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1 INTRODUCTION 
 

1.1 Background 

 

Airborne LiDAR (Light Detection And Ranging) has been widely adopted in forest inventories in 

the last 10-15 years. Airborne LiDAR produces high resolution 3D data very cost efficiently. Even 

relatively simple LiDAR metrics (e.g., percentile points, bins of height distribution) can be used to 

describe the vertical structure of the forest and the metrics correlate with forest variables such as 

tree height, canopy cover/closure and biomass (Naesset 1997). 

Applications for using airborne LiDAR data in forestry range from more "traditional" operational 

forest management planning to large-scale multi-phase inventories with a sampling design to 

inventorying ecological characteristics of forests like biomass, biodiversity, canopy cover or leaf 

area index (LAI), and deadwood. The use and utility of LiDAR (among other remote sensing data 

sources) are expanding rapidly as data to model more complex environmental dynamics is needed. 

Monitoring the changes in vegetation requires assurances for the quality and comparability of the 

data across time. Phenology is the study of periodic biological events and how they are influenced 

by biotic and abiotic changes (Eitel et al. 2016). It is considered to be one of the simplest proxies to 

track changes in the ecology of species in response to climate change (Salas, 2021). The 

phenological processes in boreal forests are mainly driven by temperature. The temperature affects 

the timing and duration of the growing season (Kramer et al., 2000). Kinnunen et al., 2013 state that 

the earlier bud burst and flowering time caused by climate change may have many impacts on the 

boreal forests that ultimately lead to an increased green cover period. However, there are other 

factors like deforestation/afforestation, increased and more frequent droughts and pests and 

pathogens (Linnakoski, 2017; Seidl et al., 2017) that are harder if not impossible to predict and have 

unforeseeable effects on the seasonal variation and other growing conditions that affect the 

tree/forest health and phenological cycle. 

Currently, operational forest management planning inventories in Finland combine the use of both 

LiDAR and passive imaging by cameras, and the possibility to use LiDAR only is very tempting as 

it would lead to cost reduction. This study explores basic dependencies between structural canopy 

features and LiDAR signals and aims at augmenting our understanding of LiDAR-vegetation 

interactions and factors limiting our current ability to use LiDAR data for species detection, and 

how to possibly overcome those limitations. Focus of this study is on the full-waveform 

observations that contain more information than conventional point clouds and are somewhat rarer 

to have access to. The tree species classification and site-specific calibration of interpretation 

models that predict stand variables from LiDAR features have been bottlenecks in forestry 

applications utilizing LiDAR and other remote sensing observations (Shi et al., 2018). The rigorous 

waveform processing can allow more complex echo detection and derivation of waveform features 

that can improve tree species classification, individual tree detection and canopy cover estimation 

and make the whole LiDAR measurement process more transparent and open to interpretation 

(Hovi & Korpela, 2014). This forms the main rationale for this study. 
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1.2 Laser scanning 

 

Laser scanner by itself is an optical radar, and all laser measurement, profiling and scanning 

methods are based on some type of laser distance measurement. LiDAR methods can be divided to 

three main categories ALS (Airborne Laser Scanning), TLS (Terrestrial Laser Scanning) and MLS 

(Mobile Laser Scanning). Depending on the technology of the used scanner the sent signal can be 

single laser pulse or continuous wave. Airborne- and mobile laser scanners are often pulse-based 

‘time of flight’ (TOF) sensors, whereas TLS scanners have realized the continuous wave method, 

where the distance measurement is derived by modulating the sent laser signal with sinusoidal wave 

and the distance is then calculated with the phase angle and -difference (Vosselman & Maas, 2010). 

Pulsed laser scanners can be further divided into discrete and waveform recording sensors based on 

their receivers (Figure 1). In a discrete sensor a laser pulse returning (above a certain energy 

reference value) is not ‘recorded’ in its entirety as a waveform, but the sensor measures the "points" 

that are recorded for distance and intensity ‘on the fly’. This type of measurement is called echo or 

discrete return (DR), and there is variation in between sensors on how many echoes can be stored at 

most per transmitted pulse. Laser scanner manufacturers generally do not specify the way in which 

echo separation is performed or waveform recording is initiated. The strength of signal and the 

reference value assigned to the sensor (for the echo detection) determines whether the echo is 

recorded or whether the device interprets it as noise. For the distance measurement itself (consider 

echo xyz-location) there are different methods like detecting the maximum amplitude of the signal, 

detecting the intensification of signal (when the derivate of signal exceeds the reference) and 

detecting the standard fraction, which is usually about 50% of the maximum amplitude of the 

signal. In a discrete sensor, only the ‘most important’ echoes, i.e., at least the first and last echoes, 

and only certainly correct echoes may be captured. Due to the large amount of data collected by a 

laser scanner, the discrete method is more popular, as recording the entire waveform does not 

benefit all users and requires a large amount of data transfer and storage capacity and later post-

processing. 

Waveform traits (attributes, features) consider however, important radiometric-geometric traits that 

have numerous perks compared to conventional DR data especially in surveying of vegetation 

(Roncat et al. 2014). Vegetation forms ‘soft’ targets and the return waveforms are informative of 

vegetation depth, leaf reflectance, leaf geometry and density (Reitberger et al. 2009). Previous 

research has shown that return waveforms from an individual tree crowns are highly variable 

(Korpela et al. 2013; Hovi & Korpela, 2014). Some pulses intersect detached branches and some of 

their energy penetrates down to the forest floor resulting in an elongated waveform, while other 

pulses that intersect the crown produce strong and short waveforms. Waveforms are a result of the 

convolution of the pulse with the illuminated targets. Temporal shape of the transmitted pulse, the 

diameter of the beam cross-section at the target, the vegetation itself and the receiver characteristics 

all form an interplay of factors influencing the observations. Gaps in vegetation are directional and 

transmittance through the canopy is wavelength specific, which further explains between-pulse 

signal variation (Korpela, 2017). This makes the unambiguous interpretation of DR intensity or 

waveform attributes rather difficult (Milenkovic et al. 2017) and explains the need of between-

campaign calibration efforts. 
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Figure 1. Illustration of different pulsed LiDAR systems. The most information about the target is 

gathered with full-waveform sensors. Real-time processing (‘on the fly’) and single-photon methods 

produce discrete samples (Kukko et al. 2019). 

From the reasons listed above, it can be noted that the target is only one of many factors influencing 

the return signal. Empirical research in the use of airborne LiDAR for tree species classification is 

ample since the last 15-20 years. Somewhat characteristic to the research has been case specificity 

and limited experimental designs. Researchers have used sensors that are available commercially. In 

addition, data-driven approaches to interpretation and models prevail and the trend seems to be 

continuing as methods for machine learning and deep learning such as convolutional neural 

networks are becoming more feasible (Wen et al., 2021). However, this is only understandable as 

general topographic sensors are those that are available and mapping agencies and companies buy 

instruments that are fast in delivering point clouds and serve the needs of the customers. The 

development in recent years seems to favour sensors that have very sensitive receivers, but the gains 

in ‘geometric efficiency’ seem to take place at the expense of declining radiometric bit-depth and 

signal-to-noise ratio. There are no sensors marketed for forest applications alone. However, pulsed 

LiDAR systems capable of waveform recording are in some sense optimal for soft (vegetation) 

targets as, in comparison to discrete-return systems, those provide more information about the 

differential cross-section profile of the illuminated vegetation. 

 

1.2.1 Geometry of airborne LiDAR system 

 

LiDAR system in short is based on three main components: GNSS, INS (Global Navigation 

Satellite System, Inertial Navigation System) and the scanner itself, which sends and detects 

photons. With this sensor fusion accurate and easy measurement of 3D points is possible. The 

distance travelled by the pulse can be calculated from the time difference between the transmitted 
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pulse and the registered return echo. Once the exact position and attitude of the LiDAR/IMU 

(Inertial Measurement Unit) system are known, the three-dimensional position of the target can be 

determined: 

 

�⃗�𝐺 = �⃗�𝑂 + 𝑅𝜔𝜑𝜅 �⃗⃗�𝐺 + 𝑅𝜔𝜑𝜅𝑅∆𝜔∆𝜑∆𝜅𝑅𝑆𝑎𝑎𝑆𝛽𝛽 [
0
0

−(𝑟 + ∆𝑟)
] 

Equation 1. LiDAR equation (Habib et al. 2011), 

where X0 is the vector between the Earth's rectangular coordinate system and the IMU coordinate 

system (IMU position vector), PG is the offset between the LiDAR and the IMU coordinate system, 

r is the distance measured by the LiDAR, Rω, φ, κ is the rotation matrix between the IMU and the 

Earth's rectangular coordinate system and RΔω, Δφ, Δκ is the rotation matrix between IMU and 

LiDAR. In this case, the rotations are related to the tilting and rotation of the aircraft relative to the 

north. Rsααsββ describes in which 3D direction the pulse originates from the laser unit itself, with 

respect to its coordinate axes. Parameters of Equation 1 needs to be solved for each pulse. Time 

synchronization plays an important role when GNSS, IMU and device deflection data are combined 

with the distance measurement itself. The estimation accuracy of the parameters in Equation 1 

determines the position accuracy of XG-, the coordinates of the scattering target.  

After installing the LiDAR system or after the laser scanning campaign geometric calibration is 

carried out to fix localization errors. Calibration is needed since LiDAR data (Equation 1) can have 

random, systematic or trend like geometric errors. In calibration the parameters for eliminating the 

systematic errors in localization and sensor/mirror attitude are estimated. For that redundant data is 

needed i.e., information about the geometry of the same object from different scan lines (altitude 

and/or SZA variation). Common practice for airborne LiDAR is to carry out strip adjustment after 

the laser scanning campaign. Strip adjustment involves using the height discrepancies of the same 

object found in the overlapping regions using counterpoints (points found in overlapping strips) as 

the reference. The correction process often significantly improves the geometric accuracy of the 

pulses and hence the point cloud. The amount of redundancy and, on the other hand, also the 

characteristics of the terrain determine which correction parameters can be attempted to be 

estimated. Systematic errors can be time-dependent, or, for example, errors can occur in electronic 

circuits or in the position of the mirror, in which case the error may occur only momentarily, during 

the entire flight or when flying in a certain direction. Trend-like errors arise over time. Trend-like 

error can be, for example, changes in the reception direction with regards to the position of the 

mirror, in which case the signal strength can change with the scanning angle, or the IMU has a 

faulty position measurement (in certain angle) or a solution ‘leaks’ in one round. The accuracy of 

this whole process largely determines the geometric precision of the point cloud. 

