan position was saved 
as a new scan-position. After that, the instrument was set for pulse ranging scan for that 
position. Fine scanning of the reflectors was done for automatic registration of the 
multiple scans by automatic searching of reflectors. The reflectors were identified and 
marked manually by locating them on the scanned data on the TLS display and were then 
further scanned automatically in fine scanning mode.

2.6. Pre-processing and multiple scans registration

The RiSCAN PRO v1.8.1 software was used for the pre-processing of the point cloud data. 
The scanned file was imported as a new project using the ‘Download and Convert’ wizard 
in the Help menu. All the three outer scan positions were registered to the central scan 
position using tie-points. The common tie-points between two scan positions were 
automatically identified and registered using ‘Multi-Station Adjustment’ to minimize the 
error in the registration of the multiple scans. The errors of multiple registrations for all the 
sample plots varied from 11 to 35 mm with an average value of 16 mm.

2.7. Manual extraction of a single tree and measuring DBH and height

The registered point cloud data of the sample plots were processed in the RiSCAN PRO 
software for manual extraction and measurement of individual trees (Figure 2). The 
selection of all point cloud data associated with a single tree was performed by locating 
the marked individual tree stem within the entire plot point cloud and then selecting the 
vertical area corresponding to the maximum crown diameter and tree height. In most 
cases, the selected point cloud included outliers formed by portions of the canopy from 
surrounding trees. The point cloud data associated with each individual tree were visually 
inspected, and the outlying point cloud data were deleted.

Table 1. RIEGL VZ-400 scanner settings and 
specifications for data acquisition.

Attribute Value

Beam divergence (rad) 3.5 × 10−4

Minimum range (m) 1.50
Pulse repetition rate (kHz) 300
Azimuth range (°) 0 to 360
Zenith range (°) 30 to 130
Angular sampling (°) 0.06
Acquisition time (min) about 2
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The DBH of the tree at 1.30 m above ground at the base of a trunk was measured using 
the distance measurement tool in the RiSCAN PRO software. The tree height was mea-
sured as the difference between the lowest (base of the trunk) and the highest point cloud 
(top of the crown of a tree) as shown in Figure 2 (Maas et al. 2008; Bienert et al. 2006). The 
individual tree was exported into the CloudCompare (EDF R&D 2020) software and the 
height was determined by fitting a box over each tree (the supplemental material; Figure 
S5 (a) – (d)).

2.8. Automatic extraction of DBH and tree height

We applied the method outlined by Othmani et al. (2011) to automatically estimate DBH 
and tree height from registered multi-scan point cloud data using the Computree soft-
ware (Computree Group, Office National des Forêts, Paris). The Computree software 
integrates various plugins, including the SimpleTree plugin (Hackenberg et al. 2015a), 
each composed of various steps such as tree segmentation and quantitative structure 
modelling (QSM). The point cloud data was clipped out with a circle of 12.62 m radius to 
extract the point cloud for each sample plot. First of all, we created a 0.05 m grid 
resolution to reduce the point density and processing time. After that, the point cloud 
was classified into the ground and non-ground returns (vegetation points), noise was 
removed and a digital terrain model (DTM) was generated from the ground points. Finally, 
the vegetation point cloud was segmented and further processed for horizontal slicing 
and clustering the tree stems to measure DBH and tree heights.

The tree stem layer was sliced parallelly to the DTM at a height between 1.30 m and 
1.60 m to locate the stem position with XY coordinates and to generate the seed points for 
tree segmentation process. The sliced stem point clouds were further denoised to 
eliminate the shrubs and felled trees so that individual trees could be segmented. This 
process resulted in two output point clouds, one for all large clusters and another 
comprising small clusters. Horizontal and vertical merging of logs was also carried out 
to reduce the effect of occlusion and to remove the smaller trees of < 10 cm DBH. The tree 
segmentation process was performed at the seed points belonging to the large clusters, 
then cylinder fitting with allometric corrections and QSMs models were applied to obtain 
the clear structure of trees. The DBH was computed by interpolating the reference height 
value at the intersection of 1.30 m above the DTM and centre of the circle, whereas tree 
height was calculated using the difference between the base of the tree and the tip of the 
point cloud inside the cylinder. Both parameters were saved in a separate result file for 
each of the sample plots in the study area.

3. Results

3.1. Descriptive analysis of field data

A total of fifty-nine individual tree species were recorded in the 24 sample plots, with six 
of these species accounting for more than half of this total, namely Syzygium spp (15%), 
Vatica spp. (13%), Mastixia trichotoma Blume (9%), 7% by syn. Acacia greggii (7%), 
Pimelodendrom spp. (7%) and Koompassia malaccensis (7%). The DBH and tree height 
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distributions of the major species were analysed and presented by means of scatterplots 
(Figure 3). Pimelodendrom spp has the largest mean DBH and mean height.

