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A B S T R A C T   

The emerging single-photon laser scanning has made technological breakthrough in the collection of airborne 
laser scanning data. In principle, single-photon systems require only one detected photon for successful ranging. 
Further, the point density on the ground can be 10–100 times higher for single-photon lidar data than that 
obtained with multi-photon systems at the same flight altitude. This has great potential to reduce operation costs. 
Single-photon lidar technology is assumed to be the best for data acquisition when high point densities are 
required over very large areas, or when improvements in measurement rates can significantly reduce data 
acquisition costs, such as in nationwide laser scanning programmes, where the whole country is repeatedly 
covered with data every 5–10 years. This study investigates single-photon lidar and conventional multi-photon 
laser scanning data for their potential in characterizing ground and forest attributes. Performance is evaluated in 
a boreal forest by a comparative analysis, where single-photon lidar measurements with SPL100 (Leica/Hexa-
gon) from two flight heights (1900 m and 3800 m) are compared with data from the Optech Titan (400 m) multi- 
photon airborne laser scanning (ALS) under summer conditions (i.e. leaves on). We found that SPL100 from both 
altitudes provides forest attribute estimates with comparable accuracy to that of Optech Titan from 400 m using 
an area-based method. This demonstrates that point density and flight altitude do not have significant impact on 
forest attribute estimation using the area-based approach. As a result, SPL100 is a cost-efficient alternative to a 
conventional laser scanner for forest inventories at large scale. There are systematic differences in behavior of the 
data sets due to differences in ranging sensitivity, beam size, and point density. We observed a higher proportion 
of ground returns in the SPL100 (3800 m) than in SPL100 (1900 m) data. Both SPL100 data in general produced 
a higher proportion of ground returns than Titan single channel did in structurally more homogeneous and one 
layer stands while higher proportion of ground returns from Titan than from SPL100 data in multi-layer stands. 
Forest structure and flight altitude has a notable impact on the distribution of points and further characteristics of 
the vertical structures. The pulse of Titan sensor penetrated deeper into the canopy than SPL100.   

1. Introduction 

Forests play an important role in modern bioeconomy-based soci-
eties, providing economical, ecological, and social ecosystem services, e. 
g. timber, biofuel, climate regulation, and habitats for biodiversity. 
There is, thus, an increasing need to know the state of forests, especially 
at the national level. To meet the needs to optimize between these 
values, many countries use airborne laser scanning (ALS) for forest in-
ventory. Large areas or even the whole country are covered with 3D 
point clouds collected by ALS systems. By combining ALS data with field 
references collected by means of forest mensuration, forest character-
istics for large areas can be estimated. The National Forest Inventory 

(NFI) aims to provide information about country-level forest resources. 
Area-based estimation predicts forest resources for every raster pixel, 
the size of which ranges from 100 m2 to 625 m2. Forest companies are 
indicating an increased interest in individual tree level estimation, and 
new methodologies for data collection allow for the production of tree 
quality data in higher detail than ever before. 

The current state of practice in laser scanning techniques is multi- 
photon light detection and ranging (lidar) system (also referred as 
linear system). The multi-photon approach requires hundreds or thou-
sands of photons for a reliable detection of a single object, and range and 
intensity are obtained for each transmitted pulse by analyzing the signal 
waveform. Conventional linear lidar systems are the examples of multi- 
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photon systems. The multi-photon lidar systems have several advantages 
including: (i) highly accurate 3D point clouds with low level of noises; 
(ii) capability of multi-returns from each emitted pulse which is 
important for mapping the ground in forested areas; (iii) high spatial and 
radiometric precision. However, the technology does impose some 
limitations on the maximum effective pulse repetition frequency (PRF) 
that can be achieved (Roth and Sirota, 2017). Because increasing the 
PRF is the best way to achieve dense point clouds at low costs, it has 
been one of the driven forces for the advancement of the multi-photon 
lidars in order to increase the point density and collection efficiency. 
Although the PRF has been improved from tens of kHz to thousands of 
kHz over the past decades, further improvement is limited by parame-
ters such as energy consumption and eye safety (Roth and Sirota, 2017). 

Recently, new technologies have emerged based on single-photon 
detection which maximizes collection efficiency by using detectors 
that are sensitive to individual photons, i.e. single photon sensitive 
technologies, particularly referred to single photon lidar (SPL) in this 
study. Such design enables a much higher pulse rate to be achieved, 
since much less energy is needed per pulse. One of the differences in 
design of two systems is that multi-photon lidar receiver use a single 
avalanche photo diodes (APD) while SPL systems utilize an array of APD 
or photomultipliers (Ullrich and Pfennigbauer, 2018). The use of APD 
array makes SPL systems collect hundreds or thousands measurements 
of the surface for each laser pulse, potentially producing high density 
point clouds while increasing the operating altitude. Thus, SPL tech-
nology would be preferable for data acquisition when higher point 
densities are required over very large areas, or when data acquisition 
cost is an issue, such as is the case in national laser scanning pro-
grammes, where whole country is scanned every 5–10 years. Finland, for 
example, is a country where ALS provides the national DEM (Digital 
Elevation Model) and national area-based inventories for forest man-
agement. Presently there is a plan to cover most of the country with new 
ALS data every 6 years, but an even shorter 3-year interval has been 
proposed by the forest industry. With more than 70% of its area covered 
by forests, Finland is the most forested country in Europe. Also, one third 
of all the forest ditches in the world are located in Finland. Thus, both an 
accurate elevation model and forest information are vital for decision- 
making and forest managements. Currently applied point density for 
ALS is 5pts/m2. Finland could utilize single-photon lidar data for its 
country level ALS acquisition if the quality and temporal requirements 
for production are met. 