In airborne LiDAR, the scanning is performed from the above so that the zenith angle of the pulses 

(scanning angle, scan zenith angle SZA, angle of entry to horizontal surfaces) usually deviates from 

the nadir by a maximum of about 20°. The angle is changed (pulse is deflected) between pulses so 

that the terrain below the scanner is sampled. When scanning the forest, it should be noted that as 

the scanning angle increases, as the laser's ability to penetrate the canopy and hit the ground 
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deteriorates, but a better picture of the canopy's height structure is obtained (Vosselman & Maas, 

2010). Increasing the scan angle also increases the travel time of the laser pulse such that the 

radiometric properties of the pulse are affected. The flight altitude can vary from tens of meters to 

several kilometres depending on the platform to which the LiDAR system is attached. 

Beam divergence and target surface in addition to Equation 1 largely determine the geometry of 

the point cloud and in addition to that the radiometry and geometry Beam divergence and target 

surface in addition to Equation 1 largely determine the geometry of the point cloud and in addition 

to that the radiometry and geometry of the illumination on the vegetation largely determines the 

received intensity which in turn determines when volumetrically the echo is triggered. This results 

that for example the height of the trees is usually slightly underestimated as the energy distribution 

of the footprint is Gaussian, meaning that because of the optics the maximum-irradiance is in the 

middle of beam cross section and the energy decreases towards edges (Svelto, 2010). The range and 

beam divergence both affect the energy observations of forest vegetation. The beam divergence is 

usually expressed as 1/e or 1/e2 which defines the angular spread (percentage of energy) of the 

pulse’s irradiance profile (Vosselman & Maas, 2010; Svelto, 2010). A large footprint can be 

beneficial if small or thin objects, e.g., power lines, are of interest (guarantee that small objects can 

be intersected by the laser beam producing returns). A larger footprint will also help to ensure that 

some part of the signal penetrates the forest canopy. A small footprint will result in a more 

distinctive return. With a smaller footprint the signal is more likely to be returned from a single 

homogeneous surface and trigger fewer multiple returns for a single beam (Korpela, 2017). 

 

1.2.2 Radiometry of LiDAR and forest vegetation 

 

As previously stated, the LiDAR measurement is defined by multiple components produced by 

sensor and target illumination geometry and radiometry. The targets can be divided to two 

categories ‘soft’ (volumetric (e.g., vegetation)) and ‘hard’ (planar surfaces). Soft targets are harder 

to interpret as the pulse scatters along the volumetric target and the resulting waveform can be very 

complex. In vegetation, the response function of laser pulse is composed of optical (biochemical) 

properties of individual leaves/needles, arrangement and orientation of branches and leaves and the 

spatial variation of trees in the stand. In NIR range (Near-infrared), laser gives good response as 60 

– 90% of the incident radiance is reflected or transmitted (Hovi, 2015). Bidirectional response 

factor (BRF) i.e., the anisotropy of reflected radiance also affects the signal. BRDF (Bidirectional 

Reflectance Distribution Function) is the function of sensor and illumination azimuth and zenith 

angles (Nicodemus, 1965) and the BRF can be written as π*BRDF = BRF. The angle of entry to the 

target is dependent on the trajectory of the pulse and the orientation of surface normal (Roncat et al. 

2014). 

The Gaussian energy distribution across the laser footprint, beam divergence, properties of the 

medium, target geometry (and orientation) and reflectance determine the shape of the backscattered 

waveform, as it reaches aperture of the receiver. Size of the aperture determines the amount of 

radiance that reaches the detector. Behind the aperture is a collimating lens which directs all the 

photons coming from the direction of the pulse to the sensor (that intersected the aperture). The 
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sensor has ~5 – 10 mrad wide iFOV (instantaneous field of view) i.e., that solid angle from which 

the detector senses photons. The iFOV needs to be large enough to cover the laser footprint when 

considering the changes in the movement of the sensor and the time of flight of pulses, but also 

small enough to minimize the amount of diffuse radiation, which can cause noise (Wagner, 2010).  

To use the intensity or amplitude values, the sensor should be calibrated radiometrically to change 

the intensity values with no physical meaning into e.g., instantaneous radiance values. For this 

modified version of the radar equation accounting the monostatic geometry of laser scanners can be 

derived. It also accounts for the impact of the receiver in the recorded waveform by introducing the 

receiver impulse function Г(t) in accordance with the effect of target and medium properties. 

Wagner et al. 2006 present the radar equation as: 

𝑃𝑟(𝑡) =∑
𝐷2

4𝜋𝛽2𝑅4
𝑃𝑡(𝑡) ∗ 𝜎𝑖

′

𝑁

𝑖=1

(𝑡) ∗  Γ(t) =  𝑃𝑡(𝑡) ∗ Γ(𝑡) ∗ 𝜎𝑖
′ =

𝐷2𝜂𝑠𝑦𝑠𝜂𝑎𝑡𝑚

4𝜋𝛽2𝑅4
∙ 𝑆(𝑡) ∗ 𝜎𝑡

′(𝑡) 

Equation 2. Radar equation where acquisition parameters and convolution of system waveform S(t) 

and backscatter cross-section 𝜎(t) result in a backscattering signal that is sampled by the receiver. 

In Equation 2 Pr(t) is the received signal in function of time (analogue waveform), D is the 

diameter of the aperture, β beam divergence, R distance i.e., range, Pt(t) sent power, Г(t) impulse 

response of the receiver, σ(t) differential cross-section of backscattering, * is the convolution 

operator and ηsys and ηatm describe the system and atmospheric losses. Because of the commutative 

nature of convolution, Pt(t) and Г(t) can be combined to form the so-called system waveform S(t). 

Equation 2 describes how the waveform is affected (in accordance to target properties) by Г(t) and 

ηsys. When the divergence β increases, the signal attenuates unless it comes from clear and planar 

(well-defined) surface or homogenous volumetric material. When the aperture diameter (D) is 

increased, the received energy also increases. As transmitted power (Pt) increases, so does the 

received energy and when the target cross-section area increases so does the received energy. The 

system and atmospheric losses are something between 0 – 100% and the atmospheric loss is usually 

the same with the sent and received pulses because of the monostatic hot-spot geometry. The 

atmospheric losses and the effect of beam divergence can usually be compensated for by applying 

empirical or theoretical models, if the targets are well-defined, linear (wire-like) or point-blob like 

(Korpela et al. 2010).  

The differential backscatter cross-section can be written as: 

 

𝜎𝑖
′(𝑡) =  

4𝜋

Ω(t)
𝜌Α(t) 

Equation 3. Where the backscatter cross-section is a function of the target area A, target reflectivity 

p and the factor 4π/Ω(t) describing the scattering angle of the target in relation to an isotropic 

scatterer (Roncat et al. 2014). 

Equation 3 shows that backscattering is affected by many parameters. Increasing the incident angle 

and reducing the area of target the amount of backscattering is reduced significantly. From this it 

can also be derived that increasing the range the probability of backscattering is reduced, as the 



 

7 
 

probability of backscattering is a function of the incident angle and target size with respect to the 

range – which all affect the amount of backscattering. The larger backscatter cross-section profile 

means that the probability of target hitting the center of the Gaussian beam irradiance field is 

reduced. The attenuation of signal is a function of the range, size, (illumination and target) 

geometry and irradiance field and it is something between R2-4. If the target is linear (wire-like) line 

like the 2-way spherical losses increase to the third power of relative range variation and if the 

target is point like, the power term is 4. In the forest canopy, the spherical losses due to range 

variation are in quadratic-cubic ration and may depend on the tree species that is related to the 

structure (Korpela et al. 2010). However, the results of that study may exaggerate the role of tree 

species as the estimation suffered from deficits in the experimental design (low range variation, 

non-linear intensity scale). The situation however is not quite as simple because of the fractal 

geometry of the forest is especially hard to model and the targets are often smaller than the laser 

footprint, and, most importantly, volumetric in nature, i.e., the backscatter cross-section profile 

extends over a long range. 

 

 

Figure 2. Illustration of a simplified LiDAR sensor and the factors affecting the measurements (left) 

(Hovi, 2015) and effects of the surface on the received waveform (right) (Jutzi & Stilla, 2006).  

The scattering and reflection of photons can be exemplified at different spatial scales. In the low 

level, the optical properties (BRDF, note that in the monostatic geometry of LiDAR the angle of 

illumination and receiver are reduced to the same angle) of individual leaves or needles, in the 

intermediate level the arrangement of foliage and branches and in the high level the spatial 

arrangement of trees in forest stands (Figure 2) (Hovi, 2015). When the laser pulse encounters 

vegetation, photons are reflected (and re-reflected, multiple scattering), absorbed, or transmitted 

(Milenkovic et al. 2017). The total received signal represents the time-dependent sum of the energy 

of all the reflected photons from within the receiver’s iFOV (Hovi & Korpela, 2014). 
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1.2.3 Interpretation of full-waveform LiDAR signals 
 

LiDAR sensors capable of saving the full-waveform signals save the whole backscattered radiant 

flux (W) at a regular sampling rate (e.g., 1 ns, 1GHz) for post-processing (Milenkovic et al. 2017). 

Digitizing and storing the whole analogue signal requires more storage capacity compared to DR 

point cloud. For example, if the waveform (meaningful thresholded sequence of it) is digitized at 1 

GHz frequency and is stored as 8-bit integers (amplitude value) it results in a 125 Mb/s of unpacked 

data. The saved waveform signal is the reflected energy as a function of time and is formed by the 

two convolutions of Equation 2 (Wagner et al. 2006; Milenkovic et al. 2017). When the sensor’s 

photodiode detects the signal, a time-varying voltage is formed, which is then sampled for 

amplitude values. The name amplitude is somewhat misleading as the return signal is not of 

oscillating type.   This type of system is considered as LTI-system (Linear Time Invariant), which 

means that all the properties of the system are formed through the impulse response of the system. 

