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A B S T R A C T   

Tree height is one of the most important tree attributes in forest inventory. However, using conventional field 
methods to measure tree height is a laborious and time-consuming process. Despite the great interest in the past 
to facilitate tree height measurements, new, upcoming solutions are not yet thoroughly investigated. In this 
study, we investigated the applicability of different close-range remote sensing options for tree height mea-
surement in a complex lowland deciduous forest. Six sample plots in a pedunculate oak forest were measured in 
detail using conventional methods. Close-range remote sensing datasets used in this study represent solutions 
from low-cost sensors used for hand-held personal laser scanning (PLShh), unmanned–borne laser scanning (ULS) 
and unmanned aerial vehicle photogrammetry (UAVimage). Each tree in the sample plots was interactively 
measured directly from the point cloud, and correspondence of the field- and remote sensing measured trees was 
verified using tree positions collected during fieldwork. Cross-comparisons of different datasets were performed 
to evaluate the performances of different data sources in the tree height estimation with respect to crown class, 
tree height and species. All remote sensing data sources correlated well, e.g. biases between remote sensing 
sources were around ± 1%. The field-measured tree height in general correlated well with remote sensing data 
sources. The uncertainties and bias of the field measurements were dependent on the tree height and crown class. 
Field measurements tended to underestimate codominant and intermediate trees at the approximately 1 m 
magnitude, whilst remote sensing data sources were robust to crown classes. Low-cost ULS used in this study, and 
very likely in general, may not have enough penetration capability when measuring low and mostly occluded 
trees, causing missed treetops. PLShh gave tree height estimates closer to the real tree height than those derived 
from conventional field measurements for trees above 21 m height.   

1. Introduction 

Tree height is, along with the diameter at breast height (dbh), one of 
the most important tree attributes in forest inventory (Wang et al., 
2019a). Tree height is often used to calculate individual tree and forest- 
stand attributes (e.g. volume, biomass, carbon stock, stand growth and 
productivity, site index, etc.) and its estimate reliability directly in-
fluences on the calculation of other attributes (Wang et al., 2019b). 
However, conventional tree height mensuration includes extensive 
fieldwork, and hence it is time-consuming, labour-intensive, and 
certainly one of the costliest data to collect within the current practical 
forest inventory (Durrieu et al., 2015). 

Individual tree heights can be measured using classic (i.e. conven-
tional) field methods, either directly (e.g. by measuring felled trees, 
using telescopic poles, climbing trees) or indirectly (e.g. by using cli-
nometers, hypsometers, rangefinders). The most accurate method to 
measure tree height is to measure the length of the felled tree, which is, 
however, destructive and rarely applicable. Telescopic height poles can 
also be used for direct tree height measurements, but they are applicable 
only for smaller trees, usually up to 15 m (Larjavaara and Muller- 
Landau, 2013; van Laar and Akça, 2007). Climbing the tree for direct 
tree height measurement is also possible, but it is inconvenient for larger 
samples and is almost exclusively used for research purposes (Goodwin, 
2004). 
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Indirect methods using hypsometers or rangefinders are currently 
commonly used in practical forest inventory (Božić et al., 2005; Luoma 
et al., 2017; Stereńczak et al., 2019). Compared to direct methods, in-
direct methods are more effective for larger samples and can measure 
trees that are taller than height poles. Even though it is commonly 
recognised that tree height estimates based on using clinometers are 
subject to measurement errors due to various factors (e.g. forest and tree 
structure, tree species, tree height, topography, measuring distance, 
instrument and human errors, etc.) (Stereńczak et al., 2019), field tree 
height measurements by well-trained staffs are still widely understood 
as the most accurate tree height estimates available. More importantly, 
in forest practice, measurement errors are conventionally regarded as 
random. Commonly used instruments for tree height measurement are 
based on the tangent method, for which Larjavaara and Muller-Landau 
(2013) reported a small systematic and high random error. 

Nevertheless, the accuracy of tree height estimates by conventional 
methods has been questioned lately. Persson et al. (2002) stated that 
field measurements could contribute to errors of Airborne Laser Scan-
ning (ALS) estimated tree height, whereas Hyyppä et al. (2004) pointed 
that field measurements may not be a suitable reference for a detailed 
evaluation of ALS tree heights. Hopkinson et al. (2008) noted that ALS 
was more consistent and precise in growth estimation than conventional 
methods. 

Discussion on whether conventional field tree height estimates are as 
reliable as commonly believed and whether close-range remote sensing 
can be used as a reliable tool to estimate tree heights was initiated 
recently in Wang et al. (2019a) where the authors compared tree heights 
derived by conventional field measurement to those obtained by the best 
state-of-the-art close-range remote sensing technologies, i.e. high-end 
unmanned–borne laser scanning (ULS) and professional terrestrial 
laser scanning (TLS), in typical Nordic boreal forests. Based on analyses 
of 1174 individual trees across 18 sample plots, they found that field 
measurements tend to have a systematic error that overestimates the 
height of tall trees in codominant crown class. Compared to laser 
scanning (LS), field measurements were also found to be more sensitive 
to stand complexity, crown classes, species and had high uncertainties 
for small trees in intermediate and suppressed crown classes in dense 
stands. In contrast, the ULS technique maintained robust performance 
across all stand conditions. The taller the tree, the more reliable was the 
ULS-based tree height. TLS was shown to reliably measure tree height 
below 15–20 m depending on forest complexity. The results showed that 
there can be a systematic error in the field tree height estimation for 
some tree height groups and also demonstrated the robustness of LS 
systems in terms of geometric data accuracy. The greatest challenges of 
LS techniques in measuring individual tree heights lie in the occlusion 
effects, which lead to the omission of trees in intermediate and sup-
pressed crown classes in ULS or ALS data and lead to incomplete crowns 
of tall trees in TLS data (Wang et al., 2019a). 

These findings contradict what was previously expected in tree 
height mensuration, i.e. that field observations are unbiased and remote 
sensing has a very limited capacity to quantify tree heights. For example, 
ALS had been widely expected to underestimate tree height due to lack 
of direct hit on the treetop and due to the laser beam penetration effects, 
as well as questioned on the capability of measuring intermediate and 
suppressed trees. The test in the previous study was conducted in boreal 
forests. It would be interesting to assess the performance of close-range 
remote sensing in other forest types. In addition, the previous study 
focused on high-end sensors and the best state-of-the-art LS. Various 
solutions integrating low-cost sensors have appeared in recent years and 
significantly increased the accessibility of remote sensing techniques for 
different applications, but they are generally associated with lower 
geometric data accuracy compared to high-end sensors. Regarding tree 
height measurement, it will be interesting to quantify the quality of the 
tree height estimates and to reveal the applicability of such low-cost 
close-range remote sensing technologies. 

The main goal of this study is to compare tree height measurement 

from the conventional instruments and various close-range remote 
sensing solutions in a deciduous forest, thereby to provide insight into 
the performance of different up-to-date low-cost remote sensing tech-
nologies (hand-held personal laser scanning – PLShh, ULS, Unmanned 
Aerial Vehicle (UAV) photogrammetry – UAVimage) for individual tree 
height estimation in mixed broadleaved forests. Accordingly, we aimed 
to present their applicability for tree height measurements as a cost- 
effective alternative to labour-intensive conventional field methods. 

Results of our study confirm that tree height influences conventional 
measurement methods’ uncertainty and bias. In addition, we found that 
tree crown class bears the main contribution, which was rarely 
addressed in previous studies. Remote sensing data were more robust to 
crown class and tree height, and outperformed field measurements for 
trees above 21 m height while maintaining a consistent agreement with 
field measurements for low trees. Therefore, results reported in this 
study, which differ from what was commonly expected, coincide with 
findings in Wang et al. (2019a), showing that field observations tend to 
have a bias and remote sensing data displays a good capacity to measure 
tree height. 

The paper is organized as follows. A review of related studies is in 
Section 2. Section 3 outlines the materials and methods. The results and 
discussion are presented in Sections 4 and 5, respectively, followed by 
the conclusion in Section 6. 

2. Review of related studies 

Stereńczak et al. (2019) conducted a thorough study on the tree 
height measurement using destructive measurement and conventional 
instruments (clinometer, hypsometer, rangefinder), based on 2388 trees 
of a number of tree species (Pinus sylvestris L., Picea abies (L.) H. Karst, 
Larix decidua Mill., Abies alba Mill., Quercus robur L., Fagus sylvatica L., 
Alnus glutinosa Gaertn. and Betula pendula Roth.). All sampled trees were 
felled and their measured length was used as a reference to validate the 
accuracy of the indirect tree height measurements with different in-
struments, including the SUUNTO clinometer (SUUNTO, Finland), the 
EC II hypsometer (Haglöf, Sweden), the VERTEX IV hypsometer (Haglöf, 
Sweden) and the FOREST PRO rangefinder (Laser Technology, USA). It 
was revealed that the type of instrument used had a negligible impact on 
the accuracy of tree height measurements. However, biometric (tree 
length, tree species and tree age) and topographic (terrain slope, alti-
tude) factors induced the largest error in tree height estimation. Overall, 
they obtained higher accuracy of tree height measurements for conif-
erous species. The Relative Error (RE) (difference of the measured tree 
height and length divided by length and expressed as a percentage, also 
referred to as relative bias) ranges from − 0.19% to 1.23% for coniferous 
species, and from − 1.25% to 2.52% for deciduous species. Heights of 
almost all species were underestimated when using conventional 
methods, with RE ranging from − 0.19% to − 1.69%, while heights of 
Q. robur were reported to have been systematically overestimated by 
2.52%. 