The first fully integrated circuit (IC) system for single-photon time- 
of-arrival evaluation was reported by Niclass et al. (2009), in which the 
IC comprised an array of 128 by 128 single-photon avalanche diodes and 
32 independent time-to-digital-converters (TDC). Similar principles are 
applied in SPL100 system (Hexagon/Leica Goesystems), the first 
commercially available SPL system implemented by Leica. Past studies 
on single photon sensitive technologies include numerous simulation 
studies (e.g. Awadallah et al., 2013; Yin et al., 2016; Chen et al., 2018; 
Zhang and Kerekes, 2015) and investigate several sensors such as ATLAS 
on ICESat-2 (e.g. Gwenzi et al., 2016), Sigma Space Micro Pulse Lidar 
(MPL) (e.g. Awadallah et al., 2014), Sigma Space Single Photon HRQLS 
(e.g. Degnan, 2016; Stoker et al., 2016), Slope Imaging Multi- 
polarization Photon-counting Lidar (SIMPL) (e.g. Fatoyinbo et al., 
2012), and Harris Geiger-mode IntelliEarth (e.g. Stoker et al., 2016), to 
name but a few examples. 

Researchers have also carried out several studies on the use of single 
photon sensitive technologies in different applications. For example, Li 
et al. (2016) and Stoker et al. (2016) reported that, in vegetated areas, 
DEM can be extracted with comparable accuracy to those obtained with 
conventional multi- photon lidars. Wästlund et al. (2018) found that 
SPL100 operated from 3800 m above ground level (AGL) could be used 
for area-based estimation of forest characteristics with similar or slightly 
better accuracy than a linear system operated from 400 m AGL with a 
similar point density. Harding et al. (2011) concluded that SPL is 
capable of producing estimates of forest variables with similar metrics 

and with similar accuracy as conventional multi-photon systems. Other 
studies confirm the capacity of SPL in canopy structure reconstruction 
comparable to conventional multi-photon systems (Swatantran et al., 
2016; Gwenzi and Lefsky, 2014; Kim et al., 2015; Li et al., 2016; Rosette 
et al., 2011). Tang et al. (2016) proposed a voxel-based spatial filtering 
method for removing noise from SPL data that had a strong agreement 
with field-measured canopy heights. 

In contrast to multi-photon lidar, SPL benefits from: (i) higher pulse 
repetition rate, resulting in increased point density, for example 
obtainable point density is typically 20 pts/m2 at 4000 m AGL compared 
to 2 pts/m2 at the similar altitude by a state-of-the-art linear lidar sys-
tem; (ii) larger areal coverage while delivering comparable point den-
sities. Despite the great potential of SPL systems, there are also 
drawbacks: (i) increase in high and low noise points as results of solar 
radiation noise, background scattering, and false detections (Man-
dlburger et al., 2019); (ii) The high density of the data gathered by SPL 
results in very large datasets, and that can represent a challenge for data 
processing; (iii) noisy data is also pose a challenge for data processing 
and information extraction. A detailed comparison of two systems can 
be found in (Jutzi, 2017, Ullrich and Pfennigbauer, 2016). 

This study is the first comparative analysis of SPL100 from two al-
titudes and conventional multi-photon laser scanning data for their 
potential in characterizing ground and forest attributes in a boreal for-
est. ALS SPL100 measurements from 1900 m and 3800 m, and Optech 
Titan data from 400 m AGL are used. Various features extracted from the 
three data sets are compared in order to understand the explanatory 
power of the SPL100 data in area-based forest inventory. This is also the 
first comparison in which both the single-photon and the multi-photon 
acquisitions were acquired in the same season (compared to Wästlund 
et al. (2018) where leaf-off and leaf-on data were used in comparison). 

2. Study area and materials 

2.1. Study area 

The study was conducted in Evo (61.19◦N, 25.11◦E) of southern 
Finland, 120 km north of Helsinki and belonging to the southern Boreal 
Forest Zone. The 5 km × 5 km study area contains approximately 2 000 
ha of managed boreal forest and has an average forest stand size of 
slightly <1 ha. The elevation of the area varies from 125 m to 185 m 
above sea level. The area is characterized by a broad mixture of forest 
stands, varying from natural to intensively managed forests dominated 
by Scots pine (Pinus sylvestris; 40% of the total volume), Norway spruce 
(Picea abies; 35% of the total volume) and deciduous trees (mainly birch; 
24% of the total volume). The study area has been the focus of several 
laser-related forest studies (Yu et al., 2015; Liang et al., 2018; Kankare 
et al., 2015) 

2.2. Field data 

During the summer of 2014, field data were collected in 87 sample 
plots with a size of 32 m × 32 m. The sample plots were selected in both 
mature and young stands, as well as pine-, spruce-, birch-dominated 
stands and mixed stands so that they represent a diverse set of den-
sities, ages, and canopy conditions of stands. The details of the sample 
plot selection can be found in Yu et al. (2015). 