Impulse response is parameter that the sensor manufacturers does not normally know or expose, 

which makes the radiometric calibration of the system troublesome (Wagner et al. 2008B) and the 

systems are not necessarily linear even if the impulse response is known (Korpela, 2017). De-

convolution is linked with the radiometric calibration (Equation 2) and allows for target 

backscatter cross-section derivation with the effects of pulse width (transmitted) and impulse 

response (receiver’s) removed. This can be carried out by fitting Gaussian (or other) functions to the 

waveforms (Wagner et al. 2006). A digitized sample of the transmitted pulse must be available as 

well. From this it is then possible to calculate attributes and locations (peaks) for each “return 

echo”. However, the problem is not unambiguous and basically almost any number of echoes can 

be reconstructed from the waveform. Attributes can also be calculated directly from the raw 

waveform (cf. Reitberger et al. 2009; Yu et al., 2014; Bruggiser et al. 2017). 

In range calibration for spherical losses the non-linearities can be compensated analytically, but 

utilization of Equation 2 requires that the amplitude (intensity, at sensor radiance, instantaneous, 

received power Pr) observations are on the ratio scale. The receiver’s impulse response and 

sampling frequency also affects the accuracy of the waveform as it defines the highest frequency 

that can be detected from the sampled signal (Nyquist frequency, commonly 1/2(∆x) = ½ λmin, i.e., 

half of the sampling rate) and might alter the skewness of the waveform, introducing distortions in 

the feature extraction process (Jutzi & Stilla, 2006; Hovi & Korpela, 2014). 

 

1.4 Research objectives 

 

Motivation of this study is to understand how different waveform features can be interpreted and 

how the features behave over time with changing phenology of the trees that are scanned multiple 

times. The main objective is to statistically model the variation of tree-level LiDAR features and 

examine how a ‘tree effect’ explains within-species variance of LiDAR features. The tree effect can 

be interpreted as how the mean difference for a particular tree varies between repeated acquisitions, 

i.e., whether the tree itself is consistently different without the effect from the variance produced by 

the sensor or acquisition parameters. I use multitemporal data that comprises three repeated 
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acquisitions which all applied the same sensor, trajectories, as well as sensor and acquisition 

settings. As I had repeated LiDAR observations of the same trees where the acquisition settings are 

comparable, I could study the tree effect and variation between waveform features in the repeated 

acquisitions. Phenological changes were available to a certain degree as the LiDAR data comprises 

winter (leaf-off), early summer (low LAI in conifers) and late summer data (full leaf, high LAI). I 

also examined the influence of scan zenith angle on waveform features, as the same trees could be 

“seen” from multiple partially overlapping strips.  

Research questions: 

1. To what degree is it possible to collect compatible airborne LiDAR observations of trees 

using careful experimentation? 

2. What is the influence of scan zenith angle on waveform features derived as distribution 

metrics of waveform attributes intersecting a tree? 

3. How dominant is the ‘tree effect’?  

4. How consistent are the features predicting tree species between the three datasets with 

varying phenological conditions? 
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2 MATERIAL AND METHODS 
 

2.1 Study area 
 

The study area is in Hyytiälä, Southern Finland (61°50′N, 24°20′E). Forests are mainly of boreal 

coniferous type. Most of the stands are commercially managed and even aged. Scots pine (Pinus 

sylvestris L.) and Norway spruce (Picea abies L.) dominate. There are also a mixture of deciduous 

stands and trees, that are mostly birches or aspen (Betula pendula L., Betula pubescens L., Populus 

tremula L.).  

Deciduous trees are in full leaf from late May until late September. New needle cohorts of conifers 

grow in June. Pine drops the oldest needles in early September and 2-3 cohorts overwinter. Spruce 

and pine attain the heights of 21-30 m at the age of 100 years depending on the site conditions. 

Terrain elevation varies from 135 m to 195 m. Hyytiälä hosts a weather station and a network of 

permanent forest plots.  Aerial photography and airborne laser scanning have been carried out since 

1946 and 2004, respectively. An elevation model in 1-m resolutions from 2010 was available and 

has an RMS-accuracy of 0.2 m. 

 

2.2 Study material and outline of the experiments 
 

The study material consists of three consecutive LiDAR campaigns done with the same sensor as 

well as sensor flight parameters. Additional material includes aerial imaging surveys done in the 

area during 2011–2015 and field reference trees that have been measured during this period. 

Figure 3 shows the observations and processing steps that lead to the final steps, i.e., the analyses 

of multitemporal LiDAR waveform features at the level of (A) individual tree segments and (B) 

canopies (plots). The campaigns were named ‘winter’, ‘early summer’ and ‘late summer’ and the 

names depict the phenological state of vegetation. The acquisition and later processing steps aimed 

at verifying that the waveform data of the three campaigns were comparable so that the 

multitemporal observations reflect changes in trees and canopies instead of artifacts that may be due 

to the sensor, failure in repeating the acquisition settings, or the medium. 

Assigning pulses to circular plots for (B) canopy level analyses or to individual tree segments (A) is 

rather straightforward although oblique (3D) scanning means that there are always return pulses 

with extended backscattering that may start or end from outside the 2D circular plot or 2D segment. 

The intersection of the pulse in the plot or segment were determined by a point-in-polygon 

algorithm where the point coordinates were calculated from the first noise-exceeding peak in the 

received waveform sequence. 
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Figure 3. Outline of the study 

A 15-m-wide circular plot contained thousands of pulses, while a dominant tree, e.g., 26m spruce 

was intersected by 100-200 pulses in each campaign. Waveform features were calculated such that 

they represent distribution metrics of waveform attributes of pulses that belong to a tree segment or 

a circular plot. 

 

2.2.1 LiDAR and imaging sensors and campaigns 

 

As stated, the study area was scanned three times with the same sensor and acquisition settings. The 

sensor used in every campaign was a Riegl LMS-Q680i (Riegl GmbH, Horn, Austria). It was 

mounted on a helicopter skid and the nominal flying height was 750 m above ground. Riegl LMS-

Q680i has a rotating polygonal mirror, which results in a regular point pattern on the ground. The 

wavelength of light was 1550 nm i.e., in the SWIR region. In Riegl LMS-Q680i, the average laser 

power is set by the PRF (Pulse Repetition Frequency) and hence the transmitted pulse energy as 

well. The receiver has two non-linear signal channels: low-power (high-gain) and high-power (low-

gain) gates.  LMS-Q680i data from 2013 was used by Korpela et al. (2020) and examined in an 

open treeless Sphagnum bog that had low field layer vegetation. I used the combined low- and high-

gain waveform data even though the FWHM (echo widening) that is computed from overexposured 

low-power channel data were influenced by the peak power of reflective planar targets. The high-

gain receiver’s waveform data were saturated for the strongest signal, but strong distortion and 

complete saturation was only rare in tree canopies. The RiAnalyse software that outputted the 

waveforms combined the two signal chains, but this resulted in a discontinuation of the gain curve 

at a signal level, where the other channel was chosen by RiAnalyze.  In addition, the receiver 

produces artifacts due to ringing-effect, which may cause a false echo to occur after a strong echo 

(e.g., 1.5 m from below the ground surface that gave rise to a strong echo). Detectable false echoes 
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occurred in pulses that had a maximum amplitude of over approximately 100 units (Figure 9). 

Regarding the two gain levels, the lower end of the amplitude scale is linear (with respect to power 

entering the aperture), up to amplitude values of 130, and the gain changes for the signals above 

130.  Minor ringing effects remained in the data but were limited using a threshold that defined 

meaningful signal sequences called NEAS.  

The first data set is leaf-off dataset which was collected on November 15, 2011. The weather was 

not favourable and in the field reference images it is apparent that there is slight frost present in 

rooftops and in the grass areas. The second laser scanning campaign took place May 28, 2013. 

Because of the early summer acquisition, the leaves of birch had just reached their full size and 

pines and spruces were missing one cohort of needles. The third laser scanning campaign was 

collected on August 18, 2015. The late summer laser scanning campaign captures most of the 

growing season of that year and the needle mass is at its highest. 

Table 1 

Acquisition and sensor parameters of the LiDAR datasets. 

Date and time 
November 15, 2011; 

09:54-10:35 GMT 

May 28, 2013; 09:30-

12:20 GMT 

August 18, 2015; 

07:43-10:19 GMT 

Sensor Riegl LMS-Q680i Riegl LMS-Q680i Riegl LMS-Q680i 

FWHM of the system 

WF 
4.5 ns 4.5 ns 4.5 ns 

Beam divergence 0.5 mrad at 1/e2 0.5 mrad at 1/e2 0.5 mrad at 1/e2 

WF sampling rate 1 ns 1 ns 1 ns 

Scan angle ±30° ±30° ±30° 

Strip adjustments Terramatch Terramatch Terramatch 

PRF 240 kHz 240 kHz 240 kHz 

Pulse density 19 per m2 19.5 per m2 20 per m2 

Strip overlap-% 75 75 75 

Flying speed 41 m/s 41 m/s 41 m/s 

Altitude 750 m AGL 750 m AGL 750 m AGL 
 

RiAnalyze (RiA) software was used for waveform postprocessing to extract discrete returns. RiA 

utilizes both the transmitted and received waveforms for the task. Parameters of RiA's DR detection 

were ‘greedier’ in 2015, which resulted in slightly higher number of echoes per pulse. However, the 

triggering threshold of waveform storage was deemed similar in all campaigns and therefore the 

settings for RiA have no effect on the results derived from the waveforms. Typically, the first DR 

found by RiAnalyze had an offset of about 12−18 ns to the beginning of the waveform-sequence. In 

rare cases RiA detected the first DR later in the sequence by ‘missing’ the storage-triggering signal, 

or RiA (especially in the 2015 data) detected a weak DR echo early in the sequence, an echo which 

had preceded the storage-triggering surge but was stored in the buffer. DR data were not used for 

waveform analysis, but the DR data were however necessary for strip adjustment and canopy height 

modeling. The strip adjustment was done using TerraMatch software for all the datasets. Campaign-

level HRP-corrections (heading, pitch, roll), stripwise HRP-corrections and stripwise Z corrections 

were applied, i.e. the scanner / IMU misalignment, mirror scale and mismatches between different 

flightlines (roll and ΔZ) were considered in the estimation. Geometric accuracy in man-made 
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targets were tested and concluded that the between-strip and between-campaign offsets were below 

0.25 m in 3D and matched the orientation of the aerial images. 