Figure 2. Example of manually extracted point cloud data of a sampled tree and the position of DBH 
and tree height measurements.
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3.2. Individual tree detection and accuracy assessment

All the twenty-four sample plots were used for manual and automatic extraction of 
individual trees from the TLS point cloud, one by one, using the RiSCAN PRO and 
Computree software, respectively. The tree tag was used to recognize the individual 
tree during the extraction. The correct detection percentage in the plots varied from 
69% to 100% for the manual method and 72% to 100% for the automatic method. The 
average detection rates per plot using the manual and automatic methods were 89% and 
90%, respectively (Figure 4).

3.3. DBH measurements and their accuracy

The coefficient of determination (R2) values for DBH comparison varied from 0.69 to 0.99 
for the sampled plots. The average value of R2 and root mean square error (RMSE) of all 
the trees across the sampled plots are 0.95 and 2.70 cm (Figure 5 (a)), which shows that 
there is a high agreement between the DBH derived from TLS and the DBH measured 
from the field. Although the average values of R2 and RMSE are accurate in comparison to 
the field measurements, the variations among the plots are very high. This shows that the 
manual method is very subjective and not consistent. Furthermore, a lot of effort and time 
is required to separate individual tree points from the whole set of data.

Similarly, the summary of fit (R2 values) for DBH comparison derived from the auto-
matic method ranged from 0.78 to 0.96, and the average values of R2 and RMSE of all 
sampled trees across the plots are 0.86 and 2.47 (Figure 5 (b)), cm respectively. This shows 
that the method results in a lower variation among the plots compared to those from the 
manual method. Scatter plots show the overall comparisons of DBH derived by manual 
and automatic methods with field measurements in Figure 5(a,b).

Figure 3. Scatterplots of DBH and tree height variation of major tree species.
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3.4. Tree height measurements and their accuracy

In the case of tree height, the value of R2 in the plots ranged from 0.38 to 0.99 while the 
mean R2 and RMSE of all the plots were found to be 0.77 and 2.96 m (Figure 6 (a)), 
respectively which demonstrated that there is a fair agreement between manually derived 
and field-measured tree heights. However, average tree height calculated manually was 
overestimated by approximately 8% in comparison to the field measurement in this study. 
Similarly, the R2 values for automatically derived tree heights range from 0.28 to 0.71. The 
mean values of R2 and RMSE for all the plots are 0.51 and 3.15 m (Figure 6 (b)). The overall 
comparison of tree heights derived by manual and automatic methods with field mea-
surements is shown in Figure 6(a,b)

Figure 4. Tree stem detection rate in 24 sample plots from both the manual and automatic methods.

Figure 5. Comparison of field-measured DBH with manually computed DBH (a), and automatically 
computed DBH (b).
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4. Discussion

4.1. Individual tree detection and accuracy assessment

Our results showed significant accuracy in detecting the stems of the individual trees, 
although there is some variation among the measured sample plots. Although the 
automatic detection rate is higher than that of manual detection, the algorithm failed 
to detect some trees with smaller diameters (DBH) in many plots. The variation in stem 
detection rate can be attributed to occlusions caused by the dense understory vegetation, 
which prevented some tags from being identified (the supplemental material; Figure S6 
(a) – (d)). Our findings of stem detection rate are quite consistent with the results of 
Othmani et al. (2011), who found an average detection rate of 90.60% with a single scan 
using the Computree algorithm.

4.2. DBH measurements and their accuracy

Our DBH estimation accuracy across the sample plots is consistent with the results of 
several studies. For example, Hopkinson et al. (2004) found an R2 value of 0.85 for DBH and 
regression slope 1.01 for deciduous forest. Kankare et al. (2013) obtained R2 and RMSE 
values of 0.95 and 1.48 cm, respectively by manual measurement in Scots pine and 
Norway spruce stands. Maas et al. (2008) obtained an RMSE value of 1.80 cm for DBH 
measurement in inventory plots of spruce and beech forests. Likewise, they found that 
computation of DBH using TLS in natural forests has limitations due to the presence of 
dense undergrowth compared to plantation forest, which has a less complex structure 
and generally sparser ground vegetation. Tansey et al. (2009) found RMSE values of 
3.70 cm and 1.90 cm computed by cylinder-fitting and circle-fitting, respectively. Watt 
and Donoghue (2005) found an R2 value of 0.92 by circle fitting in conifer plantation forest 
while Markku et al. (2015) demonstrated that a hybrid of polyhedral and cylindrical 
models is useful to model stem cross-section, which may improve the automatic algo-
rithm. Thus, our accuracy for manual and automatic methods of DBH estimations from TLS 
data are consistent with the results from other forest types. However, there is still 

Figure 6. Comparison of field-measured tree height with manually estimated tree height (a), and 
automatically derived height from TLS data (b).
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a possibility to improve the automatic algorithm in terms of its operational convenience, 
consistency and processing time (Table 2).