In conventional tree height measurement, having well-trained staff is 
key. Kitahara et al. (2010) stressed the importance of surveyor training 
prior to using indirect measurement methods. Similarly, Stereńczak 
et al. (2019) stated that experienced surveyors do not introduce sys-
tematic measurement errors. 

Remote sensing provides non-destructive technologies to measure 
tree heights indirectly. Lately, attention has been given to light detection 
and ranging (LiDAR) technologies. Terrestrial LiDAR or TLS has 
attracted much attention in forest inventory studies in recent years, 
particularly for the estimation of the most important individual tree 
attributes, such as tree height (Liang et al., 2018a). 

In plot-level forest inventory, static TLS is applied using three ap-
proaches: single-scan, multi-scan, and multi-single-scan TLS. By 
applying multi-scan TLS, forest plots can be digitised accurately, auto-
matically, and in detail at the millimetre level. The drawbacks of multi- 
scan TLS are long acquisition time (due to setup required in multiple 
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locations throughout the plot) and particularly the fieldwork needed to 
address registration requirements. However, the multi-scan approach 
reduces surrounding trees’ occlusion effects and provides considerably 
more accurate estimates of tree attributes (Liang et al., 2018a), 
including tree height, in low and medium complexity forests. The multi- 
single-scan approach digitises forests at a similar level of detail as the 
multi-scan approach but releases the field crews from the data-level 
registration concerns. However, treetop visibility is still an issue in 
coniferous forest and during the leaf-on period in broadleaf forests 
(Hopkinson et al., 2004, Liang et al., 2018a; Wang et al., 2019a). The 
single-scan approach is fast but has a clear challenge of recording all 
trees on the sample plots. 

Mobile laser scanning (MLS) uses a LiDAR sensor on a mobile plat-
form such as an all-terrain-vehicle, which enables the coverage of a 
much larger forest area within the same time period than TLS (Liang 
et al., 2014). It tackles two problems that are challenging TLS — 
acquisition time and treetop visibility. However, vehicle accessibility to 
certain forest areas can also be a challenge and thus is a disadvantage of 
MLS. Furthermore, the quality of MLS data, particularly its accuracy, 
greatly depends on the georeferencing method used. Typically, MLS uses 
a LiDAR sensor and an inertial measurement unit (IMU) in conjunction 
with the global navigation satellite system (GNSS), and the quality of the 
data depends on the accuracy of all three of these components (Liang 
et al., 2014). The GNSS signal is usually degraded in a forest environ-
ment, and that has a significant impact on MLS mapping. Simultaneous 
localisation and mapping (SLAM) algorithms (Kukko et al., 2017; Qian 
et al., 2017) are anticipated to improve the data quality, but they are not 
practically used in forest conditions yet. Current tree height estimates 
from MLS is at the 20%–40% relative Root Mean Square Error (RMSE) 
level in different boreal forest conditions, which is comparable to single- 
scan TLS but less accurate than multi-scan TLS (Liang et al., 2018b). 

The PLS is a new concept conceived as a backpack-MLS (Hyyppä 
et al., 2013; Kukko et al., 2012). It also uses a GNSS with IMU for 
georeferencing and integrates SLAM algorithms to improve the trajec-
tory accuracy (Lauterbach et al., 2015), and because these sensors are 
carried by a person, they are highly mobile and lightweight. As a result 
of further sensor miniaturisation, a hand-held PLS (PLShh), also referred 
to as hand-held MLS, has emerged in recent years (Bosse et al., 2012). 
Despite good mobility and high efficiency, the first PLShh systems were 
limited in measurement ranges. ZEB1 and ZEB-REVO (GeoSlam Ltd, of 
Bingham, Nottinghamshire, UK), the most frequently used instruments 
in recently conducted forest studies, have manufacturer-declared ranges 
of 30 m indoors and 15–20 m outdoors. Therefore, previous studies were 
mostly focused on the height estimation of trees not higher than 20 m 
(Cabo et al., 2018; Giannetti et al., 2018; Perugia et al., 2019). 

Giannetti et al. (2018) investigated the effect of ALS data fusion with 
PLShh (ZEB1) and TLS for estimating various individual tree attributes in 
Mediterranean forests dominated by coniferous (Cupressus sempervirens 
L. and Pinus pinaster Aiton) and broadleaf evergreens (Quercus ilex L.). 
Both multi-scan TLS and PLShh underestimated tree height (TLS: RMSE 
= 0.88 m, bias = − 0.61 m; PLShh: RMSE = 2.15 m, bias = − 4.61 m). The 
lower accuracy of tree height estimates using PLShh was caused, partially 
at least, by its limited scanning range. However, the fusion of PLShh and 
TLS with ALS considerably improved the accuracy of tree height esti-
mates while maintaining an underestimation trend (TLS: RMSE = 0.43 
m, bias = − 0.19 m; PLShh: RMSE = 0.94 m, bias = − 0.30 m). 

Perugia et al. (2019) used the same PLShh instrument (ZEB1) as in the 
above-mentioned study to examine the influence of the survey path on 
the estimation of individual tree attributes. The research was conducted 
in pure Castanea sativa Mill. stands of low density (110 trees/ha) in 
central Italy. As a result, they proposed an optimal path in terms of 
accuracy and cost but also emphasised the importance of conducting 
further studies to test the performance of other possible survey paths and 
other types of PLShh instruments in different forest types and more 
complex forest structures. 

More recently, collecting data by unmanned aerial systems or 

unmanned aerial vehicles (UAVs) has been considered a cost-effective 
alternative to both ALS and digital aerial photogrammetry, especially 
for forest inventories in smaller areas (Puliti et al., 2017, 2015). UAVs 
are capable of carrying different types of sensors that can provide 
valuable information on forests at very high spatial and temporal reso-
lutions. The common UAV on-board sensors are a digital camera and a 
LiDAR sensor, i.e. ULS (Jaakkola et al., 2010; Lin et al., 2011; Wallace 
et al., 2012, 2014). The LiDAR sensors are considerably more expensive 
but provide detailed information on forest structure, including ground 
information (Liang et al., 2019). 

Mikita et al. (2016) combined UAV and terrestrial photogrammetry 
to estimate dbh and tree heights in part of 124-years-old Norway spruce 
stand. High accuracy was achieved for both attributes. The RMSE values 
were 0.91 cm for dbh and 1 m for tree height. The potential of high 
temporal resolution UAV images for measuring tree height growth at 
short time scales was demonstrated in a study concerning a temperate 
mixed-forest stand in Germany (Dempewolf et al., 2017). The authors 
reported photogrammetrically estimated tree height growth that was in 
agreement with terrestrial measurements. Ganz et al. (2019) reported 
opposite effects for conventional measurements in study focusing on 
Douglas fir height estimation, i.e. conventional measurements under-
estimated (RMSE = 1.02 m, ME = − 0.66 m), whilst UAV photogram-
metry overestimated (RMSE = 0.49 m, ME = − 0.13 m) tree height. 
Based on direct measurements of 289 felled Scots pine trees from an 
even-aged monoculture stand, Krause et al. (2019) reported that con-
ventional tree height measurements tend to slightly overestimate real 
height (Mean Error – ME = 0.14 m, RMSE = 0.30 m), whereas the 
UAVimage measurements underestimate heights (ME = − 0.13 m, RMSE 
= 0.34 m). They emphasised that such positive and negative mean errors 
show potential for the misinterpretation of results when image-based 
tree heights are validated with field measurements. 

Jaakkola et al. (2010) demonstrated the potential of the ULS system 
for tree-height estimation, which was further recognised by Lin et al. 
(2011). Wallace et al. (2016) confirmed the ULS potential for individual 
tree height assessment. ULS tree heights were evaluated against con-
ventional field measurements, achieving RMSE of 0.4–0.7 m, which is 
close to the standard deviation reported for conventional measurements 
(0.8 m). Liang et al. (2019) carried out an extensive study on the ULS 
performance for individual tree height estimation in boreal forest 
dominated by Pinus sylvestris L., Picea abies (H. Karst.) L., B. pendula Roth 
and B. pubescens Ehrh. The ULS tree height estimates were evaluated by 
comparison with the results of conventional field measurements from 22 
plots of various stand conditions. The results showed very good per-
formance of ULS for tree height estimates, especially for low complexity 
plots (e.g. 600 stems/ha: RMSE = 10 cm, bias = 2 cm), but the 
completeness was relatively low, i.e. 50% in the low complexity plots 
and 20% in the high complexity plots. Wieser et al. (2016) conducted a 
study in the riparian area covered by grassland and alluvial forests and 
found that in general ALS systems underestimate both low and high 
vegetation with bias up to 0.60 m, compared to high-end ULS. However, 
it is important to note that the study was conducted in a deciduous forest 
in the leaf-off period. 