Aerial images from the study area were acquired during the laser scanning as the used LiteMapper 

6800 system combines both the LMS-680i LiDAR and an RGB camera. The same sensor-

combination was also used in other campaigns. The interior orientation of the camera (lens 

distortions) was not perfectly known, and the exterior orientation accuracy of 2011 images 

remained at the pixel (10 cm) level. The camera was Hasselblad H4D-50 (Victor Hasselblad AB, 

Gothenburg, Sweden).  

Hasselblad H4D-50 images: 

Spatial resolution  14 cm, at 750 AGL 

Aperture f/6.8, 1/500 sec, (speed 40 m/s) 

ISO ISO-800 

Pixel matrix 6132x8176 

Sensor size (CCD) 36.7 x 49.1 mm 

Diagonal FOV 41.2 
 

The images were oriented with MATCH-AT or with iWittness using GPS/IMU & GCP data.  

Because of somewhat poorly defined interior orientation (lens deformations) the images suffer from 

1−2-pixel offsets that influence the epipolar geometry, and results in 10−30.cm offsets. This was 

however not crucial for the visual image interpretation needed in this study. In addition, there were 

high-resolution (15-20 cm) CIR-aerial images from 2010 and 2012 as well as 50-cm resolution CIR 

images from 2015. In addition to photography of vegetation during the campaigns, there were field 

photogrammetry images from May 2012 and in August 2015. These photogrammetric images were 

used for illustrations and to augment understanding of the waveform data.  

 

Figure 4. The 2011 data represents leaf-off (winter) conditions (left). The 2015 ‘late summer’ data 

was captured when the foliage density of trees is near the seasonal maximum (right). The 2013 

‘early summer’ data had birches in full leaf but leaves of aspen and other ‘late species’ were not 

entirely developed. 
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Very mild winds prevailed during all campaigns. Sky was mostly clear in the ‘summer campaigns’ 

of 2013 and 2015. High-altitude scattered clouds were present during the capture of strips 1−3 in 

2011. Weather affected most the 2011 ‘winter’ campaign as there was frost on the ground in open 

areas. Tree canopies had no frost according to field observations. 

 

 

Figure 5. Trajectory maps of the three LiDAR acquisitions. Coordinates are in the UTM35 system. 

Red denotes 2011, yellow 2013 and blue 2015. 

In addition to waveform data in LAS1.4, the trajectory files provided the position and attitude of the 

sensor, and these could be estimated for each pulse. Knowing the 3D pulse vector was essential for 

verifying the match of the repeated trajectories (Figure 5). Raw observation (*.sdf) files were 

available for viewing the received waveforms by the two signal channels as well as the transmitted 
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waveforms. For the analyses the RiA outputted waveforms and accounted for non-linearities of the 

amplitude scale using the calibrated intensity values of DR echoes (Figure 11). 

 

2.2.2 Field reference data 

 

I had plot measurements from 2013 and 2015. Plots in Hyytiälä were established using a protocol in 

which treetops are first positioned in airborne data using monoplotting (cf. Korpela 2010, Figure 

6.) and then occluded trees are positioned in the field using triangulation-trilateration (Korpela et al. 

2007). Tree observations include species, stem diameter (DBH) and crown status. Sample trees are 

measured for height and the height of the base of the living crown (CBH). Height estimates from 

treetop positioning have an RMS-accuracy of 0.7 m and the planimetric precision of stem maps is 

0.2-0.5 m. 

 

 

Figure 6. Treetop positioning using monoplotting. The operator points the treetop in the aerial 

image (yellow point), in which the red dot is the first LiDAR point intersected by the image-ray that 

is considered a ‘cylinder’ (diameter being a parameter selected based on stand and LiDAR density) 

in computing the intersection. The intersection gives the length of the image-ray and the end point's 

3D coordinates constitute the estimate for the treetop position. The terrestrial image shows the 

lidar point cloud and the path of the image ray/cylinder. Image credit: Ilkka Korpela. 

Single tree analyses were done in plots called the ‘Old Growth’ (OG) and ‘Intermediate’ (IM). The 

OG plot (1.1 ha) had 534 trees. The age is 120-130 years, and the height growth has slowed down to 

approximately 0.1 m/a. Understory layer is sparse and consists of Norway spruce, rowan and 

pubescent birch. Stand represents mature forest structure. The stand that hosts the IM plot (0.7 ha) 

was established in the late 1950s and partly in 1960-61. It is a mixed stand with similar tree species 

proportions as in the OG plot. The site type (Myrtillus type) and ground flora are also similar. The 

annual height growth is 0.2-0.4 m/a and hence the structure of the crowns represents that of 30-70-

yr-old trees. Both plots were initially established for tree species classification studies (cf. Korpela 

et al. 2010; Heikkinen et al. 2011; Korpela et al. 2011). Crown status was assessed in the field 
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(Table 2). Clear rules were available for assessing deviations of crown symmetry (due to 

neighbouring trees) and crown depth, but the assessment of defoliation was only in two classes 

(normal/sparse) and it likely is not very accurate but gives insight into interpretation. 

Table 2 

Status of trees in the OG/IM plots 

Status Pine Spruce Birch Total 

Living, all 101/152 335/296 25/44 461/492 

Living, symmetric 61/85 193/158 20/32 274/275 

Living, asymmetric  18/63 83/89 5/10 106/162 

Living, broken crown 5/- 28/9 -/- 33/9 

Living, about to die  1/1 3/1 -/1 4/3 

Living, sparse crown 1/3 27/6 -/- 28/9 

Living, short crown 15/- 1/33 -/- 16/33 

Dead standing 2/- 9/2 -/- 11/2 

Snag 16/- 21/- 1/- 38/- 

 

Canopy-level analyses were done using circular plots of mostly homogenous stands. Stand 

attributes of these test sites are presented with the results.  

 

2.3 Radiometric and geometric properties of the LiDAR data 
 

The waveform data can be very complex depending on the target. The simplest returns are the ones 

that hit some planar surface once, this way the return waveform is only scattered once from one 

‘hard’ target and the energy is not spread volumetrically (Jutzi & Stilla, 2006; Reitberger et al. 

2009). In these hard targets, peak amplitude (pA) correlates highly with the return energy of the 

entire return pulse. The more the laser beam interacts with smaller targets and produces small 

scatterers, more complex and weaker the returning signal (Milenkovic et al. 2017). The pulse width 

and sampling frequency affect the resolution of the waveform digitization which determines what 

the smallest possible distance is that can be separated from the waveform signal. Waveform 

sampling rate in my LiDAR data is 1ns (1GHz) which corresponds to 15 cm resolution in range. 

The radiometric evaluation of the campaigns was carried out using returns from hard targets, this is 

explained in more detail in the next chapters. After that, the more complex targets i.e., trees and 

canopies are considered. There is a large variation in the complexity of waveforms in stand and tree 

level, and consideration of how the canopies are intertwined or omitted is needed. The properties of 

the waveform signal stability across the three scans at different amplitude levels and scan 

geometries also needs to be considered.  

Despite careful experimentation with the LiDAR observations, there were small deviations in flight 

trajectories (Figure 5) which influence the (repeated, multitemporal) values of scan zenith angle 

(SZA) and sensor-target range (R), which are important parameters that influence the received 

signal. To guarantee that there are no artefacts present in the results, a stable functioning of the 

sensor is important. The sensors scan angle varied between ±30° which results in a swath width of 
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approx. 866m from the flying altitude of approx. ~750m. SZA varied thus a bit more owing to the 

tilts of the aircraft and the mounting system. At 30°, R is 15.4% larger compared to nadir which is 

why due to spherical losses the at-sensor received power falls 25% and 35% in well-defined and in 

linear targets, respectively. Strip overlaps were high and locally high target was sampled from 4-5 

strips.  

While tops of dominant trees are intersected by pulses arriving from all directions, suppressed and 

trees with close neighbours that omit one another show a skewed SZA distribution. This leads to a 

situation where the signal levels can vary considerably if the other omitted tree is mainly sampled 

from the above (shorter R). The variations in flying altitude and topography increase this signal 

variation by spherical losses. The incidence angle can cause further signal level variations. This is 

especially true if the surface normal is especially directional and planar, as is the case mostly in 

man-made targets such as roofs (Figure 7). 

 

Figure 7. Examples of strong directional effects in a radar sphere and in a tin roof. Powerline 

cables were used as calibration targets. Color of the dots denotes peak amplitude of the return 

signal. Image credit Ilkka Korpela. 

 

2.3.1 Waveform signals; triggering, linearity and range normalization 

 

The peak amplitude (pA) that triggered waveform-storage was at 9−10 threshold in all campaigns. 

The threshold was assessed using powerline cables as ‘hard’ targets (Figure 7 and  Figure 8) and in 

canopies. The cables were aligned parallel to the flying direction meaning that there were no 

compound incidence angle effects. All campaigns showed a similar pattern, in which a decreasing 
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number of triggered waveforms were available as R increased. The patterns also implied that the 

amplitude scale is linear for weak signals, if an offset of circa 2 ns is applied. Using it, the pA of 

strongest returns decreased at a rate of (R/Rref)3, which is according to the radar theory (Equation 

2). Amplitude values of noise ranged between 0−3. 

 

Figure 8. Powerline cables. Left: Peak amplitude (pA) values of powerline echoes of 2011 'winter' 

data as a function of range. The dashed lines represent theoretical spherical losses in linear 

targets, which are 11 and 32% for range differences of 761→ 792 m and 761→ 866 m, 

respectively. The dotted line represents the storage-triggering threshold of the receiver (pA of 

9−10). Right: pA values of all three campaigns. Image credit Ilkka Korpela. 

 

Figure 9. Waveforms from hard (80 and 100 ns long) and soft targets (80 ns long). The hard 

targets comprise a linear target followed by a well-defined surface (grass, short hay). Image credit 

Ilkka Korpela. 

The used LMS-Q680i sensor's high-gain receiver are influenced the waveforms by 'ringing', which 

means that there is a peak following a strong signal (~11 ns delay) (Figure 9). The pA of such 

pseudo echoes is 5-7 at maximum and the strength depends on the strength of the preceding true 

signal (cf. Jalobeanu & Gonçalves 2012). Ringing can be problematic if it is not accounted for in 

waveform processing as it creates false 'below-ground' points or 'weak branch points' in canopies. 