Within each sample plot, tree height and diameter at breast height 
(DBH) were measured for all trees having a DBH exceeding 5 cm, using 
an electronic hypsometer and caliper, respectively. The lower limit of 
living crown and species were also recorded. Location of the trees was 
determined by the distance to four corners of the plot. The tree volumes 
and biomass were calculated using the standard Finnish allometric 
models (Laasasenaho, 1982, Repola, 2008, 2009) with tree species, 
DBH, and height as inputs. The forest inventory attributes, i.e., basal- 
area weighted mean height (Hg), basal-area weighted mean DBH (Dg), 
volume (VOL), and total above-ground biomass (AGB), for sample plots 
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were obtained by averaging or summing the tree data. A summary of 
these attributes for the sample plots is presented in Table 1. 

2.3. Airborne laser scanning data 

Airborne laser scanning data were acquired on 19 Aug. 2018 when 
trees were under leaf-on conditions. The data were collected from two 
flight altitudes (approx. 1900 m and 3800 m) AGL (hereafter we refer to 
as LSPL for the 1900 m altitude data and HSPL for the 3800 m altitude 
data) using a Leica SPL100 scanner operating with 6 MHz PRF and 25 Hz 
scan frequency, resulting in an average point density of 67.4 points/m2 
and 22.4 points/m2 for the two altitudes in non-overlap areas, respec-
tively. The data provider performed the filtering for removing the noise 
points, thus the SPL100 data were relatively clean. However, further 
processing is still needed. 

SPL100, the first operational single-photon mapping system, enables 
a 10-fold increase in measurement rate, with PRF of 6 MHz compared to 
conventional multi-photon systems. The system has a 10 × 10 array of 
beamlets, generated by passive diffractive optical elements in front of 
the 60 kHz laser. Returning beamlets are imaged into 10 × 10 photo-
multiplier TDC detectors with fast recovery time (1.6 ns). SPL100 
operates at green wavelength (532 nm). Beam divergence is narrow 
(0.08 mrad, spot size 32 cm at 4000 m altitude). The counting of single 
photons is closely related to integration of multi-photons over time in 
conventional lidars (Jutzi, 2017). Intensity is extracted from the inte-
grated histogram with a process not clearly disclosed to the public, but it 
has been reported to be close to an echo width value (Hartzell et al., 
2018). It seems that spatial averaging is used in the calculation of in-
tensity, resulting in a rough appearance of intensity images (Matikainen 
et al., 2020). 

For comparison, ALS data were also acquired under full leaf-on 
condition using an Optech Titan system on 13–14 June 2018. Titan is 
the first commercial multispectral laser scanning system with 3 wave-
lengths. Only channel 2 (1064 nm) data were used in this study because 
its wavelength is the same as used in most commercial single channel 
airborne laser scanning sensors. The sensor specifications and settings 
for the acquisitions are summarized in Table 2. 

3. Methodology 

3.1. Pre-processing of laser scanning data 

Preprocessing of geo-referenced point clouds was performed using 
TerraScan software (TerraSolid, Finland). First, point clouds were clas-
sified into low points, air points, ground, or non-ground points by the 
standard procedures with parameters adapted for the test area and 
overlap areas were cut so that the points at the edge of the flight lines 
were removed to have more homogeneous point distribution over the 
entire area. Then DEM of the terrain was created from each dataset using 
triangulation interpolation from classified ground points. Canopy height 
normalization was carried out by subtracting the terrain elevation from 
the height of each laser point so that point cloud features characterizing 
the spatial and vertical structures of the forest could be generated. 
Finally, a subset of point clouds covering the spatial area of each sample 
plot were extracted from the ground points and the normalized canopy 
height points separately. These subset plot data were then used in the 
comparative analyses of this study. 

3.2. Comparative studies 

To evaluate the general laser return properties of the different ALS 
sensors, features from ground returns and vegetation returns were 
calculated for each sample plot and dataset. The comparisons were 
performed between every pair of datasets. The features selected are 
those widely used in previous studies (Means et al., 2000, Naesset 2002, 
Miura and Jones, 2010, Yu et al., 2015, Hopkinson et al., 2016) and are 
proven to perform well in characterizing the targeted objects, i.e. ground 
and vegetation. 

DEM features - DEM features were calculated from ground points to 
evaluate the capability of sensors for penetrating the canopy and 
reaching the ground. Because of possible interpolation error in the 
creation of DEM grids, we created DEM features from ground points 
instead of converting ground points into a DEM grid and comparing the 
two grids. Features used in this study are divided into two groups: echo- 
related and height-related features. Echo-related features include pro-
portion of ground points to total points (PG), the number of ‘only’ and 
‘last’ returns to the total of the returns of points from the ground (Only 
and Last). Height-related features include minimum (Min), maximum 
(Max), mean (Mean), and standard deviation (Stdev) of ground height, 
and the percentiles of ground point distribution from 10% to 90% in 
10% increments (P1 to P9). 

Canopy features - A set of commonly used point cloud features that 
describe the canopy structures were derived from the normalized can-
opy points and for vegetation points as used in earlier studies (Means 
et al., 2000, Naesset, 2002, Yu et al., 2015). The features are summa-
rized in Table 3 with brief definition. 

Echo features of all returns - Both SPL100 and Titan record up to five 

Table 1 
Descriptive statistics of sample plot reference.  

Attribute Min Max Mean Standard deviation 

Hg (m)  12.72  31.35  21.38  4.60 
Dg (cm)  14.03  46.57  26.12  7.85 
VOL (m3/ha)  49.15  507.65  270.18  111.38 
AGB (Mg/ha)  27.00  225.87  133.38  47.72  

Table 2 
Sensor specifications and settings for three acquisitions.   