ULS has some different characteristics than ALS. ALS is expected to 
underestimate tree height due to the laser beam penetration before 
sufficient backscatter is received (Hopkinson, 2007), or to miss the 
treetop due to low point density (Hyyppä et al., 2004). ULS, however, 
does not typically have such penetration or missing treetops problems 
because of the low flight altitude and high scanning frequency. 

Lately, terrestrial imagery has been used as a low-cost alternative to 
TLS. However, it is very challenging to obtain tree height using an 
image-based point cloud, and therefore tree height estimation has not 
been studied before (Liang et al., 2015; Mokroš et al., 2018; Piermattei 
et al., 2019). 

As a result of the above studies, both terrestrial and UAV platforms 
are now of great interest in forest science and practice, and multiple 
studies on their application to forest inventory have been conducted. 
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However, thorough studies comparing these technologies within the 
same study area, which would give a deep insight into the possibilities 
and potentials of the technology, have been mostly lacking. 

3. Materials and methods 

The data used in this study were collected by four different data 
sources; PLShh, ULS and UAVimage sensors and by conventional field 
measurements. All the datasets were collected in a period from February 
2019 to April 2019: PLShh data and field measurements were collected 
during the leaf-off period (February), and ULS and UAVimage data were 
collected in the early leaf-on period (April). 

Although tree height growth in a short period of 2-month is indis-
putable, its amount and contribution to tree height is, however, unclear, 
but arguably small. Only a few studies focused on intra-annual tree 
growth analyses and they were conducted on young trees (up to 2 m 
height), different species (beech and spruce) and climate conditions 
(Salminen and Jalkanen, 2007, Konôpka et al., 2014). Typically, pri-
mary growth happens at the apical meristem, while secondary growth 
manifests as an increase in stem diameter. In a study that has been 
conducted on the same study area (Anić et al., 2018), it was found that 
net primary productivity starts in April, which indicates possible prior 
primary growth in February-April period. It is important to note the 
possible influence of apical meristem growth since this study analyses 
sub-metre accuracy in height estimation. However, the influence is 
ambiguous, and probably in the range of the measurement error of used 
tools, especially since the study area consists of broadleaved species and 
apical meristem is not necessarily vertical. 

The difference in the foliage condition does not have any substantial 
impact on the tree heights during the period either since leaves do not 
change tree height notably, but it influences the readability and usability 
of the data from certain sources, e.g. it is expected that the leaf-on period 
benefits UAV-based imagery observations compared to the leaf-off using 
low-cost sensors (Huang et al., 2019). 

3.1. Study area 

The study was conducted in northern Croatia, in a lowland deciduous 
forest (45◦38′N 15◦43′E; 110 m above sea level), near Jastrebarsko and 
35 km southwest of Zagreb. The forest is part of the Pokupsko basin 
forest complex and is within the Jastrebarski Lugovi management unit. 
The main forest type is even-aged pedunculate oak (Quercus robur L.) 
mixed with other tree species: common hornbeam (Carpinus betulus L.), 
black alder (Alnus Glutinosa (L.) Gaertn.) and European ash (Fraxinus 
excelsior L.). The terrain is dominantly flat with negligible variations. 

Six circular sample plots (15 m radii) were set up in an oak stand for 
the test. The stand is an 83 years old pedunculate oak forest with a plot 
density of 305 trees/ha. The forest is homogeneous, with pedunculate 
oak in the dominant and codominant crown classes and other tree spe-
cies (common hornbeam and black alder) in the intermediate and sup-
pressed crown classes. The presence of the understorey vegetation 
(Corylus avellana L. and Crataegus monogyna Jacq.) in the plots was 
moderate. Fig. 1 shows the orthophoto of the study area with plot dis-
tribution and ULS, UAVimage and PLShh trajectories, which is further 
detailed in Sections 3.2–3.4. 

3.2. Conventional field measurements 

Field data from six sample plots were collected during the leaf-off 
season (February 2019). Of 130 trees present within the plots, the 
heights of 122 trees were measured using a Haglöf Vertex III ultrasound 
hypsometer. The remaining tree heights were not measured owing to 
visibility restrictions obscuring treetops. Each tree was measured by 
three observers from three independent positions. For each measure-
ment, the distance from the observer to the tree was at least equal to the 
height of the measured tree. In case a tree was leaning, the treetop was 
observed from the side perpendicular to the lean direction. 

Each measurement contains instrument related errors as well as 
observer-specific errors such as misidentification of treetops. Prior to the 

Fig. 1. Study area showing sample plots in Jastrebarski Lugovi, Croatia. (a) Location of test forest; (b) Orthophoto with UAVimage, ULS and PLShh trajectories in red, 
pink and orange colour, respectively, Ground Control Points (GCPs) as white triangles and plot distribution. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.) 
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analysis, these three independent tree heights measurement were 
inspected, and the field-measured tree heights agreed with each other 
well. The average standard deviations of conventional field measure-
ments with respect to crown classes were 0.29 m for dominant, 0.29 m 
for codominant, 0.38 m for intermediate and 0.39 m for suppressed 
class, and 0.31 m when all measurements are observed, regardless of the 
crown class. Averaged heights were used for further analyses. All tree- 
height measurements conducted with close-range remote sensing sour-
ces with residuals of more than ten percent with respect to field- 
measured height were reviewed and excluded from further analyses. 

Besides tree height, tree species and crown class were recorded. Tree 
crowns were classified into four categories: dominant (Dom), codomi-
nant (Cod), intermediate (Int) and suppressed (Sup). Despite the subject 
area containing only main and secondary vegetation layers, each tree 
crown was classified with respect to visibility and position relative to 
other trees. The main vegetation layer consists of dominant and 
codominant crown categories: dominant trees have a distinct crown 
dominating surrounding crowns, while codominant trees’ crowns 
intertwine with crowns of neighbouring trees. The secondary vegetation 
layer consists of intermediate and suppressed trees: intermediate trees’ 
crowns are partially occluded and suppressed trees fully occluded by the 
crowns of the main vegetation layer. Brief measurement statistics and 
study area quantification are presented in Table 1. 

Also, the position of each tree, which was precisely measured using a 
Topcon es65 total station, was used to avoid wrong matches in the 
height analysis procedure, to verify PLShh data quality and to assess the 
quality of the Digital Terrain Model (DTM) that was used for the height 
estimation. 

3.3. UAV imagery (UAVimage) 

UAV imagery was collected on April 26, 2019, during the early leaf- 
on season. The UAV used for image collection was a custom made 
hexacopter based on the open-source software Arducopter (v.3.6.7), 
equipped with a Sony A6000 camera and 18 mm lens. A dual-frequency 
RTKite GNSS receiver (North Surveying, Barcelona, Spain) and Helix 
antenna (Maxtena, of Rockville, Maryland, USA) were used to obtain 
precise exterior orientation positions. In addition, six GCPs were set up 
in canopy opening areas (Fig. 1) and measured using a total station 
(HTRS96/TM; EPSG:3765). GCPs were stabilised using wooden stakes 
(5 × 5 × 40 cm) and marked with a marker on the top of them. 

Imagery collection was conducted during a single 15 min flight. A 
total of 254 images (6000 × 4000 pixel resolution) were taken at an 
altitude of 120 m with ground sampling distances of 2.5 cm at ground 
level and 2 cm at the top canopy height of 33 m. The predefined endlap 
was 85% and sidelap, 70%. The camera and on-board GNSS receiver 
were connected via a hotshoe, providing precise synchronisation of the 
camera exposure and GNSS receiver, which enabled calculation of pre-
cise exterior orientation positions in the post-processing. GNSS positions 
were calculated relative to the Croatian Positioning System Virtual 
Reference Station (CROPOS VRS) by open-source software RTKLIB 
(demo5.b31) and were corrected for the directly measured lever arm i.e. 
the offset between the camera perspective centre and the GNSS antenna 
phase centre. GNSS-supported aero-triangulation was used as 

georeferencing method, using both GCPs and post-processed kinematics 
exterior orientation position observations and optimizing camera inte-
rior orientation within the adjustment. 

Half resolution images (i.e. level 1 image pyramid) were used to 
generate an image-based point cloud with ~880 points/m2. The image 
pyramid scale was chosen based on visual and geometric inspection of a 
portion of the point cloud (i.e. a single plot). In comparison with the 
point cloud generated using original resolution images, that generated 
with half-resolution images contains more structure (tree canopies), 
while maintaining vertical cloud-to-cloud agreement (average distance 
of 3 cm). CloudCompare software (v.2.9.1) was used to assess cloud-to- 
could vertical agreement, and photogrammetric processing was con-
ducted using Agisoft Photoscan (v.1.4.6) software. 

3.4. Unmanned -borne laser scanning data (ULS) 

ULS data were also collected on April 26, 2019, using a custom-made 
Y6 copter based on Arducopter (v3.6.7) software. The UAV was equip-
ped with an LS Nano M8 LiDAR sensor (LIDAR SWISS, of Buchs, 
Switzerland) with an integrated survey-grade micro-electromechanical 
systems IMU/GNSS (not specified by the manufacturer) and Helix an-
tenna (Maxtena, of Rockville, Maryland, USA). The operating wave-
length of the sensor is 905 nm, the field of view is 360◦ × 20◦ with eight 
scan lines, the maximum operating range is 150 m, and range accuracy 
is ± 3 cm at 50 m. The 3 mrad angular resolution of the beam resulted in 
a circular footprint of 10 cm radius in the nadir direction and ellipses 
with up to 0.5 m lateral axes on the far end of scan lines. 