Accurate elevation model was used for the ground returns and thresholding in the canopies to limit 

the effect of ringing, although canopy returns were rarely very strong. 

As mentioned, spherical losses can be substantial in airborne LiDAR and normalization of the 

losses using the radar equation requires that the observations of the received power are on the ratio 

scale. R-normalization remains ill-posed in vegetation, which is a blend of diffuse and linear 
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scatterers. The ‘detection threshold’ (Figure 8) also influences the population of targets that remain 

in the data as R increases, which further complicates R-normalization. Powerline cables implied that 

pA is in linear dependence with power received in weak targets (Figure 8 and Figure 11). The 

same was not true in the brightest targets, in which the effect of R differed from that found in darker 

surfaces. Figure 10 illustrates how between-pulse amplitude variation decreases in strong returns, 

which suggests that the amplitude scale is compressed at the high-end. The change of scale is seen 

by comparing calibrated intensity values of DRs and the pA of the waveforms in Figure 11. 

Geometric attributes will be overestimated if this is overlooked. A correction function to directly 

calibrate echo width (FWHM) of strong returns was applied in Korpela et al. 2020, who used echo 

width waveform attributes to characterize 0-10 cm surface roughness. To enable basic R-

normalization (i.e., multiplication by (R/Rref)
2) the relationship between pA and calibrated DR 

intensity were used (Figure 11) and estimated a piecewise correction of the amplitude values to 

have them on the ratio scale prior to the computation of any waveform metrics. Because of 

saturation and distortion, the strongest waveforms (DR intensity > 4000, <0.01% of pulses in forest) 

remained erroneous even after calibration. 

 

Figure 10. Mean and standard deviation of amplitude values of WFs (centered at the peak) in dry 

asphalt (left) and powerline cables (right). Image credit Ilkka Korpela. 

 

 

Figure 11. Relationship between factory-calibrated intensity and peak amplitude well-defined 

‘hard’ targets in the 2011 ‘winter’ data. Numerically similar dependence was observed in all 

campaigns. The amplitude scale was linearized in piecewise manner (<135, 135−145 and >145) to 

‘straighten’ the dependence. Full saturation and strong distortion of the amplitude values are seen 

for the strongest echoes. Image credit Ilkka Korpela. 
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2.3.2 Stability of the system waveform and the echo width attribute over time in hard targets  
 

The influence of SZA on echo width was examined in 'hard' targets: bitumen, gravel, fine sand, 

grass, asphalt, powerline cables and vertical tin walls. Theoretically, an increase of incidence angle 

increases echo width as an oblique pulse arrives 'non-synchronously' at the target (cf. Wagner et al. 

2008A; Reitberger et al. 2009; Roncat et al. 2014; Bruggiser et al. 2017). The echo width of cable 

returns was unaffected by SZA in all data sets. In the 'winter' data, increase of SZA (0° → 30°) 

increased echo width in frost-covered bitumen and asphalt by 0.2 and 0.1 nanoseconds, 

respectively. Other surfaces and campaigns showed no effect or weak increase of 0.02−0.05 ns. 

Overall, SZA explained only 0-10% of the variance of echo width in planar surfaces. To find a case, 

in which echo widening should be notable, analysis of pulses intersecting a 30×6-m tin wall were 

performed. FWHM increased by 1 and 0.5 ns, with incidence angles of 70−73° and 60−63°, 

respectively. The R2 values were higher (0.4-0.5) and all campaigns showed similar dependence. In 

wooden benches (rise of 40 cm), echo widths ranged from 4.5 to 7.2 ns in all campaigns. Echo 

width thus measured small-scale depth variations correctly as one nanosecond corresponds to 0.15 

m of range. The echo widths of different planar surfaces were on average 4.5 ns (1.2−2 % 

coefficient of variation) in all campaigns. 

 

2.3.3 Stability of the amplitude and energy measurements and geometries over time 

 

The influence of R was controlled by acquiring the data using the same trajectories. This would 

assure that the same tree is covered by the corresponding strips and the R (and SZA) distributions 

per tree would match. However, as the nominal distance between strips was 215 m, even small 

trajectory offsets and tilts of the sensor resulted in ‘elongated’ narrow scene stripes (aligned with 

the flying direction), where the 'multitemporal coverage' was by different strips. Calibrated targets 

with known backscatter reflectance were not available for assessing an accurate match between 

campaigns. There are, however, specific surfaces (Figure 13), which have been used for 

radiometric calibration of both images and LiDAR (Korpela et al. 2011, Korpela, 2017). 

Reflectance (HCRF) measurements from 2008−2009 reached only 1000 nm so absolute reference 

was unavailable at 1550 nm. Finding targets for the winter data proved difficult owing to the frost 

on the ground and roofs. Based on field photography and aerial images it was concluded that 

asphalt (in dry places) and the cables are comparable over time. Figure 12 shows R x energy 

(linearized, range-normalized) distributions in different hard targets. Energy is the sum of amplitude 

values. Range-normalization removed the influence of spherical losses in well-defined surfaces. 

Early and late summer campaigns matched accurately in targets that were known to be stable 

(asphalt, bitumen and fine sand in two locations). Winter data matched the summer data only in the 

cables and asphalt (with wet stripes seen in aerial images). The football field has 'worn' areas where 

grass coverage is low, while parts of the field have fertile grasses. These areas differed between 

early and late summer data. In all, the relative brightness of frost-covered or wet bitumen, sand, 

lawn and gravel road was down 50-70% from summer values. The lower reflectance has 

implications also in the forest. 
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Figure 12. Examples of radiometric targets seen in winter images: A fine sand, B fertile lawn, C 

worn lawn, D gravel yard, E bitumen, F crossbar, G wooden benches, H asphalt and I powerline 

cables. Image credit Ilkka Korpela. 

 

Figure 13. Range × energy (linearized, range-normalized) distributions in various targets in the 

2011 (winter, black), 2013 (early summer, red) and 2015 (late summer, green) campaigns. Image 

credit Ilkka Korpela. 

 

It was concluded that energy measurements of the summer campaigns match within 5-10%. The 

signals from cables and dry asphalt suggest that the 2011 'winter data' also had a 5-10% match. 
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2.4 Individual tree segments 
 

To correctly assign waveform sequences to individual trees an individual tree segmentation was 

carried out. It is important to note however, that the tree crowns are often interlaced which can lead 

to confusion between individual trees. The individual tree segmentation was done using the method 

presented in the Dalponte & Coomes 2016, with a slight modification. The algorithm is available in 

the lidR package of R-programming language (Roussel et al. 2020).  The tree top detection step was 

not done using the canopy height model (CHM) like in Hyyppä et al. 2001, but by monoplotting 

(Figure 6) to ensure that the trees selected for the segmentation represent the same trees as in the 

field reference data. The status of the tree crowns and species was also known and recorded. The 

segmentation was done for the ‘IM’ and ‘OG’ plots (Table 2).  

Tree crown delineation was then done using the predefined treetops and rasterized CHM of 2013. 

The delineation algorithm uses the treetops as local maxima and a decision tree method to grow 

individual tree crowns around the local maxima until the vertical distance from the local maximum 

is less than a pre-defined threshold. This is done iteratively for four neighboring CHM pixels at a 

time. These pixels are added to the crown region if their vertical distance is smaller than the 

threshold. This iteration is continued until no further pixels are added to the crown region. For all 

the regions that are part of the tree crown, the first-return ALS points are extracted. Following 

crown delineation, the segmentation is completed with a 2D convex hull that is applied to the ALS 

points. This step gives the final individual tree segment polygons. 

 

Figure 14. ‘OG’ tree segments (left) and ‘IM’ tree segments (right) on top of orthorectified aerial 

image and CHM from 2013. 



 

23 
 

 

Figure 15.’OG’ plot. Red dots denote the 3D treetop position, the colored trees are the segmented 

trees. 

The segmentation was successful in 100% of the tree crowns in ‘IM’ plot and 99.9% in ‘OG’ plot. 

One tree crown that was detected in the field and marked as a treetop by monoplotting was not 

segmented. From the field reference, it was noted that the tree in question had broken crown and 

had started to grow new top such that the new treetop position was not actually the local maximum 

thus resulting in a failure of the algorithm. Figure 14 and Figure 15 illustrate the segmentation 

results in 2D and 3D. 

 

2.5 Extracting waveform attributes for plots and tree segments 

 

The waveforms consisted of 80-, 160, 240 and 320 sample long sequences that had pauses in 

between if the threshold for triggering the sensor was not surpassed. Because of the lack of proper 

format/data structure for processing full-waveform LiDAR data a data structure with one pulse 

(waveform sequence) per record was implemented, which made the processing of individual pulses 

easier. No data intervals (pauses in recording) were assigned to ‘no-backscattering’ and given 

amplitude values of 2. The ‘no-backscattering’ assumption is false in a sense, since the pulses had 

below-the-threshold scattering during the pause, which remains unknown.  

The goal of the waveform analysis was to find meaningful parts of the waveform signals and to 

calculate attributes for them. For each extracted waveform sequence, waveform attributes were 

calculated. Most of these attributes were adopted from Hovi et al. 2016, who studied waveforms by 

a Leica ALS60 sensor, which operates at 1064 nm and has 7.8- and 10.3-ns-long pulses (depending 

on the pulse repetition frequency). Hovi et al. 2016 examined the properties of so-called first-return 

noise-exceeding (continuous) amplitude sequences (NEAS) as the first returns are most informative 

in species identification and there are no power losses. In this work, the (“first return”) NEAS 

definition was also used as only the first lossless NEAS were examined. And, as the pulse length of 

LMS-Q680i is 4.5 ns only, the return waveforms had more details compared to ALS60. 



 

24 
 

 

Figure 16. Illustration of waveform attributes in a 320-sample-long waveform from spruce. The 

number of NEAS is three (n_neas) and number of peaks from DR data is five. Waveform shows 

weak signals from the crown and understory. The dashed line depicts a threshold that was applied 

in defining a NEAS. The green area illustrates the first lossless energy (e_neas) attribute and area 

that defines the derivation of other NEAS attributes. Separation of crown, understory and ground is 

not unambiguous and is only done for illustration purposes. 