LSPL HSPL Titan* 

Date 19 
Aug.2018 

19. 
Aug.2018 

13–14. Jun. 2018 

Flight lines 7 5 37 
Flight altitude AGL (m) 1900 3800 400 
Wavelength (nm) 532 532 1550/1064/532 
FOV (degree) 30 30 30 
Laser pulse rate (kHz) 60 60 250 
Scan frequency (Hz) 25 25 53 
Point density (pts/m2) 67.4 22.4 41.7 
Stripe wide (m) 1030 2060 214 
Pulse width/duration 

(ns) 
0.4 0.4 2.7/3–4/3.7 

Divergence (mrad) 0.08 (1/e2) 0.08 (1/e2) 0.35/ch1 and ch2 (1/ 
e), 
0.7 ch3 (1/e)  

* The channel 2 of Titan data was used as conventional multi-photon lidar in 
this study. 

Table 3 
Definitions of the canopy features.  

Feature Definition 

maxH Maximum height of normalized vegetation points with a height > 2 
m 

meanH Mean height of normalized vegetation points with a height > 2 m 
stdH Standard deviation of normalized vegetation points with a height >

2 m 
Pn Penetration as a ratio of points <= 2 m to total points 
HP1 to HP9 Percentiles of normalized vegetation point distribution from 10% to 

90% in 10% increment for the points with a height > 2 m 
CCP1 to 

CCP10 
Canopy cover percentage representing vertical structure of the plot 
and calculated as ratio of number of points to total points when 
height is divided into ten layers from 2 m to the maximum 

Mode Height where most returns are located 
cVol Canopy volume calculated as mean height multiplied by the ratio of 

vegetation returns  
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returns for each emission. They can be ‘only’, ‘first’, ‘last’ and some 
‘intermediate’ returns. The proportion of different types of returns to the 
total returns has been used in characterizing stand structure, such as 
species recognition (Liang et al., 2007). In this study, we also examine 
these four types of returns which are referred to as type-related features: 
F for ‘first’ returns, O for ‘only’ returns, L for ‘last’ returns, M for ‘in-
termediate’ returns and T for total returns. In addition, some more so-
phisticated features (referred to as height-related echo features) were 
also calculated as follows (Miura and Jones, 2010): 

OG =

∑
Oi

T
for i ∈ ground points (1)  

OL =

∑
(Oi + Fi)

T
for i ∈ vegetation points those height < 1 (2)  

VL =

∑
Ti

T
for i ∈ vegetation points those height < 1 (3)  

CC =

∑
(Oi + Fi)

∑
(O + F)

for i ∈ height > 1 (4)  

OM =

∑
(Oi + Fi)

T
for i ∈ 1 < height < 5 (5)  

VM =

∑
Ti

T
for i ∈ 1 < height < 5 (6)  

VH =

∑
Ti

T
for i ∈ height > 5 (7)  

DH =

∑
(Mi + Li)

T
for i ∈ height > 5 (8)  

where OG represents openings above the ground, correspondingly, OL 
and OM represent openings above low and medium vegetation respec-
tively, VL, VM and VH indicates the presence of understorey, mid-storey 
and high vegetation layers, CC is canopy cover, and DH quantifies the 
vertical density of the high tree canopy; Fi, Oi, Li, Mi are the member of 
‘first’, ‘only’, ‘last’, ‘intermediate’ return sets, and T is the total returns. 

Comparison of features between SPL100 and Titan - Following cal-
culations of DEM, canopy and echo features from the three datasets 
(HSPL, LSPL and Titan), they were compared against each other for 
sample plots. Direct comparisons were made by subtracting the values 
from each pair of datasets and calculating the mean and standard de-
viation (stdev) of the differences as well as correlation coefficient (R). 
For visual inspection, scatter plots were created for all features and 
among all data pairs (see supplements). Similar comparisons were made 
for both DEM, canopy and echo features in order to evaluate which 
features are stable across different sensors and flight altitudes, and what 
are the differences in their information content. 

Forest attribute estimation - In addition to comparison of point 
cloud-derived features, we also compared the performance of different 
datasets for predicting forest attributes, i.e. mean height, mean DBH, 
volume, and biomass at plot level using an area-based method. Details of 
methods and algorithms used in this study can be found in Yu et al. 
(2015). In short, forest attributes were estimated using a non-parametric 
regression technique, i.e. random forests (RF), with field data as 
response variables and laser-derived features as independent variables. 
In order to avoid overfitting, only the 10 most important features were 
selected and used in the regression. The parameter settings of RF are the 
same for all datasets, i.e. the number of decision trees was set to 200 and 
the minimum number of observations for each leaf node to 3, and 3 
features were randomly selected from 10 best features for each decision 
split. 