The acquisition was done within the single 15 min flight, at a flying 
altitude of 70 m and a flying speed of 5 m/s. Four flight lines (ULS in 
Fig. 1) with ± 50◦ off-nadir scan angles resulted in 75% sidelap. Pulse 
and frame rates were set to 420 Hz and 20 Hz, respectively, recording an 
average of 285 points/m2. The ULS point cloud consisted of 84.14% 
first, 15.59% second and 0.27% third returns. Angle step size was not 
specified by the manufacturer, but according to manual assessment, the 
distances between subsequent in-line points and scan lines at ground 
level were ~18 cm and ~6 cm in nadir, respectively, and at the top- 
canopy level were ~9 cm and ~3 cm. Given the footprint size, the 
flying height of 70 m and canopy top height of 33 m, full coverage was 
obtained for the canopy level. An on-board camera was used to colour 
the point clouds, although the point cloud colour was not used in the 
analyses. Trajectories were obtained by post-processing GNSS data using 
NAVsolve software (Oxford Technical Solutions Ltd., of Middleton 
Stoney, Oxfordshire, UK) and the CROPOS VRS. Then, LiDAR data were 
georeferenced (via accompanying software LS GEO-LAS) and exported 
in the HTRS/96TM coordinate system. 

3.5. Hand-held personal laser scanning data (PLShh) 

PLShh data were collected on February 8, 2019, during the leaf-off 
season to mitigate vegetation induced occlusion of tree stems and 
tops. A GeoSLAM Horizon PLShh device (GeoSlam Ltd, of Bingham, 
Nottinghamshire, UK) was used for data collection. It is an IMU-aided 
PLShh device based on SLAM algorithm and is thus independent of the 
GNSS signal that is usually degraded in forest areas. It consists of a 

Table 1 
Summary of plot measurements.    

Crown Class  Height (m) 

Species Number of trees Dom Cod Int Sup Number of measurements Min Max Mean Standard deviation 

Oak 71 30 30 5 6 71  13.60  33.13  28.88  3.64 
Hornbeam 45 1 1 16 27 39  14.60  31.63  20.04  3.30 
Alder 6 0 1 4 1 6  9.20  24.73  19.91  5.92 
OHB* 8 0 0 2 6 6  12.17  25.80  17.79  4.41 
All 130 31 32 27 40 122  –  –  –  –  

* OHB - Other hardwood broadleaves. 
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rotating LiDAR sensor and an IMU sensor, data storage and power 
supply. The integrated LiDAR sensor is a VLP-16 (Velodyne Lidar, of San 
Jose, California, USA), operating at 903 nm. The angular step size of the 
sensor is 0.1◦–0.4◦, with a 3 mrad beam divergence, resulting in a 
footprint of 5 cm radius at the crown top layer (33 m from the sensor). 

Acquisition across six study plots was divided into three sessions: a 
single plot during the first (plot 139), two plots (134 and 135) during the 
second, and the remaining three neighbouring plots during the third 
(140, 141 and 143). The PLShh trajectory is shown in Fig. 1. Data 
collection lasted ~4 min per plot, but the actual time spent to measure 
each plot was slightly shorter as some time was spent walking from one 
plot to another. The walking path was not planned in advance and was 
conducted by a guided operator unfamiliar with the terrain and forest 
structure. 

Point clouds were georeferenced (HTRS96/TM) using artificial 
spheres placed on previously established GCPs, which had been 
measured (5 × 5 × 40 cm) by the total station and stabilised with 
wooden stakes. Three artificial spheres used for georeferencing were set 
on plot 139, a single sphere on plot 135, and two each on plots 134, 140, 
141 and 143, to ensure that there were at least three spheres recorded 
during each session. Collected PLShh data were processed using the 
GeoSLAM HUB software. 

Each remote sensing dataset was sampled to represent four different 
crown classes (Fig. 2). The resulting examples show that PLShh data 
successfully recorded the treetop regardless of the tree crown class, 
which is not the case with the ULS and UAVimage data. ULS managed to 
reconstruct crowns of the trees, but point densities of trees in the in-
termediate- and suppressed-crown classes were substantially reduced 
compared to trees of the dominant- and codominant-crown classes, 
potentially introducing gross errors. Dominant and codominant tree 
crowns reconstructed using UAVimage typically had sufficient points to 
make the treetop easy to identify visually, but some intermediate- and 
particularly suppressed-crown trees lacked reconstructed canopy struc-
ture, thereby also introducing gross errors. 

3.6. Tree height measurements 

The variety of data used in this study required different approaches 
for individual tree height estimation. UAVimage and ULS tree height es-
timations were conducted manually on the point cloud data, whereas a 
semiautomatic segmentation procedure was applied for PLShh point 
cloud data prior to height estimation. 

Tree heights from the ULS and UAVimage data were measured on the 
basis of tree canopy structure. Unlike PLShh based point clouds, by which 
tree base and trunk are easily detectable, low-density ULS and UAVimage 
-based point clouds typically record only the tree canopy, therefore, a 
DTM is required for tree height estimation. Such data are used to esti-
mate both the position and height of the trees in coniferous forests or 
plantations in some studies (Bonnet et al., 2017; Nevalainen et al., 
2017). However, in natural deciduous forests, the individual tree 
detection rate is degraded owing to dense canopy structure and because 
the treetop mostly does not correspond to tree position in cases of 
irregular canopy shape and tree leaning (Sperlich et al., 2014). Due to 
dense canopy cover, image-based methods did not reconstruct a suffi-
cient number of homogeneously distributed ground points. However, it 
was visually confirmed that at the canopy level UAVimage and ULS point 
clouds correspond well with no systematic shift. 

We created a DTM of the surveyed area using the ULS point cloud 
data to support tree height estimation for both UAVimage and ULS data. 
First, we used Global Mapper LiDAR module (v.20.0, Blue Marble 
Geographics, of Hallowell, Maine, USA) to classify ground points. In 
total, 10.7% of all points were classified as ground points, resulting in an 
average density of 26 ground points/m2. Using the minimum-value 
binning method, we created a DTM with a 0.5 m spatial resolution; 
we then visually inspected it for outliers, and none were found. To verify 
and confirm that no DTM-related systematic errors affected tree height 

estimation, the DTM was compared to the ground points. Ground points 
are tree positions and terrain height measured using the total station. We 
used 128 ground points and obtained RMSE of 9.8 cm and bias of 3.1 cm. 
Given that RMSE reflects the accuracy of the measurement method (i.e. 

D
om

in
an

t 
C

od
om

in
an

t 
In

te
rm

ed
ia

te
Su

pp
re

ss
ed

 

Fig. 2. Examples of PLShh, ULS and UAVimage point cloud data by the crown 
class of presented tree. Point clouds are in the local coordinate system. 
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total station and ULS) while the bias was negligible, DTM introduced no 
significant influence on height estimation. Because deciduous trees 
commonly lack a distinct treetop, surveyed tree positions were used as 
supplementary data for tree height estimation. Assuming that treetop 
and tree position vary horizontally <4 m, two perpendicular transects of 
4 m width and 8 m length, intersecting at the surveyed tree position 
were used for manual treetop marking. Tree height was estimated as the 
height difference between the marked treetop and DTM height at the 
same coordinate position. This procedure was applied to both ULS and 
UAVimage datasets. 

The PLShh data were processed using the open-source software 
Computree (v.5.0.215c) (Piboule et al., 2013), relying primarily on 
Simpletree plugin algorithms (Hackenberg et al., 2015). The processing 
chain consisted of ground and vegetation classification, followed by 
automatic tree detection and then individual tree segmentation. Tree 
position was calculated as a mean of all points of a segmented tree 
within 0.2–0.6 m tree height. Estimated positions were used to verify 
PLShh data quality and it was found that position estimates of PLShh 
agree well with total station measurements (RMSE = 14.8 cm), with no 
systematic displacement which confirms that there were no geometric 
distortions in the data at the ground level. Canopy level data were 
visually compared to ULS and UAVimage data and again no significant 
data distortion was observed (Fig. 2). Nevertheless, a few miss- 
registrations of scans were observed in the PLShh data and example 
can be seen on Fig. 2 for the codominant tree, however, this is 
comparatively a small number of points and it did not influence the 
automatic procedure of tree detection and manual height estimation. 
Furthermore, tree positions were used to verify the correspondence of 
the PLShh detected trees with the field-measured trees. Because the 
applied automatic procedures did not affect the upper canopy point 
cloud structure, the height measurements reflect the accuracy of the raw 
point cloud data. Segmentation errors were observed primarily in the 
upper canopy, most probably originating from the low point density of 
the upper tree structure. To avoid the influence of such errors, tree 
height was calculated as a distance between the manually selected 
lowest and highest point of the tree. 