The standard deviation of the noise was estimated from the ‘tails’ of the waveform. The noise 

present in the tails of raw waveform defined the noise level for the low-pass filter used for the entire 

waveform which was done by convolving with a Gaussian kernel that has FWHM equal to the 

system waveform (4.5 ns) (c.f., Hovi et al. 2016). The NEAS had also constraints such as minimum 

amplitude (noise, amplitude value of 6) and length of 5 ns. The peak amplitude was used to 

calculate the range, which together with pulse vector, defined the “XYZ coordinates” of the NEAS. 

The number of peaks (n_neas) and peak amplitude of NEAS (A_neas) were based on the filtered 

waveform, while original waveform was used for all other attributes. 
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Table 3 

Waveform (pulse) attributes 

Name Description 

 Pulse attributes 

x_lidar X coordinate of LiDAR system, UTM35 

y_lidar Y coordinate of LiDAR system, UTM35 

z_lidar Z coordinate of LiDAR system, UTM35 

StripNumber  1- 9 

SZA Scan zenith angle, degrees 

 NEAS 

n_neas Number of NEAS peaks 

n_peak Number of peaks from DR data 

x_neas X coordinate of NEAS, UTM35 

y_neas Y coordinate of NEAS, UTM35 

z_neas Z coordinate of NEAS, UTM35 

h_peak Above ground height of peak amplitude 

A_peak Maximum peak amplitude from DR data 

A_neas Maximum peak amplitude of first NEAS 

E_neas Sum of amplitude values in NEAS, energy 

L_neas Length of NEAS, ns 

FWHM Echo width as full-width half maximum, ns 

EQ50 Center of gravity, 50% energy quantile 

 

To calculate waveform features for plots and segments the waveform attributes were assigned to the 

plots or segments by using a 2D point-in-polygon algorithm (Smith et al. 2021) where the 

intersection of the point vector to the segment/plot polygon were determined by the XY(Z)-

coordinates of the NEAS (Figure 17). 

 

Figure 17.  Illustration of pulses (and waveform attributes) assigned to individual tree segment 

Waveform features of trees and plots are distribution metrics of attribute values. In this work, these 

were confined to the arithmetic mean (mean, m) and standard deviation (sdev, s). 
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3 RESULTS 
 

3.1 Waveform features in canopy level analyses 
 

The canopy level analyses consisted of fifteen different plots on species-specific homogenous 

stands. The plots were divided into deciduous stands consisting of silver birch (Betula pendula L.), 

siberian larch (Larix siberica L.) and black alder (Alnus glutinosa L.) and evergreen stands 

consisting of Scots pine (Pinus sylvestris L.), Norway spruce (Picea abies L.). Each species had one 

plot and pine in addition to that was assigned ten plots from within older uniform stand. 

 

3.1.1 Influence of phenology in deciduous trees 
 

The birch stand (61°51' 2.58"N, 24°17'55.05"E) is neighbouring the larch stand. It was planted in 

1972. In 2014, stem number was 520 s/ha, mean DBH was 23 cm, and the mean height was 22.5 m. 

Height growth was 0.3 m/a. The alder stand (61° 51' 16.99", 24° 18' 0.07") is neighbouring pine and 

spruce stands. Information on its establishment was not available. In 2013 the mean height was 19.5 

m. The 35-year-old larch stand (61° 51' 0.63", 24° 18' 4.61") was thinned in 2/2015 i.e., between the 

early and late summer campaigns. Prior to thinning, stem number was 1232 s/ha (mean DBH 21 

cm, mean H 18.5 m, CBH 8−10 m). In all, 45% of stems were removed.  

Backscattering in birch and alder was 35−60% lower in winter (Table 4) compared to summer. No 

literature was found on the reflectance of the bark of birch or alder branches at 1550 nm, but there is 

a spectral analysis study of stem bark of boreal and temperate tree species that covers 400 – 1000 

nm wavelength region that includes birch and alder bark (Juola et al. 2022). In that study, the intra- 

and interspecific variation of bark reflectance was highlighted. SZA did not correlate with any of 

the waveform attributes in winter or summer data. 
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Table 4. 

Proportions of pulse types and mean values of waveform attributes in four stands in winter (2011), 

early summer (2013) and late summer (2015). Plot radius was 15 meters. 

 

Waveform 

feature 
Birch Larch Alder Spruce Pine 

Year 2011 2013 2015 2011 2013 2015 2011 2013 2015 2011 2013 2015 2011 2013 2015 

n_neas 3.0 2.4 2.5 3.6 2.4 2.6 3.2 2.7 2.6 2.1 2.3 2.2 2.1 2.4 2.3 

n_peak 3.2 2.8 2.9 4.9 2.9 3.0 3.6 3.2 2.9 2.5 2.6 2.5 2.5 2.7 2.6 

h_peak, m 18.1 18.8 19.6 15.1 16.7 17.4 14.3 15.1 16.4 12.9 13.3 14.1 14.2 14.2 14.9 

A_peak 24 62 60 34 62 55 24 62 66 64 55 56 50 48 49 

A_neas 24 63 61 39 64 56 25 63 68 66 56 57 51 49 50 

E_neas 157 438 446 448 493 447 186 462 475 405 355 361 395 367 360 

L_neas, ns 11.2 15.6 16.3 20.2 17.6 16.8 12.1 16.5 16.1 13.9 13.3 13.3 16.0 15.4 15.0 

FWHM_neas, 

ns 
7.7 6.9 7.0 8.3 7.1 7.3 7.4 6.9 6.7 6.2 6.3 6.3 7.0 7.0 6.9 

EQ50_neas 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 

SZA, degrees 14.5 15.8 17.5 18.1 17.0 15.0 14.1 13.4 12.3 13.3 14.7 15.5 16.1 13.7 12.2 

 

Figure 18 shows the frequency distributions of the first NEAS return energy (E_neas) feature of 

pulses in the alder and birch plots. A relative intraspecies phenological effect is visible in both birch 

and alder between early and later summer (see the E_neas and L_neas values in Table 4). Because 

of the possible offsets between LiDAR campaigns, it’s not possible without ambiguity name the 

species that becomes 'brighter' (1550 nm) in the late summer phenology. Alder has slightly longer 

NEAS in early summer (Table 4). The first returns (h_peak) in birch had a mean height of 18.1 m 

in leaf-off state and 18.8 m following one growing season. The relative 'winter height decrease' was 

thus smaller compared to larch or alder. Compared to summer, winter waveforms had wider echoes 

in all deciduous species with largest relative difference in larch (8.3 – 7.1 ns) which had longest 

FWHM and pulse length in winter. 

 

 

Figure 18. Frequency distributions of energy of first NEAS in birch (left) and alder (right) stands. 
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Figure 19. Frequency distributions of energy of first NEAS in larch stand 

The summer patterns in all three deciduous species are similar, but the winter patterns in larch differ 

entirely. These stands were covered by the same LiDAR strips and have a distance 100 meters only, 

so that the data are highly comparable. The graphs reveal that (E_neas) backscattering energy is 

very strong in winter data. The 1550-nm reflectance of bark is 2−3 times higher than that of the 

foliage in Larix spp. (Rautiainen et al. 2018), which explains the phenomenon. The wintering larch 

crowns gave rise to more waveform peaks and wider echoes, which is an expected result. 

Comparison of early and late summer states is interfered by the thinning. Thinning effects show by 

comparing data of 2013 and 2015 (Table 4). Prior to thinning, A_peak/A_neas ratios of larch were 

similar to birch and alder stands but decreased drastically after thinning (64 – 56). Following the 

thinning, the L_neas further decreased 4.5% from before thinning thus resulting in an average 

E_neas value similar of winter where the L_neas was 17% longer than in late summer. This 

suggests that 'exposure of the crown perimeter' was the cause for the signal decrease in the trees left 

growing (Figure 19). 

Because of the leaf-off state, canopy losses were lower in winter, which explains why, the 

proportion of n_neas to n_peak was markedly smaller compared to early summer (3.6 – 4.9), while 

these pulses had very strong backscattering (Figure 19) and 12.8 % higher A_neas than A_peak in 

winter. 

 

3.1.2 Influence of phenology in evergreen trees 
 

Spruce stand (61°50'19.56", 24°18'44.30"E) was thinned to 488 s/ha (removal 408 s/ha) before the 

first LiDAR in 2/2010. In 2013, the mean DBH was 22 cm and height growth was 0.2 m/a. There 

are only a few understory trees. Table 4 shows the slight increase in peak amplitudes and mean 

height of peaks increased 0.3 m/a. The crowns grew in height and diameter, which explains the 

increase in L_neas. As with pine, the mean attribute values showed marginal differences between 

phenological states and SZA had no correlation with any of the attributes. Canopy 'reflectance' 

measured by E_neas was the highest in the winter state (405, 355, 361) (Figure 20). 

Pine stand (61°51'30.67"N, 24°17'52.82"E) was thinned before the first LiDAR acquisition to 636 

s/ha (removal 293 s/ha). In 2013, mean DBH and mean H were 20 cm (11−31 cm) and 17 m, 

respectively (CBH 8−10 m). Height growth was 0.25 m/a. The stand was established by sowing in 
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the late 1950s. The sparse understory has Norway spruce and some pubescent birch. Table 4 shows 

~5 % longer L_neas in winter and ~2 % higher peak amplitudes. Other phenological differences 

were small. Average e_NEAS was the highest in winter, 395, while the early and late summer 

values were 367 and 360, respectively. These differences are within the possible 5-10% mismatch 

between campaigns. Again, SZA did not correlate with any of the waveform attributes in winter or 

summer data. 

 

 

Figure 20. Frequency distributions of energy of first NEAS in spruce (left) and pine (right) stands. 

The separation of pine and spruce is important as they constitute the main tree species in Finland. 

Table 4 suggest that mean features of waveform attributes such as A_peak/A_neas, FWHM and 

L_neas comprise potential discriminating features in 50-year-old trees while first lossless energy 

from the crown is relatively similar between species. 

Ten plots were placed in the 2-ha pine stand to further highlight the intraspecies phenological 

changes in pines. Table 5 shows the results (means) in the stand (61°48'43.92"N, 24° 18' 48.61"E) 

that had 350-400 trees/ha, dominant height 24 m, few stunted trees in the understory while 

lingonberry, heather, mosses, and reindeer lichens form the ground flora. Standard error of mean 

was calculated as:  

𝑆𝑥̅ =
𝑠

√𝑛
 

Equation 4. where n equals the number of plots and s is the standard deviation of the attribute in 

the ten plots. 
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Table 5. 