4. Results and discussion 

4.1. Properties of point cloud distribution 

The overall distribution of the point cloud (a histogram from terrain 
to canopy) are analyzed first by stand types and structures and presented 
in Fig. 1. Point distributions from the three datasets are plotted for the 
12 sample plots, representing different species composition, stem den-
sity, and complex as shown in Fig. 2. Stand types were stratified by 
species composition and complexes to investigate the impact of these 
factors on the spatial distributions of the point clouds. If a stand has over 
70% of pine, spruce or deciduous trees, the majority tree species is 
assigned to that stand; if the representation of all species is under 70%, 
the stand is assigned mixed. Within each species class, stands are also 
stratified by DBH distribution and stem density. In Fig. 1, from left to 
right columns are pine-, spruce-, and deciduous-dominated plots, and to 
the right mixed plots. The histograms in the figures are bimodal, with 
one mode representing returns from the ground and the other repre-
senting returns from the canopy. If low vegetations are presented in the 
stands, the histogram may exhibit more than two modes, such as is the 
case with plots 1012, 1025, 1034 and 1041. In these plots, there are 
higher proportions of ground returns from Titan than from SPL100 data. 
In contrast, the higher proportions of ground returns are observed from 
SPL than from Titan data in structurally more homogeneous and one 
layer stands. Species has smaller effects on the distribution of the point 
clouds from the different datasets under leaf-on condition. In general, 
the maximum height of returns of different point clouds is close to each 
other (average difference < 0.3 m). However, there is a clear downward 
shift of canopy mode by Titan data compared to both SPL100 datasets, 
which indicates that the pulse of the Titan sensor penetrates deeper into 
the canopy before its detector resolves for the ‘first’ echo, regardless of 
stand type and structure. This results in an underestimation of the tree 
height. One explanation for this phenomenon may be the fact that 
SPL100 is designed to be more sensitive so that a return from smaller 
amounts of needles and branches illuminated can be recorded by the 
detector. 

When the two SPL100 datasets are compared, the HSPL data shows 
tendency to receive a relatively higher proportion of returns from the 
top canopy and ground, but a lower proportion of returns between them 
(i.e. mid-canopy) than seen in the LSPL data. Note that the frequency 
value in Fig. 1 is normalized to sum of 1 so that point clouds with 
different point densities can be compared. Therefore, the aforemen-
tioned conclusion should be interpreted with caution, such as absolute 
number of ground returns from the LSPL is greater than the one from the 
HSPL data in this study because the LSPL data is much denser than the 
HSPL data. 

In the following sections, the comparative analysis of point clouds 
are further elucidated by the ground features derived from ground 
points, the canopy features derived from vegetation points and the echo 
features for both ground and vegetation points. 

4.2. DEM features of the ground points 

Summary statistics for the comparison of DEM features are presented 
in Table 4. There are very strong correlations (R = 1.0) for all height- 
related DEM features between SPL100 and Titan data. However, sys-
tematic offsets (mean difference of 0.3 m for LSPL to Titan and 0.2 m for 
HSPL to Titan) for height-related features are also observed, which 
might be due to the sensitivity of the systems and laser beam size on the 
ground. Another possible cause for these systematic shifts is the accu-
racy of positioning measurements of the systems. The standard deviation 
of the differences is approximate 0.1 m for the most of the height-related 
features, which is close to the noise level of used sensors (both < 10 cm). 
It suggests that all three datasets could produce DEMs to a similar level 
of accuracy. Scatter plots of DEM features between SPL100 and Titan are 
presented in Figs. S1 –S3 (Supplements). 
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Proportion of ground points to total points (PG) has a weaker cor-
relation between different datasets. Both HSPL and LSPL data generally 
have a higher relative number of ground returns. A positive value of 
mean difference in PG between LSPL/HSPL and Titan indicates that a 
higher proportion of points reach ground from SPL100. When the echo- 
related DEM features are examined, the proportion of ‘only’ returns is 
greater for SPL100 data while the proportion of ‘last’ returns is greater 
for Titan data. 

4.3. Canopy features of vegetation points 

Summary statistics for comparing canopy features are presented in 
Table 5, and further illustrated in Figs. S4–S6. In general, most of the 
features have a very strong correlation (R > 0.9) between the SPL100 
and the Titan data. This indicates that these features may perform 
equally well in characterizing the forest structure when the retrieval 
models are trained using data from the same sensor and the same 
acquisition parameters. However, the use of different acquisition 

Fig. 1. Point distribution profiles from the ground to the top of the canopy for the three datasets and 12 sample plots, which represent different stand types and 
structures as shown in Fig. 2. From left to right columns are pine-, spruce-, birch-dominated plots and mixed plot. 

Fig. 2. Statistics of species composite and DBH distribution for 12 samples characterized in Fig. 1.  
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parameters could lead to bias without proper calibrations because of the 
existing difference between the datasets. The mean difference of 
maximum height between LSPL and Titan data is 0.27 m, whereas it is 
−0.04 m between HSPL and Titan, and 0.32 m between LSPL and HSPL, 
meaning derived maximum height is in an order of LSPL > Titan >

HSPL. There are a few factors that may cause these differences, such as 
the sensitivities of the sensor, beam sizes and point density of data sets. 
On the other hand, the mode of canopy distribution of Titan is 1.3 m and 
1.4 m below the corresponding modes of LSPL and HSPL, respectively, 
suggesting that the main backscattering from Titan is coming from 
deeper in the canopy than in SPL100. The mean difference of mean 
height is 0.26 m between LSPL and Titan, 0.70 m between HSPL and 
Titan, and −0.44 m between LSPL and HSPL. A similar trend is also 
observed for canopy height percentiles (HPX), i.e. the relationship for 
corresponding percentiles among the datasets is HSPL > LSPL > Titan as 
demonstrated in Mode and MeanH features. The standard deviation of 
the difference is larger at the lower percentiles and decreases at the 
higher percentiles. Between LSPL and HSPL, the difference of percentiles 

varies from −1.2 m to 0.0 m as the percentile increases from 10% to 
90%. This indicates that flight altitude has a notable impact on the 
distribution of points and further characteristics of the vertical struc-
tures. For canopy cover percentages (CCPX), the difference between 
SPL100 and Titan is smaller at lower layers and greater at higher layers, 
except the highest layer, which has the smallest difference between 
SPL100 and Titan. The negative values of CCPX at middle layers be-
tween SPL100 and Titan means that Titan produces relatively more 
returns from low vegetation and foliage while returns of SPL100 data are 
relatively concentrated more on ground, near ground vegetation and top 
canopy. As the flight altitude increases, point returns of SPL100 from 
low vegetation are relatively reduced while returns from top canopy are 
increased as shown in the CCPX difference between LSPL and HSPL. 