3.7. Data comparison and analysis 

Tree heights estimated using different data sources were compared 
to each other to evaluate platform and sensor capacity for measuring 
deciduous tree heights. Comparisons were conducted in pairs, and six 
data pairs were evaluated: PLShh and field measurements (PLShhvs.FM), 
ULS and field measurements (ULSvs.FM), UAVimage and field measure-
ments (UAVimagevs.FM), ULS and PLShh (ULSvs.PLShh), UAVimage and 
PLShh (UAVimagevs. PLShh), and UAVimage and ULS (UAVimagevs.ULS). We 
also performed evaluations with respect to the data source, tree crown 
classes, tree height groups and tree species. Four tree height groups were 
considered: 15–20 m, 20–25 m, 25–30 m, and 30–35 m. For tree species, 
we evaluated only oak and hornbeam, the only two species with suffi-
cient samples (71 and 45 trees, respectively) in the study area. Within 
each evaluation, we used the Pearson’s correlation coefficient (r) and 
calculated Root Mean Square Deviation (RMSD) (1), relative RMSD 
(RMSD%) (2), bias (3) and relative bias (bias%) (4). 

RMSD =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i=1

(
hi,b − hi,a

)2

N

√

(1)  

RMSD% =
(

RMSD/ha

)
× 100 (2)  

bias =
∑N

i=1

(
hi,b − hi,a

)/
N (3)  

bias% =
(

bias/ha

)
× 100 (4) 

In the Eqs. (1)–(4) i indicates sample index; N is a number of samples; 

and subscripts a and b denote the measurement method used. Regarding 
the method, if for instance, it is ULSvs.FM, a corresponds to field mea-
surements, and b corresponds to ULS. The results obtained by data 
comparisons were used to draw conclusions on measurement method 
performance for tree height estimation. Prior to the analysis, data were 
manually examined for outliers and all measurements with residuals of 
more than ten percent with respect to field-measured height were 
reviewed. Field-measured tree height was measured by three indepen-
dent observations, by different operators in different viewing positions, 
thus had a low possibility of gross error. 

4. Results 

Conventional methods (field measurements), PLShh, ULS, and UAV-
image successfully estimated 122 (31 Dom, 32 Cod, 27 Int and 32 Sup), 
117 (31 Dom, 32 Cod, 26 Int and 28 Sup), 110 (31 Dom, 32 Cod, 23 Int 
and 24 Sup) and 91 (30 Dom, 31 Cod, 23 Int and 7 Sup) tree heights, 
respectively, out of 130 reference trees across the six plots (Table 2). 

Each data pair was compared using all mutually available mea-
surements from all analyses except for analysis in Section 5.1 in which 
90 measurements common to all datasets were used, and in Section 5.2 
where two measurements bellow 15 m were excluded because of the low 
sample size. 

In general, a high correlation (r) was observed for all cross- 
comparisons (Fig. 3), particularly between remote sensing datasets (r 
> 0.98). Cross-comparisons consisting of field measurements and 
remote-sensing methods also correlate well (r > 0.97). However, the 
correlation coefficient dropped significantly (r < 0.89) when dominant 
and codominant crown classes were observed individually. 

We observed a consistent RMSD (~1 m) for PLShhvs.FM, indepen-
dent of the crown class. A positive bias (0.38–0.68 m) is present in all 
classes except for the suppressed crown class that has a bias close to zero. 
ULSvs.FM has a slightly worse height estimation agreement than that of 
a PLShhvs.FM, especially for the codominant and intermediate crown 
classes, which generated larger RMSD values (1.63 m and 1.43 m, 
respectively) and bias values (1.02 m and 0.71 m, respectively) than did 
PLShhvs.FM. This poses a question of whether increased uncertainty and 
bias originate from field measurements or ULS. Similar results are re-
ported for UAVimagevs.FM, for which codominant and intermediate 
crown classes achieved the highest RMSD values (1.69 m and 1.71 m, 
respectively) and bias values (1.09 m and 1.08 m, respectively). Low 
RMSD and bias (1.00 m and 0.11 m, respectively) were reported for the 
suppressed crown class, which was unexpected given that UAVimage 
suffers from view geometry and occlusions of suppressed trees. This may 
have resulted from the relatively small data sample from suppressed 
crown class trees (only 7 trees) and may not be reliable. 

Cross-comparisons of remote sensing datasets in general displayed 
lower uncertainty and bias (RMSD < 0.81 m, bias < 0.26 m). For ULSvs. 
PLShh, the highest RMSD and bias were obtained for the codominant 
crown class (RMSD = 0.85 m, bias = 0.35 m) and suppressed crown class 
(RMSD = 0.85 m, bias = 0.12 m), indicating the potential disadvantage 
of each technology (i.e. PLShh recording the upper tree structure and ULS 
reconstructing low, occluded trees). For UAVimagevs.PLShh, the highest 
RMSD was obtained for the intermediate crown class (RMSD = 1.03 m, 
bias = 0.34 m) followed by the codominant crown class (RMSD = 0.87 
m, bias = 0.41 m), indicating that the UAVimage techniques have some 
challenges in point cloud generation in complicated forest structures. A 
negative bias was obtained for suppressed crown trees, which is not in 
line with biases reported for PLShhvs.FM (bias = 0.09 m) and for 
UAVimagevs.FM (bias = 0.11 m) and hence could be caused by an 
insufficient number of samples. UAVimagevs.ULS features the lowest 
RMSD (0.53 m) and bias (0.08 m) of all considered cross-comparisons, 
which is reasonable owing to similar viewing geometry; however, a 
small bias was detected for intermediate and suppressed crown classes. 
Again, the negative bias of the suppressed class is not in line with biases 
reported in ULSvs.FM and UAVimagevs.FM and might be caused by the 
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Table 2 
Detailed statistics on comparing height measurement methods. The left side shows the results of the evaluation of remote sensing data against field measurements; the 
right side shows the results of remote sensing data cross-comparisons. RMSD and RMSD%, bias and bias%, and correlation coefficient are given for entire dataset and 
for distinct crown classes.  

Crown class  PLShhvs.FM   Crown class  UAVimagevs.ULS   
Sample RMSD (RMSD%) bias (bias%) r Sample RMSD (RMSD%) bias (bias%) r 

Dom 31 1.10 m (3.81%) 0.38 m (1.33%) 0.83 Dom 30 0.37 m (1.19%) 0.09 m (0.30%) 0.99 
Cod 32 1.19 m (4.18%) 0.68 m (2.38%) 0.89 Cod 31 0.62 m (2.05%) 0.03 m (0.08%) 0.96 
Int 25 1.09 m (5.16%) 0.65 m (3.06%) 0.96 Int 21 0.58 m (2.72%) 0.24 m (1.14%) 0.99 
Sup 27 1.03 m (5.48%) 0.09 m (0.49%) 0.96 Sup 7 0.54 m (2.68%) − 0.22 m (− 1.09%) 0.99 
All 115 1.11 m (4.45%) 0.45 m (1.82%) 0.98 All 89 0.53 m (1.92%) 0.08 m (0.29%) 0.99   

ULSvs.FM     ULSvs.PLShh    

Sample RMSD (RMSD%) bias (bias%) r  Sample RMSD (RMSD%) bias (bias%) r 
Dom 31 1.15 m (3.78%) 0.48 m (1.56%) 0.83 Dom 31 0.31 m (1.02%) 0.09 m (0.29%) 0.99 
Cod 32 1.63 m (5.60%) 1.02 m (3.52%) 0.83 Cod 32 0.85 m (2.85%) 0.35 m (1.16%) 0.94 
Int 23 1.42 m (6.76%) 0.71 m (3.38%) 0.94 Int 23 0.74 m (3.44%) 0.02 m (0.10%) 0.98 
Sup 21 1.21 m (6.23%) 0.15 m (0.76%) 0.95 Sup 19 0.85 m (4.33%) 0.12 m (0.62%) 0.98 
All 107 1.38 m (5.33%) 0.62 m (2.42%) 0.98 All 105 0.71 m (2.67%) 0.16 m (0.60%) 0.98   

UAVimagevs.FM     UAVimagevs.PLShh    

Sample RMSD (RMSD%) bias (bias%) r  Sample RMSD (RMSD%) bias (bias%) r 
Dom 31 1.28 m (4.18%) 0.55 m (1.79%) 0.82 Dom 30 0.50 m (1.61%) 0.20 m (0.64%) 0.98 
Cod 30 1.69 m (5.80%) 1.09 m (3.73%) 0.83 Cod 31 0.87 m (2.93%) 0.41 m (1.37%) 0.94 
Int 23 1.71 m (8.15%) 1.08 m (5.14%) 0.93 Int 23 1.03 m (4.78%) 0.34 m (1.58%) 0.97 
Sup 7 1.00 m (5.26%) 0.11 m (0.55%) 0.97 Sup 7 0.82 m (4.03%) − 0.36 m (− 1.76%) 0.99 
All 91 1.58 m (5.94%) 0.88 m (3.32%) 0.97 All 91 0.81 m (2.97%) 0.26 m (0.96%) 0.99  

(a) PLS hhvs.FM (b) ULSvs.FM (c) UAV ima evs.FM 

(d) ULSvs.PLS hh (e) UAV ima evs.PLS hh (f) UAV ima evs.ULS 

Fig. 3. Correlation analysis for tree height observations of pairs of methods. (a) PLShhvs.FM; (b) ULSvs.FM; (c) UAVimagevs.FM; (d) ULSvs.PLShh; (e) UAVimagevs. 
PLShh; (f) UAVimagevs.ULS. 
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low number of samples. 