Results of 10 plots (r=15 m) in the 2-ha pine stand 

Waveform 

feature 
Pine, 10 plots Standard error of mean 

Year 2011 2013 2015 2011 2013 2015 

n_neas 2.1 2.4 2.4 0.02 0.03 0.02 

n_peak 2.5 2.7 2.7 0.03 0.03 0.03 

h_peak, m 17.5 17.7 18.1 0.34 0.33 0.31 

A_peak 58 64 58 1 1 1 

A_neas 59 65 59 1 1 1 

E_neas 420 454 416 4 5 5 

L_neas, ns 15.4 15.7 15.3 0.10 0.13 0.12 

FWHM_neas, 

ns 
6.7 6.6 6.7 0.02 0.03 0.03 

EQ50_neas 0.4 0.4 0.4 0.0003 0.0006 0.0004 

SZA, degrees 13.2 12.8 13.4 0.29 0.51 0.49 

 

E_neas was consistently higher (454 vs. 416, 7%) in the early summer data. In the 55-yr-old pine 

plot early summer E_neas was only 2 % higher compared to late summer. In all, the differences of 

mean waveform features between phenological states in old pine were marginal. Figure 21 shows 

the frequency distributions of A_neas in the 10 plots. While the mean of A_neas were similar 

between winter and late summer (59 vs. 59) the early summer stands out at 65. 

 

 

Figure 21. Frequency distributions of peak amplitude of first NEAS of the 10 plots placed in the old 

pine stand. 
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3.2 Waveform features in individual tree segments 
 

The waveform features were analysed in two stands (Table 2) where individual tree crowns were 

segmented, and the waveform attributes were attached to the segments (Figure 17). The stands are 

referred here as IM for ‘Intermediate’ and OG for ‘Old growth’. 

 

3.2.1 Phenological differences 
 

Average values of waveform features in living trees in the IM and OG plots are shown in Figure 22 

which shows the change of m_E_neas between datasets and illustrates the behaviour of s_E_neas 

which is larger in OG plot. The crown sizes varied more in OG plot which partly explains the 

dispersion of the results in OG plot. 

Table 6 main findings are i) leaf-off backscattering is low in birch; ii) lossless first-return 

(m_E_neas) energy is lower in the younger trees; iii) old trees comprise harder targets (low 

m_FWHM_neas), high s_FWHM_neas, m_A_neas/m_A_peak, iv) pine and birch are 'softer' 

compared to spruce (lower m_E_neas, higher s_FWHM_neas).  

 

Figure 22. Mean energy distributions (E_neas) of three tree species in ‘IM’ (left) and ‘OG’ (right) 

stands.  
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Table 6. 

Average values of the mean and standard deviation features in living trees. ‘IM’ is presented first 

(uppermost). 

Feature 
Winter Early summer Late summer 

Pine Spruce Birch Pine Spruce Birch Pine Spruce Birch 

m_N_neas 
2.2 2.2 3.2 2.3 2.3 2.2 2.3 2.3 2.3 

2.2 2.3 3.1 2.4 2.3 2.4 2.3 2.3 2.4 

s_N_neas 
1.0 1.0 1.2 1.1 1.1 1.1 1.1 1.1 1.1 

1.0 1.0 1.1 1.0 1.0 1.0 1.0 1.0 1.0 

m_N_peak 
2.6 2.5 3.6 2.7 2.6 2.5 2.7 2.6 2.7 

2.5 2.6 3.4 2.6 2.6 2.7 2.6 2.6 2.7 

s_N_peak 
1.1 1.1 1.3 1.1 1.1 1.2 1.1 1.1 1.1 

1.0 1.1 1.2 1.0 1.1 1.1 1.0 1.1 1.1 

m_A_peak 
51 60 32 52 55 64 49 54 54 

67 70 35 68 67 65 62 61 65 

s_A_peak 
24 42 32 24 31 34 22 30 31 

49 62 47 42 47 44 35 41 45 

m_A_neas 
52 62 33 53 57 65 50 55 55 

68 72 36 69 68 66 62 63 67 

s_A_neas 
24 42 33 23 31 33 21 30 31 

49 62 47 42 47 44 35 41 44 

m_E_neas 
398 407 237 399 379 461 373 368 419 

432 433 227 439 421 444 398 388 457 

s_E_neas 
223 264 212 213 226 230 196 216 214 

271 300 231 256 267 246 229 245 243 

m_L_neas 
16.3 14.6 13.2 16.2 14.3 16.4 15.9 14.1 16.8 

14.3 14.0 11.7 14.1 13.8 15.4 13.7 13.5 15.9 

s_L_neas 
8.0 6.9 6.9 7.7 6.6 6.6 7.3 6.3 7.3 

6.7 6.7 5.8 6.2 6.4 6.3 5.9 6.2 6.7 

m_FWHM_neas 
7.1 6.5 7.7 7.0 6.5 7.0 7.1 6.6 7.4 

6.4 6.2 7.0 6.4 6.3 6.9 6.5 6.3 7.0 

s_ FWHM_neas 
2.4 1.8 2.9 2.3 1.8 2.0 2.4 1.8 2.4 

1.7 1.6 2.2 1.7 1.6 1.9 1.6 1.6 2.0 

m_EQ50_neas 
0.36 0.37 0.36 0.36 0.37 0.37 0.36 0.37 0.36 

0.37 0.37 0.36 0.37 0.37 0.37 0.37 0.37 0.37 

s_EQ50_neas 
0.07 0.07 0.09 0.07 0.07 0.07 0.07 0.07 0.09 

0.06 0.07 0.08 0.06 0.07 0.07 0.06 0.06 0.07 

m_SZA 
12.0 11.6 12.7 12.4 12.5 12.5 16.3 15.4 16.6 

14.4 14.5 14.1 16.2 16.0 16.3 14.0 14.1 13.8 

s_SZA 
6.8 6.7 7.6 5.6 5.4 5.8 10.2 9.7 10.8 

7.3 7.3 7.7 8.7 8.6 8.8 7.5 7.6 8.1 
 

Echo width m_FWHM_neas changes follow similar 'phenological patterns' in pine and birch on 

both plots, but the changes were significant only in birch, in which early and late summer show a 

difference of 5.4 and 1.4 %. Spruce has consistently most compact (lowest m_FWHM_neas, 

m_L_neas) crowns and smallest variation between changing phenological conditions. The crown 
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sizes varied more in OG plot which in part affects the standard deviation of results. The mixed 

species plots can only be utilized for identifying relative differences of phenological impacts due to 

the 0 – 10% mismatch of amplitude values between campaigns. In addition to potential true effects 

that are caused by geometric-optical characteristics of the trees, changes between campaigns would 

demonstrate a similar increase or decrease of signals in all trees if there was an offset (for example, 

in the power of the transmitter or atmospheric losses). 

 

3.2.2 Correlation of waveform features over time 
 

Feature correlation was examined in the OG and IM stands. Mixed-effects models (feature = tree 

effect + residual) were fitted to estimate the variance components of both terms (function lmer() 

from library lme4 in R (Bates et al. 2022)). A high variance proportion of the tree effect implies 

strong correlation. Figure 23 shows an example of the correlation of m_FWHM_neas in conifers 

between winter and early summer. The graphs show that variance is higher in the IM plot, and it is 

explained by the smaller crowns i.e., by a lower number of pulses per crown. Echo width separates 

species but is not invariant to tree age. 

  

Figure 23. Correlation of FWHM between winter and early summer in pine and spruce. 

Table 7 shows the magnitude of the tree effect as percentage of total feature variance. The 

percentage was the highest for s_N_neas, which indirectly measures the crown size and canopy gap 

fraction. The correlations of m_SZA were low, which shows that the experiments succeeded in 

avoiding effects by SZA and R. s_SZA showed a stronger tree effect in OG plot, which is according 

to expectations because both the tree's relative height and the 3-D arrangement of neighbouring 

trees influence occlusions. Feature m_A_neas/m_A_peak (peak amplitude) correlated strongly over 

time in pine but weakly in spruce. The variance proportions of standard deviation features were 

lower compared to those of mean features except for SZA. 
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Table 7. 

Percentage of feature variance explained by the ‘tree effect’. m(*) and s(*) denote mean and 

standard deviation features of waveform attribute. 

 IM OG 
feature Pine Spruce Pine Spruce 

m_N_neas 60 60 56 77 

s_N_neas 22 47 81 64 

m_N_peak 72 65 53 76 

s_N_peak 35 46 73 59 

m_A_peak 77 43 72 56 

s_A_peak 42 28 63 34 

m_A_neas 78 43 75 56 

s_A_neas 40 28 63 34 

m_E_neas 69 52 72 65 

s_E_neas 37 40 45 49 

m_L_neas 72 67 72 77 

s_L_neas 46 53 36 64 

m_W50_neas 65 61 66 64 

s_W50_neas 41 34 49 51 

m_EQ50_neas 37 19 42 28 

s_EQ50_neas 12 10 30 13 

m_SZA 0 8 0 14 

s_SZA 0 0 22 27 

 

3.2.3 Feature importance in tree species classification 
 

For tree species classification and feature importance ranking a random forest (RF) algorithm was 

used because of good performance comparability to other tree species classification studies (cf. 

Korpela et al. 2010; Dalponte et al. 2013; Kukkonen et al. 2019) and ‘built in’ method for feature 

importance classification (GINI importance). The used algorithm was in randomForest library for R 

(Liaw, A & Wiener, M 2002). A stepwise feature reduction procedure with multiple iterations were 

used to see whether the used features in the classification task were consistent. The method was also 

utilized in order to choose the ten best performing features used for classification. In theory the RF 

algorithm is not affected by the number of features used for classification or if the used features are 

correlated (Breiman, 2001), but as Figure 24 shows, the classification accuracy doesn’t improve 

much after ten features. Thus, ten best performing features were chosen for more detailed 

assessment as it allows easier interpretation of results. 
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Figure 24. Stepwise feature reduction procedure used by e.g., Hudak et al. 2008; Vauhkonen et al. 

2010 in IM stand. Effect of feature count on classification accuracy winter (left) and early summer 

(right). 