4.4. Echo features of point cloud 

Summary of the results for echo feature comparisons are presented in 
Table 6. All echo features between LSPL and HSPL are strongly 

Table 4 
Statistics of ground return and feature comparisons between each pair of the three data sets.   

LSPL-Titan HSPL-Titan LSPL-HSPL 

Feature mean stdev R mean stdev R mean stdev R 

Min (m)  0.23  0.13  1.00  0.16  0.12  1.00  0.06  0.12  1.00 
Max (m)  0.29  0.13  1.00  0.18  0.12  1.00  0.11  0.14  1.00 
Mean (m)  0.30  0.11  1.00  0.19  0.11  1.00  0.10  0.08  1.00 
Stdev (m)  −0.01  0.05  1.00  −0.01  0.05  1.00  0.00  0.04  1.00 
P1 (m)  0.31  0.12  1.00  0.21  0.12  1.00  0.10  0.09  1.00 
P2 (m)  0.31  0.12  1.00  0.21  0.14  1.00  0.10  0.10  1.00 
P3 (m)  0.31  0.11  1.00  0.21  0.15  1.00  0.10  0.13  1.00 
P4 (m)  0.31  0.13  1.00  0.20  0.14  1.00  0.11  0.11  1.00 
P5 (m)  0.30  0.18  1.00  0.19  0.18  1.00  0.12  0.11  1.00 
P6 (m)  0.29  0.20  1.00  0.17  0.20  1.00  0.12  0.11  1.00 
P7 (m)  0.28  0.14  1.00  0.17  0.16  1.00  0.11  0.10  1.00 
P8 (m)  0.28  0.13  1.00  0.17  0.14  1.00  0.11  0.13  1.00 
P9 (m)  0.28  0.11  1.00  0.18  0.10  1.00  0.09  0.09  1.00 
PG (%)  0.37  3.46  0.59  2.81  2.67  0.79  −2.44  2.57  0.80 
Only (%)  6.05  5.95  0.97  24.27  9.15  0.96  −18.22  6.02  0.98 
Last (%)  −6.04  5.95  0.97  −24.27  9.15  0.96  18.22  6.02  0.98  

Table 5 
Statistics of canopy feature comparisons between different data pairs.   

LSPL-Titan HSPL-Titan LSPL-HSPL 

Feature mean stdev R mean stdev R mean stdev R 

MaxH (m)  0.27  0.33  1.00 −0.04  0.40  1.00  0.32  0.28  1.00 
MeanH (m)  0.26  0.39  0.99 0.70  0.47  0.99  −0.44  0.33  1.00 
StdH (m)  0.54  0.27  0.98 0.20  0.25  0.99  0.34  0.24  0.99 
Pn (%)  4.83  5.02  0.98 5.12  5.75  0.98  −0.30  2.05  1.00 
HP1 (m)  −0.88  1.17  0.93 0.31  1.03  0.95  −1.20  1.17  0.95 
HP2 (m)  −0.33  0.95  0.96 0.72  0.89  0.97  −1.05  0.90  0.97 
HP3 (m)  0.04  0.97  0.96 0.76  0.98  0.97  −0.72  0.60  0.99 
HP4 (m)  0.37  0.64  0.99 0.88  0.69  0.99  −0.51  0.53  0.99 
HP5 (m)  0.55  0.61  0.99 0.87  0.81  0.98  −0.32  0.44  1.00 
HP6 (m)  0.70  0.39  1.00 0.89  0.48  0.99  −0.20  0.29  1.00 
HP7 (m)  0.65  0.79  0.98 0.75  0.92  0.98  −0.11  0.27  1.00 
HP8 (m)  0.76  0.29  1.00 0.82  0.30  1.00  −0.06  0.19  1.00 
HP9 (m)  0.73  0.24  1.00 0.72  0.24  1.00  0.00  0.17  1.00 
CCP1 (%)  1.13  1.08  0.99 0.24  1.24  0.98  0.90  0.96  0.99 
CCP2 (%)  0.86  1.06  0.98 −0.16  1.26  0.98  1.02  0.66  0.99 
CCP3 (%)  0.33  1.38  0.94 −0.67  1.32  0.95  1.00  0.73  0.98 
CCP4 (%)  −0.66  1.60  0.94 −1.58  1.53  0.94  0.92  0.74  0.99 
CCP5 (%)  −2.18  2.03  0.91 −2.93  2.11  0.91  0.75  0.92  0.99 
CCP6 (%)  −3.33  2.46  0.89 −3.41  2.87  0.86  0.08  1.38  0.97 
CCP7 (%)  −1.40  3.18  0.88 −0.20  3.60  0.87  −1.20  1.42  0.98 
CCP8 (%)  2.16  2.54  0.93 3.98  3.21  0.92  −1.82  1.22  0.99 
CCP9 (%)  2.50  1.98  0.96 3.76  2.77  0.95  −1.26  1.57  0.97 
CCP10 (%)  0.58  0.68  0.90 0.96  1.08  0.85  −0.38  0.75  0.91 
Mode (m)  1.27  1.63  0.96 1.37  2.14  0.92  −0.10  1.79  0.95 
cVol (m)  −0.53  0.91  0.97 −0.25  1.06  0.98  −0.28  0.54  1.00  
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correlated (R >= 0.9) while only half of the echo features show strong 
correlation between SPL100 and Titan. Simple type-related echo fea-
tures perform worse than the most height-related echo features for all 
datasets. Both mean differences and standard deviations of the differ-
ences are also smaller between HSPL and LSPL than between SPL100 
and Titan. Six of the height-related echo features perform well with both 
SPL100 and Titan datasets, i.e. high correlation and small mean differ-
ences, meaning that they are relatively stable across the datasets. Such 
stability can be useful for tree species classification from different ALS 
acquisitions. The most stable echo feature is CC, which quantifies the 
canopy cover. 