5. Discussion 

5.1. Different data sources for tree height observations 

Recently, low-cost sensors such as VLP-16 and M8 (Quanergy, of 
Sunnyvale, California, USA) were integrated in a number of commercial 
solutions, including the ones used in this study. Despite the costs of in-
tegrated systems are relatively high, datasets used in this study are 
collected using low-cost sensors compared to high-end laser sensors in e. 
g. Wang et al. (2019a). 

In order to investigate differences in tree height measurement 
methods, all measurements common to all data sources were plotted 
against each other. In total, 90 measurements were used for this 
assessment. Fig. 4a represents the measurements from all available 
datasets, sorted by the ascending field-measured tree height, and Fig. 4b 
represents only measurements from remote sensing datasets, sorted by 
the PLShh measured height. 

Remote sensing data clearly have a large dispersion (1.11 m < RMSD 
< 1.58 m) and significant overestimation (0.46 m < bias < 0.88 m) 
when field measurements are used as a reference (Table 2). However, 
when only remote sensing data is observed (Table 2), bias and dispersion 
are substantially lower (0.53 m < RMSD < 0.81 m; 0.08 m < bias < 0.26 
m), which can also be observed on Fig. 4. 

We visually detected two turning points related to the dispersion of 
measurements from different sources (Fig. 4a and 4b, green vertical 
lines), indicating that tree height might not be the only contributor to 
the uncertainty of field tree height estimation. The turning points on 
Fig. 4a correspond to heights of 21 m and 30 m, whereas on Fig. 4b to 
heights of 24 m and 30 m. 

The similar RMSD and bias values for the PLShh, ULS and UAVimage 
tree height estimates bellow 21 m were observed when field measure-
ments were used as a reference, i.e., the RMSD values were 1.08 m, 1.03 
m and 1.14 m, and bias values were 0.70 m, 0.54 m, and 0.57 m, 
respectively. When UAVimage data were excluded (i.e. sample is sub-
stantially increased), RMSD and bias values for PLShh and ULS were very 
similar, i.e. RMSD values of 0.80 m and 0.76 m, and bias values of 0.32 
m and 0.36 m, respectively. 

The RMSD for PLShh, ULS and UAVimage measurements of tree heights 
above 21 m evaluated against field measurements displayed larger re-
siduals and increasing bias (RMSD of 1.10 m, 1.36 m and 1.38 m and 

bias of 0.70 m, 0.98 m and 0.97 m for PLShh, ULS and UAVimage, 
respectively). However, after reaching the second turning point height 
(30 m), residuals display similar RMSD but substantially lower bias (i.e. 
RMSD of 1.02 m, 0.98 m and 1.07 m, and bias of − 0.04 m, 0.22 m and 
0.26 m for PLShh, ULS and UAVimage, respectively). 

This implies that field measurement uncertainties do depend on tree 
height, however, measurement bias primarily depends on crown class as 
the majority of trees in the range of 21–30 m belong to the codominant 
and intermediate crown classes, and trees over 30 m mostly belong to 
the dominant crown class. 

Tree height is the function of measured angle and distance. Given the 
principles of the method (e.g. distance to the tree is at least equal to the 
tree height), the measurement uncertainty depends on the accuracy of 
the distance and angle measurement. Angular measurements do not 
depend on angle size, but depend on locating the tree base and treetop, 
and the accuracy of the measured distance depends on the distance it-
self. Since it is easier to identify treetop of the tall trees than small trees 
in this deciduous forest, the dependency of the field-measured tree 
height uncertainty and tree height is most probably caused by the dis-
tance measurement for tall trees. 

Since ULS and UAVimage tree heights for trees over 30 m agreed well 
with each other and are expected to provide accurate heights for trees in 
the uppermost layer (the tallest trees) because of direct measurement 
without occlusion and full coverage of the data, RMSD of ULS and 
UAVimage for such heights can be attributed primarily to field measure-
ments. It is similar for trees in the range 21–30 m, for which biases were 
notable and most probably originated from the field measurements and 
issues with treetop identification due to canopy structure. Therefore, 
field-measured tree measurements underestimated real tree height for 
deciduous trees between 21 m and 30 m, and above 30 m in this study. 

We found that PLShh underestimated ULS and UAVimage measure-
ments (Fig. 4b and Table 2) but overestimated field measurements. In 
general, terrestrial LiDAR or MLS is expected to underestimate tree 
height due to occlusion effects, which cause missed treetops. Consid-
ering that PLShh agreed very well with the ULS and UAVimage data in the 
same height range, PLShh actually gave tree height estimates closer to 
the true tree height than did field measurements of trees in the range 
21–30 m and above 30 m. The sporadically larger residuals (Fig. 4b) in 
the range 24–30 m could originate from PLShh missing treetops due to 
the crown structure, given that UAVimage and ULS are well-matched in 
such cases. 

Fig. 4. Tree height measurements from different sources. (a) FM, PLShh, ULS and UAVimage, sorted in ascending order with respect to corresponding field-measured 
tree height; (b) PLShh, ULS and UAVimage, sorted in ascending order with respect to corresponding PLShh tree height. Vertical and horizontal dashed lines indicate 
turning points. 
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5.2. Tree height impact on tree height measurement by close-range remote 
sensing 

Our finding that the uncertainties of field measurements based on 
trigonometric functions depend on measured tree height (Section 5.1) 
was also pointed out by Larjavaara and Muller-Landau (2013). However, 
it is still unclear whether tree height influences remote sensing-based 
height measurements of deciduous trees. Using the same datasets as 
above (Section 5.1) with exception of two measurements under 15 m 
(Fig. 4a), we grouped trees according to their field measured height and 
then assessed measurement methods in relation to the height groups 
based on RMSD, RMSD%, bias and bias% (Fig. 5). 

We found that the RMSD of the PLShhvs.FM does not increase with 
tree height but does reach peak point for heights of 25–30 m. To further 
investigate the tree height effect, complementary techniques should be 
analysed. ULSvs.FM and UAVimagevs.FM display similar results, also 
with notable peaks for 25–30 m tree heights. This error thus can be 
attributed to field measurements, as ULS favours tall trees (25–30 m) 
with direct viewing geometry and penetration capability, which implies 
that the higher uncertainty in 25–30 m range can be attributed to field 
measurements for codominant crown trees. 

Bias values from Fig. 5c and 5d support finding from Section 5.1 that 
bias for field measurements depends on tree height, but does not bear 

the main influence. Bias for comparisons that include field measure-
ments in general increases with the tree height until 30 m, and peaks for 
the height range of 25–30 m, where most of the trees belong to the 
codominant class. The bias for height range 30–35 m is substantially 
lower than for other height ranges. This result indicates that tree crown 
class, rather than the tree height has the main contribution to the bias of 
the field tree height estimates in the co-dominant and dominant crown 
classes, since most of the trees in ranges of 25–30 m and 30–35 m belong 
to the co-dominant and dominant crown class, respectively. 

Lowest trees exerted a relatively large RMSD for all cross- 
comparisons. Large RMSD for comparisons that include field measure-
ments probably originate from field measurements, which is supported 
by field data inspection; the average standard deviation of height mea-
surements of trees in the range 15–20 m is higher (0.41 m) than that of 
trees in a range of 20–25 m (0.34 m), 25–30 m (0.31 m) and 30–35 m 
(0.29 m). The reason for that could be measurement uncertainty due to 
tree leaning that is more frequent for the lower trees than for the tall 
trees in managed forests, difficulties in observing the treetop or simply 
due to operators being less careful than when measuring small trees. 
This observation in the deciduous forest differs from results reported for 
the coniferous forest where trees typically have distinct treetops and 
where lower trees are measured with higher accuracy than taller trees 
(Wang et al., 2019a). 

Fig. 5. RMSD and bias values for dataset pairs, arranged by tree height groups. (a) RMSD; (b) RMSD%; (c) bias; (d) bias%.  
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Cross-comparisons of remote sensing data displayed a general trend 
of decreasing RMSD, with the exception for heights in the 25–30 m 
range, which indicates that observation geometry of low-cost remote 
sensing data influenced height estimation for both low and tall trees, 
depending on the geometry and platform. UAVimagevs.PLShh and ULSvs. 
PLShh had a negative bias for the lowest height group (15–20 m), which 
may also originate from different geometry and platform, indicating that 
low-cost ULS used in this study, and very likely in general, may not have 
enough penetration capability when measuring low and mostly 
occluded trees, causing missed treetops. This effect is observed in Fig. 2 
for the suppressed class, where it is clear that PLShh recorded the treetop, 
whereas ULS did not. Despite the fact that Fig. 2 does not depict the same 
effect for the UAVimage measurements, it is understood that decreased 
ray intersection angle for low and occluded trees leads to lower recon-
struction accuracy, and thus influences height estimation uncertainty 
and bias. Nevertheless, these effects are limited and biases among all 
remote sensing datasets were rather small, i.e. around ± 1%. 

When remote sensing data is evaluated against field-measured 
heights, the uncertainty is similar across different platforms. However, 
it reaches its peak in the 25–30 m range when comparing field mea-
surements to UAVimage and ULS observations, which agrees with our 
earlier discussed results (Section 5.1), and originates from codominant 
and intermediate crown trees. ULS and UAVimage measurements of tree 
heights between the ranges of 20–25 m and 30–35 m displayed signifi-
cantly lower uncertainty when evaluated using PLShh measurements 
than when evaluated against field data, probably owing to the field 

measurements’ poor performance for heights above 21 m, whereas trees 
in the range 15–20 m showed no improvement. 