The main reason for the variation in DBH estimation found in our study is likely to be 
occlusion caused by the presence of understory vegetation in the tropical rainforest. Côté, 
Fournier, and Egli (2011) have suggested that the quality of point cloud obtained from TLS 
depends not only upon the amount of object occlusion but also upon external factors, 
such as wind, rain, fog, and relative humidity. The shadow caused by occlusion attributed 
to the main source of error in DBH and tree height measurement from TLS data. Manual 
DBH measurement from TLS data might also be affected by stem form (Kankare et al. 
2013). It varies due to the absence of a truly circular trunk at the cross-section and, 
consequently, results in different measurements where two horizontally perpendicular 
diameters meet.

4.3. Tree height measurements and their accuracy

Our results show a high agreement between the field and manually measured TLS 
(R2 = 0.77) but a significantly reduced agreement (R2 = 0.51) with the automatic method 
in estimating individual tree height across all the plots. Our findings are consistent with 
Beyene et al. (2020), who found R2 and RMSE value of 0.48 and 3.17 m in a similar forest 
type of Peninsular Malaysia. The estimation results might have been affected by different 
sources of error, which could account for the significant variation of the results in two 
separate methods. Overlapping and intermingling of tree crowns are an important source 
of error in tree height measurement in the tropical rainforest. Because it is almost 
impossible to separate all the point clouds belonging to individual smaller trees, their 
height might be over- or under-estimated.

Many studies (Cabo et al. 2018; Wang et al. 2019; Liu et al. 2018; Srinivasan et al. 2015; 
Krooks et al. 2014) have discussed the under- and over-estimation of the TLS estimated 
tree height and have identified several factors that may contribute to error propagation. 
In these previous studies, the existence or lack of points on the top part of the trees is the 
main constraint to the process. For example, Cabo et al. (2018), Wang et al. (2019), and 
Srinivasan et al. (2015) found overestimation from TLS data relative to the field measure-
ments in plots in dense forest, where small trees are often closely surrounded by and 
intermingle with larger crowns. In such situations, the higher trees are assigned to the 
former. In addition, several other studies (Stovall and Shugart 2018; Lau et al. 2019; 
Calders et al. 2015; Stovall et al. 2017) have compared TLS measured tree height to 

Table 2. Estimated time (in minutes) for different methods of inventory plot data acquisition and 
analysis.

Activity Direct field measurement

Terrestrial laser scanner, TLS

Manual measurement Automatic derivation

Plot establishment 10 20 20
Instrument set-up 5 20 20
Data acquisition 60 25 25
Data storage in GIS 5 10 10
Pre-processing 0 5 5
Data analysis 20 120 20
Total time 100 200 100
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manual or destructive measurements. Calders et al. (2015) found less biased TLS-derived 
height in open native eucalypt forest in Victoria, Australia; Stovall and Shugart (2018) 
revealed a slightly negative bias between TLS and manual tree measurement at plot level; 
Stovall et al. (2017) showed nearly unbiased results when comparing TLS height with the 
destructive tree height measurement, except for a single outlier; and Lau et al. (2019) 
found a negative bias of TLS height measurement due to understory occlusion in a mixed 
forest in Guyana. From these studies, it can be argued that it is difficult to obtain reliable 
field-based height estimates due to the very high uncertainty of tree height measurement 
in dense canopies. Besides, tree height measurement may also be affected by the com-
plexity of the terrain and precision of the height measuring instrument (i.e. Vertex or 
TruPulse 360B).