Compared to Titan, the upper canopy and near ground sampling 
tendency of ‘only’ returns with SPL100 is evident visually in Fig. 3 and 
graphically in Figs. S7–S9. The missing ‘intermediate’ returns of SPL100 
between canopy and forest floor, compared with Titan, are likely due to 
the high proportion of visible light absorbed in photosynthesis (Gates, 
1970, Hopkinson et al., 2016), combined with the weak reflectance of 
vegetation at 532 nm wavelength of SPL100 and dominant canopy ab-
sorption/attenuation within this environment. These effects become 
stronger as the flight altitude increases. Forest structures also impact the 

distribution of point clouds. 
Scatter plots of echo features between SPL100 and Titan are pre-

sented in Figs. S7–S9. Although R is generally high, the corresponding 
features among datasets are not always 1:1 correlated as shown in 
Figs. S7–S9. 

4.5. Forest attribute estimates at plot level 

The results of plot-level forest attribute estimation are provided in 
Tables 7–9 for LSPL, HSPL and Titan data respectively. The achieved 
relative RMSE is 7% for mean height, 14% for mean DBH, 17% for 

Table 6 
Statistics of echo feature comparisons between different pairs of three data sets.   

LSPL-Titan HSPL-Titan LSPL-HSPL 

Feature mean stdev R mean stdev R mean stdev R 

OG (%)  0.41  2.88  0.78  2.93  2.30  0.87 −2.52  1.99  0.89 
OL (%)  6.04  5.10  0.99  8.96  5.21  0.98 −2.92  2.54  0.99 
VL (%)  3.01  5.85  0.98  2.22  5.39  0.99 0.79  2.79  0.99 
CC (%)  −0.23  2.87  0.99  −4.55  3.89  0.98 4.32  2.65  0.99 
OM (%)  1.94  1.73  0.97  2.23  2.05  0.93 −0.30  0.98  0.97 
VM (%)  1.12  1.31  0.96  −0.17  1.37  0.96 1.28  0.74  0.99 
VH (%)  −5.28  4.85  0.97  −4.70  5.70  0.97 −0.58  2.18  1.00 
DH (%)  −28.58  8.15  0.79  −31.46  9.48  0.75 2.87  2.07  0.99 
O (%)  38.20  8.83  0.85  54.24  11.21  0.76 −16.04  4.49  0.96 
F (%)  −6.52  3.68  0.81  −13.36  3.34  0.76 6.85  2.05  0.97 
L (%)  −4.43  3.51  0.79  −12.42  3.32  0.72 7.99  2.09  0.96 
M (%)  −27.25  6.68  0.71  −28.46  7.16  0.65 1.20  0.72  0.97  

Fig. 3. Profiles of a transect for the three datasets. Points are color coded by echo type: red - ‘only’ returns, blue - ‘first’ returns, yellow – ‘last’ returns, and green – 
‘intermediate’ returns. Top: SPL100 data from 3800 m altitude, middle: SPL100 data from 1900 m altitude, and bottom: Titan data (channel 2). 

Table 7 
Accuracy evaluation of the forest attribute estimation for LSPL data.   

Bias Bias (%) RMSE RMSE (%) R 

Mean height (m) −0.08 −0.36  1.48  7.00  0.95 
Mean DBH (cm) 0.03 0.12  3.46  13.54  0.89 
Volume (m3/ha) −1.15 −0.43  45.16  16.98  0.91 
AGB (Mg/ha) −0.67 −0.51  21.15  16.02  0.89  
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volume, and 16% for AGB from SPL100, and the corresponding value 
from Titan is one percentage point smaller for the mean height and one 
percentage point higher for the volume and AGB. The differences are not 
significant for all forest attributes based on statistical test at 5% signif-
icant level. In other words, SPL100, either HSLP or LSPL, and Titan can 
provide forest attribute estimates with comparable accuracy using area- 
based methods. Bias is small as well for all estimates and for all datasets. 
This demonstrates that point density and flight altitude do not have 
much impact on forest attribute estimation when using area-based 
approaches. 

The results are in line with the previous studies. Harding et al. (2011) 
concluded that the single photon laser delivered data with structural 
measurements of high resolution and that the estimates of the forest 
variables could be made from similar features and with similar accuracy 
as with conventional systems. Wästlund et al. (2018) found that SPL100 
operated from 3800 m AGL could be used for area-based estimation of 
forest characteristics with similar or slightly better accuracy than a 
conventional system operated from 400 m AGL with a similar point 
density. This is also evident in the selection of features: among ten 
features selected and used in modelling, at least 8 features are the same 
for each estimated attribute in all investigated datasets. The selected 
canopy features are maximum height, mean height, penetration rate, 
canopy volume, and higher percentiles of canopy distribution features. 
These features are relatively stable across datasets. 