Finally, compared to other studies evaluating PLShh devices of a 
limited measurement range (Cabo et al., 2018; Giannetti et al., 2018; 
Perugia et al., 2019), the ZEB-HORIZON device used in this study dis-
played low uncertainty for tall tree height measurement when evaluated 
using ULS and UAVimage. 

5.3. Tree height observations of different crown classes 

We did a graphic comparison of the datasets that present normalised 
height measurements of all trees that were successfully measured using 
field measurements, PLShh, ULS and UAVimage data (Fig. 6). Measure-
ments are normalised using PLShh data, grouped in crown classes, and 
sorted in ascending order. 

Our results (Sections 5.1 and 5.2) clearly indicated that tree height is 
not the main contributor to the errors of conventional field-measured 
tree heights, as has been assumed or concluded in many previous 
studies. Instead, it is actually the crown class of the measured tree that is 
the main contributor (Fig. 6). 

In general, the cross-comparisons that include field-measured data 
(PLShhvs.FM, ULSvs.FM and UAVimagevs.FM) display a lower level of 
agreement in codominant and dominant crown classes (0.83 ≤ r ≤ 0.89) 
than in intermediate and suppressed crown classes (0.93 ≤ r ≤ 0.97). 
Cross-comparisons including remote sensing data (ULSvs.PLShh, UAVi-

magevs.PLShh and UAVimagevs.ULS) show consistently high correlation 

(a) Dominant (b) Codominant

(c) Intermediate (d) Suppressed 

Fig. 6. Distribution of tree height measurements from different sources within crown classes, normalised using PLShh data and sorted in ascending order with respect 
to corresponding PLShh tree height. (a) Dominant crown class; (b) Codominant crown class; (c) Intermediate crown class; (d) Suppressed crown class. 
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for all crown classes (r ≥ 0.97). PLShh showed an unexpectedly high 
agreement with UAVimage and ULS data in this study, which indicates 
that PLShh can provide comparable tree height measurement to that 
from the UAV platform in low-density deciduous forests as long as the 
treetop is recorded. 

The general trend of the observations was that remote sensing 
measurements consistently overestimated tree height when compared to 
field measurements. PLShh measured heights of the dominant, codomi-
nant and intermediate crown class were consistently higher than field 
measurements but lower than ULS and UAVimage heights. The exception 
was the suppressed crown class, for which UAVimage heights came in 
lower than PLShh heights. The result is commonly expected given that 
the UAVimage typically has technical challenges to measure trees under 
crown coverage, such as occlusions, shadows, and decreased number of 
observations. However, this result is from a rather small sample of 
measurements, and therefore should be used with caution. In addition, 
uncertainties of solely remote sensing data cross-comparisons were 
more congruent (0.37 m ≤ RMSD ≤ 1.03 m) than when compared to 
field measurements (1.00 m ≤ RMSD ≤ 1.71 m). Both uncertainties and 
agreement indicate higher robustness of remote sensing data than field 
measurements to tree crown classes. 

The high correlation among the remote sensing data and crown 
classes again indicate that the remote sensing data sources were reliable 
for tree height estimates in low-density deciduous forests. For the con-
ventional measurements, the field-derived tree height estimates for the 
intermediate and suppressed crown classes are closer to true values than 
the estimates for the codominant and dominant crown classes. 

The UAVimagevs.ULS has a low RMSD (0.37–0.62 m) for all crown 
classes. However, a small bias was detected for intermediate and sup-
pressed crown classes. The trend and amount of bias agrees with ULSvs. 
PLShh and UAVimagevs.PLShh biases and is consistent for all classes except 
the suppressed crown class. This was expected given that ULS and 
UAVimage have a similar data acquisition geometry and because the data 
acquisition time is early in the leaf-on period when UAVimage has 
favourable conditions for estimating tree heights of non-occluded trees 
(i.e. intermediate, codominant and dominant crown classes). 

For the suppressed crown class, cross-comparisons indicate that 
UAVimage measurements underestimate tree heights compared to other 
remote sensing data. Although a previous study reported similar results, 
i.e. underestimation of lower trees and overestimation of higher trees 
(Moe et al., 2020), the reason is not the same as in our study and it 
probably originates from significantly different methodologies, e.g. the 
vegetation period during field measurements and characteristics of the 
studied forest. The differences between some previous studies and our 
study also indicate that specifics of the data-acquisition process (e.g. 
flight-line design, image overlap and image processing method) may 
have direct impacts on the accuracy of the generated point cloud. In this 
study, UAVimagevs.ULS and UAVimagevs.PLShh biases are not in line with 
ULSvs.PLShh results which are more reliable due to penetration abilities 
of LiDAR technology and PLShh observation geometry benefiting lower 
trees’ height measurement. 

All the cross-comparisons that include field measurements show 
consistent bias (0.65–1.09 m) for codominant and intermediate crown 
classes. Remote sensing methods were expected to outperform conven-
tional field measurements for the codominant and intermediate classes 
(see Section 5.1), given their intertwining canopies and branches and 
treetops with crowns of surrounding trees in the background, which 
together make it difficult to distinguish trees’ correct tops in the field. 

It has been reported that a crown of a pedunculate oak and a com-
mon hornbeam does not display any regularity with respect to the tree 
height (Dubravac et al., 2013). Hence it is important to emphasise that 
tree height estimation depends on the structure of the crown, which is 
influenced by neighbouring trees, rather than simply the crown class. 
The crown class impacts on the tree height measurement were also 
pointed out in a previous study in the boreal forest Wang et al. (2019a). 

5.4. Tree height of different tree species 

The study site includes a total of 71 oaks, 45 hornbeams, six alders, 
and eight other hardwood broadleaved species. From the distribution of 
species by crown class (Table 1), it is clear that dominant and codomi-
nant crown classes are almost exclusively formed by oak trees, the in-
termediate crown class consists primarily of hornbeam and partially of 
oaks and alders, and suppressed crown trees are mostly hornbeams, with 
a few oaks and other hardwood broadleaved species. Considering the 
size of the species samples, only oak and hornbeam species were further 
evaluated. 

According to our results (Table 2, Fig. 5 and Section 5.1), PLShh 
measurements generally overestimate field measurements by a slightly 
lower magnitude than do ULS and UAVimage measurements. This has not 
been observed in other studies, which reported MLS and UAVimage 
techniques systematically underestimating (Liang et al., 2018b, Krause 
et al., 2019) and field measurements overestimating tree height (Lar-
javaara and Muller-Landau, 2013; Stereńczak et al., 2019; Wang et al., 
2019a) in forests with similar characteristics (such as stand density and 
species). 

This is unexpected, given that a tangent method is likely to over-
estimate height for broadleaved trees, particularly oak trees, as in a 
study by Stereńczak et al. (2019), where a mean absolute error (differ-
ence of field-measured height and tree length) of 0.65 m was reported. 
However, that may have been due to vegetation period during data 
acquisition, as they conducted their fieldwork during the leaf-on period, 
in contrast to our study, where fieldwork was conducted in the leaf-off 
period, which significantly changes observation circumstances and has 
the potential to change the trend of an error. Even though this might 
explain the general trend of results for oak trees, no previous studies 
focused on hornbeam tree height estimation. 

The general trend of the RMSD% displayed in Fig. 7 indicates that 
RMSD% of the oak tree is lower than for the hornbeam. Because of the 
reported low influence of tree height on the height estimation error 
(Section 5.2), this is simply due to oak trees’ being taller than hornbeam 
in this study site. A uniform RMSD is observed when evaluating remote 
sensing methods against field measurements (1.00 m ≤ RMSD ≤ 1.39 m) 
as well as when comparing remote sensing methods (0.49 m ≤ RMSD ≤
0.95 m) for both oak and hornbeam. This indicates that tree species does 
not have a significant influence on height estimation accuracy, which 
confirms the previous findings regarding tree height estimates using 
high-end ULS (Wang et al., 2019a). However, this has to be considered 
in the context of a tree structure. We found that tree crown class has a 
significant influence on the field-measured height estimation accuracy, 
and it is because crown structure influences the observation geometry by 
inducing occlusion, hindering treetop identification, etc. In addition, the 
field measurements were conducted in the leaf-off season, which leads to 
a clear different viewing geometry for deciduous trees compared to the 
leaf-on season. 

Hence, tree species influences the accuracy of height estimates 
through a combined effect with other characteristics such as tree height, 
forest stand and forest type that form the tree and crown structure. 

5.5. Tree height measurement from different platforms and viewing 
geometries 

The geometry of data acquisition (i.e., ground-based versus aerial- 
based remote sensing) did not display a significant influence on tree 
height measurements in this study. 