Hopkinson et al. (2004) found an acceptable R2 value of 0.86, and a regression slope of 
1.08 for tree height measurement with TLS in a Canadian deciduous forest. However, the 
tree heights were underestimated by 7% compared to the heights measured directly in 
the field. They found that this underestimation could be attributed due to intervening 
foliage obstructing the field of view, thus leading to a systematic underestimation of tree 
height derived by TLS. Tansey et al. (2009) concluded that automatic derivation of tree 
height at plot level in a forest near Leicestershire, United Kingdom with a high stem 
density is not possible. Similarly, Maas et al. (2008) obtained an unacceptably high RMSE 
value of 4.50 m for tree height measurement using TLS. They concluded that the highest 
point of the LiDAR returns might not be representative of the tree height due to the 
influence of occlusions and the under-sampling character of TLS. However, Calders et al. 
(2015) applied a semi-automatic segmentation method and were able to derive tree 
height with an R2 and RMSE values of 0.98 and 0.55 m respectively, which demonstrated 
the possibility to develop a robust method for automatic tree height extraction from TLS 
point cloud data.

In our research, we found that occlusion is the main reason for the erroneous estima-
tion of tree height. Occlusion occurs due to dense and intermingling tree crowns (the 
supplemental material; Figure S6 (a) – (b)), which impedes the separation of the whole 
crown, particularly in the case of small trees, when measuring the tree heights, both in the 
field and manually from TLS data. We therefore require prior information about crown size 
in a dense forest for manual extraction of the tree from point cloud data of the whole plot. 
In our experience, the manual measurement of tree height from a TLS point cloud is as 
subjective as manual tree height measurement in the field, and thus most of the small 
trees are overestimated due to overlapping with larger trees in automatic height 
extraction.

4.4. Possible sources of error in automatic methods

We also applied the circular cylinder fitting method, which can be very accurate for simple 
tree structures, such as coniferous and open forest, as demonstrated by Calders et al. 
(2015). However, in dense or clumped tree canopies, such as those in our study, there is 
significant occlusion and a higher order of branching, In such circumstances, the circular 
cylinder fitting approach can result in unexpected and unrealistic estimates of DBH and 
tree height and consequently, increased uncertainty (Calders et al. 2015; Hackenberg et al. 
2015b, 2015a). Uncertainty in the application of the circular cylinder fitting method might 
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also be due to the algorithms which rely on cylinders and are invariably error-prone when 
applied to non-cylindrical tree structures (e.g. buttress roots, multiple trunks; Stovall et al. 
2017). Calders et al. (2015) found that tree heights measured using traditional methods 
were underestimated in the case of trees up to approximately 16 m tall and overestimated 
for trees taller than 16 m, which is exactly the case in our study as we sampled larger trees 
in our study area. They found that circle fitting works well when stems are partially 
occluded in the TLS data, and that linear regression does not show bias. In our study, 
however, there is more occlusion of trees.

Although Markku et al. (2015) found that circular cylinder fitting is the most commonly 
used method because it is robust, fast and allows compact processing of a large number 
of trees. However, it resulted in a maximum volume error of 14% for extremely elliptic 
stems of the broadleaved forest with complex crown structure. Many large-diameter trees 
in our study forests have buttresses and forking stems, which do not follow the assump-
tion of being circular at breast height, which is the most optimal fit at 1.30 m, and instead 
should be measured above the height of the buttress (Cushman et al. 2014). Kearsley et al. 
(2013) found that including tree height information from traditional field inventory in 
biomass regression models may prove to be problematic, depending on the crown shape 
and apical dominance. For this reason, Disney et al. (2014), Calders et al. (2015) and 
Hopkinson et al. (2004) all have suggested that further testing in densely forested 
environments is needed before fully automated DBH and tree height estimation can be 
implemented reliably. However, TLS has the potential to more accurately estimate tree 
height in a complexly-structured forest by integrating it with airborne Lidar data and 
validating with the traditional field methods (Beyene et al. 2020).

5. Conclusion

Our study shows that TLS point cloud data can be used for the derivation of forest plot 
inventory parameters, i.e. stem detection, DBH and tree height, with reasonable accuracy. 
In the case of manual measurements, while our results show the potential of TLS data for 
the derivation of forest plot inventory parameters, the approach is subjective, tedious and 
time-consuming in practice. The acquisition of the multiple scans of the sample plot 
requires a corresponding increase in time for the scanning process, while the larger 
volume of data generated imposes increased demands for computer processing and 
storage. The results of the automatic extraction of DBH using the Computree software 
with SimpleTree plugin were very encouraging. Nevertheless, we found that some 
improvement is necessary for the successful detection of smaller diameter trees. 
Automatic derivation of tree height was relatively unreliable, due to the significant effects 
of occlusion and the higher order of branching in our study area. In forestry applications, 
automatic methods for processing TLS data appear to be more applicable than the 
manual methods. However, more robust automatic algorithms are required to derive 
reliable forest plot inventory parameters in the complex structure of tropical rainforest.
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