One of the advantages of SPL100 is wider swath coverage, as shown 
in Table 2. It takes 5 and 7 flight lines to cover the entire study area for 
HSPL and LSPL data respectively, while 37 flight lines are needed to 
cover the whole area for Titan. Thus, SPL100 requires a much smaller 
number of flight lines to cover the same area and with similar point 
density. This characteristic of SPL100 makes it especially desirable for 
larger area mappings, such as data acquisition for nationwide mappings 

In previous studies, SPL data were reported to be very noisy, and the 
point cloud needed to be pre-processed to clean up the data (Man-
dlburger et al., 2019). The data used in this study did not exhibit the 
same property, i.e. the noise is at the similar level as conventional laser 
data. It was not disclosed to us what process had been performed by the 
data provider before data delivery. If the process is a standard proced-
ure, then the methods and algorithms developed for conventional ALS 
data can be readily applied to SPL100 data without an extra effort. As a 
result, SPL100 seems a more operational efficient alternative to con-
ventional laser scanners for forest inventories at large scale when 
combined with larger coverage and denser acquisition. One needs to 
bear in mind, however, that the low altitude Titan data does not fully 
represent the operational capability of conventional ALS operating at 
higher altitudes similar to those used for the LSPL and HSPL data in this 
study. 

5. Conclusions 

The study was the first investigation of SPL100 and conventional 
multi-photon laser scanning data acquired under the same growing 
season for their potential to characterize ground and forest attributes in 
boreal forests by a comparative analysis. The following conclusions were 
drawn:  

● SPL100 from 3800 m (HSPL) and 1900 m (LSPL) provided forest 
attribute estimates with comparable accuracy to Optech Titan 
(channel 2) from 400 m using area-based methods. This demon-
strates that point density and flight altitude do not have much impact 
on forest attribute estimation using an area-based approach. As a 
result, SPL100 is an operational-efficient alternative to conventional 
laser scanner for forest inventories at large scales. Higher operation 
altitude requires higher cloud ceiling to realize the efficacy, 
nonetheless.  

● There are systematic differences in the behavior of the various data 
sets. The mean difference of maximum height between LSPL and 
Titan data was 0.27 m, −0.04 m between HSPL and Titan, and 0.32 m 
between LSPL and HSPL, attributed to the different detector sensi-
tivities, beam sizes and point density of various data sets.  

● The pulse of the Titan sensor penetrates deeper into the canopy 
before the canopy trigger detector and cause a return echo, regard-
less of stand type and structure. Thus, SPL100 system records tree-
tops with higher sensitivity. The mean height, mode and upper 
percentiles of vegetation returns from Titan data are generally lower 
than those from SPL100 data.  

● Both HSPL and LSPL data show generally a higher relative number of 
ground returns than Titan. However, stand structure has a notable 
impact on the relative amount of the ground returns. In the multi- 
layer stands, Titan generally produces a higher proportion of 
ground returns than SPL100 does.  

● Simple type-related echo features are found not stable predictors and 
have weaker correlation and larger standard deviations between the 
different sensors than most of height-related echo features. Some 
features, such as CC, which characterize canopy cover, have corre-
lations close to 1. 

● The results suggest that ground surface and forest canopy charac-
teristics are represented with strong correlations for point distribu-
tion features from SPL100 and Titan ALS data. However, they deviate 
from the perfect 1:1 relationship for most features. This means that 
both SPL100 and Titan can be used to well represent the ground and 
canopy characteristics. However, the use of such features cannot be 
transferred from one dataset to another dataset without proper 
calibration. 

Future studies will explore the use of SPL100 intensity characteristics 
for tree species classification, since tree species is an important forest 
attribute in assessing the forest economic value, but also the carbon sink 
properties, regeneration of forest and storage of biomass to name a few. 
The SPL100 sensor is more sensitive and therefore intensity character-
istics of SPL100 data could be useful in tree species classification and 
need to be explored further. Quantification of SPL100 intensity is of 
practical and theoretical interest, but possibly a complicated issue 
(Matikainen et al., 2020), in contrast to that much more well-known 
behavior for the conventional lidar. 
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Table 8 
Accuracy evaluation of the forest attribute estimation for HSPL data.   

Bias Bias (%) RMSE RMSE (%) R 

Mean height (m) −0.05 −0.22  1.42  6.73  0.95 
Mean DBH (cm) −0.09 −0.34  3.63  14.17  0.88 
Volume (m3/ha) −1.17 −0.44  44.70  16.81  0.91 
AGB (Mg/ha) 0.00 0.00  20.85  15.79  0.90  

Table 9 
Accuracy evaluation of the forest attribute estimation for Titan data.   

Bias Bias (%) RMSE RMSE (%) R 

Mean height (m) −0.10 −0.48  1.34  6.33  0.96 
Mean DBH (cm) −0.21 −0.81  3.57  13.94  0.88 
Volume (m3/ha) −0.27 −0.10  47.15  17.72  0.90 
AGB (Mg/ha) 0.08 0.06  22.45  17.01  0.88  
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Jaakkola, A., Wang, Y., 2018. In-situ measurements from mobile platforms: An 
emerging approach to address the old challenges associated with forest inventories. 
ISPRS J. Photogramm. Remote Sens. 143, 97–107. 
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