The classification results are reported in Table 8. and the feature importance ranking sorted from 

best to worst in Table 9. The top two strongest features in winter features in IM plot were same in 

summer. The distribution metrics of A_neas were important in summer data as well as the 

geometric features (m_FWHM_neas, m_L_neas). Geometry feature m_FWHM_neas was the 

strongest predictor across all datasets. The accuracy of spruce was the highest in all phenological 

states and birch was classified the best in leaf-off state. Feature s_A_neas was ranked the second 

highest in the IM while the s_EQ50_neas (center of gravity of the waveform) was second highest 

for OG plot while not making it to top ten in IM. The variance proportion of the tree effect was 78 

and 43% in pine and spruce for m_A_neas in IM plot and s_EQ50_neas 30 and 13 % for pine and 

spruce in OG plot. m_FWHM_neas showed even average correlation and was consistently among 

top features. While m_FWHM_neas precisely measures some structural trait in trees, it is not 

something that can be used unambiguously for species identification.  

The separation between pine and spruce was poor in the OG plot and the only pure 'summer feature' 

was m_E_neas which wasn’t performing well in the feature importance ranking. The classification 

performance for birch in winter in OG plot is partly explained by the small number of birches in the 

plot. 
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Table 8. 

Classification results: Confusion matrix, classification accuracy -% by species, overall accuracy -

% and Cohen’s Kappa 

    Winter Early summer Late summer 

  Predicted Pine Spruce Birch Pine Spruce Birch Pine Spruce Birch 

IM 

Pine 131 21 0 130 20 2 131 17 4 

Spruce 12 284 3 17 273 9 10 285 4 

Birch 0 2 37 4 11 25 10 13 17 

OG 

Pine 72 42 2 69 42 5 76 40 0 

Spruce 21 316 0 20 313 4 18 308 11 

Birch 5 9 25 9 12 18 5 11 23 

                      

IM 
Classification 

accuracy, % 
86 95 95 86 91 63 84 95 48 

OG 
Classification 

accuracy, % 
62 94 64 59 93 46 66 91 59 

 

    Winter Early summer Late summer 

IM 
Overall accuracy, % 92 87 88 

Cohen's Kappa 0.85 0.75 0.77 

OG 
Overall accuracy, % 84 81 83 

Cohen's Kappa 0.63 0.57 0.61 
 

 

Table 9. 

Feature importance of ten best performing waveform features of three iterations 

 

Winter Early summer Late summer 

IM OG IM OG IM OG 

m_W50_neas m_W50_neas m_W50_neas m_W50_neas m_W50_neas m_W50_neas 

s_A_neas s_EQ50_neas s_A_neas s_EQ50_neas s_A_neas s_EQ50_neas 

s_A_peak m_E_neas s_A_peak m_EQ50_neas m_L_neas m_L_neas 

s_W50_neas m_A_neas m_L_neas m_L_neas s_A_peak s_A_neas 

m_A_neas m_A_peak m_EQ50_neas m_E_neas s_W50_neas m_E_neas 

m_A_peak s_A_neas s_L_neas s_L_neas s_L_neas s_A_peak 

m_L_neas m_L_neas m_N_peak s_A_neas m_EQ50_neas m_EQ50_neas 

m_EQ50_neas m_EQ50_neas m_E_neas s_A_peak m_E_neas s_N_neas 

m_E_neas s_E_neas m_A_peak m_A_peak m_A_neas m_A_peak 

s_L_neas s_A_peak m_A_neas m_A_neas m_A_peak s_W50_neas 
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4 DISCUSSION 
 

The main rationale of this study was to improve interpretation of waveform features and analyse the 

effects of varying phenological conditions and tree species. The first research question was about 

the accuracy of repeated airborne LiDAR, which laid the foundation of this study. If same trajectory 

repetitions, stable sensor operation and effects of the medium are comparable in the of LiDAR 

campaigns, it would theoretically mean a ’perfect match’ between the datasets. The company 

providing the service of LiDAR campaigns were asked to use ‘normal production procedures’ 

except for the request of same sensor- and flight parameters. Linearization of the amplitude values 

was needed to carry out range normalization after which the radiometric match between campaigns 

was be verified to be within 5−10% in hard targets. The results are fairly good considering that an 

absolute (spectral radiance, reflectance) calibration accuracy of greater than 5% is challenging to 

achieve in optical remote sensing (Korpela, 2011). The 5−10% limitation, however, means that 

observing small phenological effects calls for additional constraints. This was done by utilizing 

local calibration surfaces (e.g., roads), mixed species stands. The system waveform was deemed 

unchanged throughout the campaigns. 

Influence of SZA on the waveform attributes were tested but no major effect was found. SZA may 

have influenced return energy in trees, but range-normalization removed any dependencies as the 

range and SZA were highly correlated in the data. SZA did not influence any of the geometric 

waveform attributes in any species although it was noted that echo width was affected by SZA in 

hard surfaces. The influence of SZA was tested in some leaf-off aspens that have upright branches, 

but no discernible effect was found. The acquisition height that was applied was 750 m only and the 

impact of range variation will be lesser in campaigns that are scanned from 2−3 km that are normal 

in forest applications in Finland. When exploring the data, it was noted a vertical trend in echo 

width in leaf-off birch such that the topmost echoes were wider. Many tests remain to be done and 

constitute interesting future work. For example, it was shown in larch that waveform features of 

pulses that 'pass through crown edges' are different from pulses that intersect the 'interior' of the 

crown. Such differences within crowns may constitute species-specific information. 

The features were distribution metrics of radiometric and geometric waveform attributes. Many of 

the features correlated over time, i.e., they measured some geometric-optical trait that did not 

change during the 38-month period. The individual tree test stands were chosen to include several 

species and they were free from forest operations or large-scale mortality. That allowed to observe 

relative between-species differences due to phenology. The number of pines and spruces was large 

enough to draw clear conclusions about phenology, but the low number of birch trees was a 

weakness. The segmentation of the crowns was successful, and the crowns were rarely under- or 

overestimated which could result in artifacts. The 2D-segment approach lacks the separation of 

overlapping tree crowns which can result in mixing of waveform traits of neighbouring trees. The 

number of pulses in tree crowns were, however, quite large and while the crowns in intermediate 

(IM) stand were smaller resulting in smaller number of pulses per crown, the crowns were more 

easily separable and rarely omitted. 

Waveform features that discriminate between pine, spruce and birch showed differences between 

the phenological states. Overall, the species classification was more accurate in the younger forest 
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(IM) although the tree effect (correlation of features over time) was not markedly different from the 

old forest (OG). The mean values of many features differed substantially between the 50 and 120-

yr-old trees. The classification results achieved here were similar to other studies that utilize 

combination of geometric-optical features (cf. Ørka et al. 2012; Hovi et al. 2016; Kukkonen et al. 

2019). The stand metrics affect the classification accuracy remarkably and separation of birch is not 

easy without leaf-off conditions. This has been also the finding in the studies mentioned above. 

Notable is that in the LiDAR studies efforts made to achieve overall accuracy of over 85 % in tree 

species classification auxiliary data such as multispectral- (or hyperspectral) images or LiDAR are 

required whereas waveform features perform quite well without auxiliary data and within one 

wavelength. The experimental results showed that waveforms from leaf-off birch, alder and larch 

crowns deviate substantially from leaf-on conditions and contrary to expectations, the return 

energies increased in leaf-off larch and were the strongest in any vegetation.  

Overall, the phenological effects were small in pine and spruce. Pine in early summer has a lower 

needle mass compared to late summer as one needle cohort out of 2−4 is missing which could be 

distinguished with rigorous processing and sampling in uniform pine stand. Winter waveforms 

showed the highest return energy in conifers even after calibration. Water content of needles may 

constitute one explanation (cf. Hovi et al. 2017). Best performing waveform features in tree species 

classification using random forest were different in IM and OG stands. Geometric features such as 

FWHM performed well but doesn’t necessarily contain much unambiguous species-specific 

information. The energy features were affected by the phenological effects, thus resulting in good 

separation of deciduous species (birch) in winter data. The ‘challenging’ 3D structure of the forest 

(uneven height distribution, occlusions, nesting crowns) affected the features used in the tree 

species classification task which resulted in poorer tree species classification accuracies in OG 

stand. 

Compared to 1064 nm that Hovi et al. 2016 used, the energy features behave in completely different 

way. This might have to do with spatial distribution of species or the age structure of the stand and 

that the reflectance of the different species at 1064 nm and 1550 nm has large implications on the 

return waveform signal. The geometric features such as FWHM are relatively similar even with the 

longer system waveform 1064 nm data. Spruce produces narrower returns whereas pine and birch 

are wider.  
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5 CONCLUSIONS 
 

In this study I used multitemporal LiDAR features for deriving phenological differences from forest 

trees in varying phenological conditions. The waveform features were also used for tree species 

classification in two structurally different stands. It was shown that it is possible to detect intra- and 

interspecies phenological changes from multitemporal full-waveform data. The phenological 

differences are most apparent in deciduous tree species, as one of the LiDAR campaigns was done 

in leaf-off conditions. The tree species classification task was successful, and I were able to achieve 

overall accuracies of approx. ~90% in the intermediate stand and ~83% in the old growth stand. 

Phenological state of the trees and the stand structure affect the tree species classification accuracy.  

The advantage of full-waveform LiDAR are its radiometric and geometric properties, which allows 

better interpretation at ‘depth’ which is a great feature in remote sensing of vegetation.  This 

enables better and more transparent methods for characterizing vegetation structure and reflectance 

properties, which in turn contain valuable information for a wide range of applications, such as tree 

species classification. Waveform features were significantly different for deciduous trees in leaf-off 

state whereas the phenological difference within coniferous evergreen tree species were smaller. 

Overall, the waveform features were shown to contain species specific information and perform 

well with machine learning classification algorithms such as random forest.  

Future research considering combining multiple wavelength waveform features for tree species 

classification constitutes interesting topic, because of the poor separation of pine and spruce in older 

trees. In this study the winter and summer features were not combined in classification but based on 

the results having both leaf-off and leaf-on data will improve the classification accuracy of at least 

deciduous trees. Challenges remain on the scalability of these methods presented in this work 

because of complicated data structures used for full-waveform LiDAR data processing and multi-

layered calculation process to derive waveform features. In this study it is, however, shown that 

waveform data contains a lot of ‘untapped’ information about the state and structure of trees that 

could be utilized in challenging tasks, such as tree species classification. 
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