UAVimagevs.ULS and ULSvs.PLShh achieved similar RMSD across 
crown classes, although UAVimagevs.ULS showed a small bias for the 
intermediate and suppressed crown classes and ULSvs.PLShh showed a 
bias in the codominant crown class. The UAVimagevs.ULS bias can be 
attributed to UAVimage measurements given the large variations in 
height between neighbouring trees, such as for main (dominant and 
codominant) and secondary (intermediate and suppressed) vegetation 
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layer. The shadows, matching algorithm smoothing effects, and 
decreased ray intersection angle on occluded trees hinder the dense 
image matching algorithm and cause vertical uncertainties. Also, sup-
pressed crown class results might not be reliable owing to a low number 
of measurement samples and the previously mentioned disagreement 
with results reported for ULSvs.PLShh and UAVimagevs.PLShh. ULSvs. 
PLShh bias can be attributed to PLShh missing the treetops because of 
increased occlusion caused by dense crowns, such as by the intertwining 
of branches of neighbouring codominant crown trees (Fig. 2). Never-
theless, the reported biases are of low significance. 

Results suggest that the survey path or trajectory of this PLShh device 
does not impact tree height estimation to such a degree as has been 
suggested by Perugia et al. (2019) for a similar device. It is important to 
note that the PLShh data were collected in the leaf-off period, while ULS 
and UAVimage were collected during the early leaf-on period. Different 
results can be expected from data collected in complementary vegeta-
tion periods since the presence of foliage hinders ground-based mea-
surements due to occlusions caused by small leaves, whereas the absence 
of foliage hinders UAV-based measurements due to lack of treetop 
structure. There are no studies focusing on vegetation period’s influence 
on indirect field observations of tree height, however, the opposing re-
sults to our study have been reported in studies (Sterensczak et al., 2019; 
Larjavaara and Muller-Landau, 2013) where the main difference 
compared to our study was vegetation condition. 

A commonly reported conclusion is that field measurement over-
estimating tree height was not observed in this study. This is most 
probably because the field measurement was carried out in the leaf-off 
season and the field measurement took a strict guideline to measure 
the height at the distance equals to the estimate tree height to ensure a 
good viewing geometry. 

Despite not exerting any influence on the accuracy of the three 
height estimates, different viewing geometries do impact the 
completeness of treetop detection, which is further discussed in Section 
5.6. 

5.6. Practical concerns and recommendations of the application of the 
tree height measurement using close-range remote sensing 

When considering the applicability of close-range remote sensing 
technologies, a number of issues have to be considered. Among them, 
the first one would be the completeness of the data — the rate of success 
in measuring tree height, which determines the applicability of the data 
or the technology. As shown in Table 2, despite the fact that remote 
sensing techniques display high robustness in tree height estimation, the 
conventional field measurement still has the highest completeness, i.e., 

the highest number of successfully measured trees. The incomplete tree 
digitization in the data was the main factor affecting the accuracy of tree 
attribute estimates (Wang et al., 2019b). 

Completeness was primarily influenced by crown class of the 
observed tree, almost all dominant and codominant trees were observed 
with each method, and high completeness was achieved for the inter-
mediate class, but the suppressed class was difficult to observe with both 
conventional and close-range remote sensing. Nevertheless, in terms of 
completeness, field-measurements outperformed close-range remote 
sensing, even though the close-range remote sensing demonstrated only 
a slightly worse performance in this study. 

Among all remote sensing techniques, PLShh had the highest 
completeness, followed by ULS, and finally UAVimage. In general, sup-
pressed crown trees are most frequently omitted from the aerial 
perspective, which is expected for ULS and UAVimage data. Conventional 
field measurements and PLShh fail to measure trees correctly when two 
or more trees are growing from the same stump, forming a complex 
intertwining structure and hindering treetop identification. It is 
reasonable to assume that UAVimage will not achieve high completeness 
of understorey trees in complex forests such as the one in this study in 
the near future, even despite further methodological improvements. 
However, LiDAR-based technologies have the potential to achieve a high 
level of completeness, required for operational forestry, through hard-
ware and algorithm development. 

In this study, the observations from low-cost sensors were supported 
by previously measured tree positions. It is expected that results would 
differ significantly if the known tree position had not been used, which 
reduces not only the omission errors but also the possibility of wrong 
measurements. From a practical point of view, this field measurement 
may be not available in most applications. Therefore, to fully utilize each 
of the close-range remote sensing methods, further methodological or 
technological development is required, e.g. to generate reliable tree 
position maps. 

UAVimage would benefit the most from successive campaigns in leaf- 
on and leaf-off conditions to facilitate height mensuration by providing 
DTM information, tree position, and canopy cover, especially if recent 
technological improvements such as on-board GNSS for precise geore-
ferencing is used. ULS might benefit from improving methodology e.g. 
capturing denser point clouds at a lower height, improving penetration 
capabilities. Direct georeferencing would significantly increase the 
value of the PLShh data. 

Finally, close-range remote sensing technologies have the potential 
to decrease the costs of operational tree height mensuration campaigns 
as they could cover a significantly larger area than a field crew. 

Fig. 7. RMSD and RMSD% values with respect to cross-comparison pair and analysed tree species. The vertical axis represents RMSD, while labels represent RMSD%. 
Evaluated methods are indicated on the horizontal axis. 
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6. Conclusions 

In this study, we investigated the accuracy of conventional field 
measurements and close-range remote sensing data (PLShh, ULS, and 
UAVimage) for tree height estimation of deciduous species. The reported 
results indicate a high level of agreement among all the studied datasets, 
especially among the remote sensing data. The height measurement 
uncertainty of the low-cost terrestrial LS, i.e. PLShh did not increase with 
increasing tree height, implying PLS to be effective and reliable for the 
tree height measurement under easy forest conditions and in the leaf-off 
period. This is also the case with low-cost ULS data and UAVimage data 
early in the leaf-on period, as they showed only slight underestimation 
(~0.2 m) of the low trees (15–20 m). In addition, remote sensing 
datasets showed low bias among them (~ ±1%). 

All data sources performed well for the dominant crown class, con-
firming that tall, dominant trees are easier to measure than codominant 
and intermediate crown trees, particularly for field measurements. ULS 
sensor used in this study may not have sufficient penetration capability 
to reliably measure low and mostly occluded trees, which causes missed 
treetops. Owing to complex structure and difficulties in identifying the 
treetops among intertwining branches, field measurements have the 
largest RMSD in codominant and intermediate crown classes. In addi-
tion, it was confirmed that field measurements underestimated heights 
of the intermediate, codominant and dominant class. 

Field measurements were found to be more sensitive to crown class 
than to the tree height. Despite the fact that both tree height and crown 
class influence the accuracy of the field-measured tree height, the crown 
class was determined to bear the main influence of the measurement 
bias. Remote sensing datasets were more congruent and displayed 
robustness to crown classes. Even though tree species’ influence on 
height measurement was the focus of several previous studies, our study 
indicated that species becomes a factor influencing tree height estima-
tion accuracy when it changes tree and crown structure. Although tree 
height exerted some influence on the uncertainty and bias of field 
measurements, the crown class was the main contributor. 

This study also confirmed that observation circumstances such as the 
presence or absence of foliage can influence the accuracy of field- 
measured tree heights. This is most probably the case with close-range 
remote sensing tree height measurements too, however, the experi-
ment design in this study was not suitable to demonstrate that effect. The 
findings on the ULS performance and the impact of the tree species and 
crown class in deciduous forests using low-cost sensors agree with the 
previous study in coniferous forests using high-end remote sensors 
(Wang et al., 2019a). 
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student Luka Jurjević has been supported in part by the “Young re-
searchers’ career development project—training of doctoral students” of 
the Croatian Science Foundation funded by the European Union from 
the European Social Fund. Xinlian Liang would like to thank financial 
support from the Strategic Research Council at the Academy of Finland 
project “Competence Based Growth Through Integrated Disruptive 
Technologies of 3D Digitalization, Robotics, Geospatial Information and 
Image Processing/Computing - Point Cloud Ecosystem 
(293389,314312)” and the Academy of Finland project “Centre of 
Excellence in Laser Scanning Research (CoE-LaSR) (292735, 307362)” 
and “Monitoring and understanding forest ecosystem cycles (334060)”. 
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Božić, M., Čavlović, J., Lukić, N., Teslak, K., Kos, D., 2005. Efficiency of ultrasonic Vertex 
III hypsometer compared to the most commonly used hypsometers in Croatian 
forestry. Croat. J. For. Eng. 26, 91–99. 

Cabo, C., Del Pozo, S., Rodríguez-Gonzálvez, P., Ordóñez, C., González-Aguilera, D., 
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J., Saari, H., Pölönen, I., Imai, N.N., Tommaselli, A.M.G., Melgani, F., Nex, F., Kerle, 
N., Thenkabail, P.S., 2017. Individual tree detection and classification with UAV- 
based photogrammetric point clouds and hyperspectral imaging 9, 185. https://doi. 
org/10.3390/rs9030185. 
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forest structure using two UAV techniques: A comparison of airborne laser scanning 
and structure from motion (SfM) point clouds. Forests. https://doi.org/10.3390/ 
f7030062. 

Wallace, L., Lucieer, A., Watson, C., Turner, D., 2012. Development of a UAV-LiDAR 
system with application to forest inventory. Remote Sens. https://doi.org/10.3390/ 
rs4061519. 

Wallace, L., Musk, R., Lucieer, A., 2014. An assessment of the repeatability of automatic 
forest inventory metrics derived from UAV-borne laser scanning data. IEEE Trans. 
Geosci. Remote Sens. https://doi.org/10.1109/TGRS.2014.2308208. 
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