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Abstract

The increasing availability of large-scale and repeated operational airborne laser scanning (ALS) facilitates its use for

multitemporal analyses and monitoring. In the last decades, single ALS acquisitions have been demonstrated to hold great

potential for obtaining forest structural information. However, the robustness and reliability of ALS to accurately detect

5 changes in complex forest structural parameters such as plant area index (PAI), from repeated ALS acquisitions have rarely

been assessed. In this study, we evaluated the reliability and limitations of multitemporal mapping and interpretation of this

structural trait, using the well-established canopy height (CH) as a reference metric. We used operational ALS data from a

heterogeneous temperate forest in northern Switzerland from three years, 2014, 2019 and 2020, recorded with different sensor

and flight settings. Our results showed that CH was largely unaffected by the differences in data acquisition, reaffirming it to

10 be a robust trait and demonstrating that our data is usable for multitemporal analyses. For PAI, we applied and compared three

estimation methods with varying complexity. PAI results were highly sensitive to various acquisition parameters, particularly

the pulse repetition frequency, leading to large deviations between acquisitions. All tested PAI estimation methods exhibited

similar problems, complicating the distinction between actual structural change and external effects. This study underscores

the potential of operational ALS for multitemporal forest structure analyses but highlights the need for standardisation of

15 recording parameters as much as possible, as well as methodological harmonization and calibration to ensure comparability in
multitemporal analyses, particularly for complex forest structural traits.
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1 Introduction

The increasing availability of airborne laser scanning (ALS) data over the past decades has created new opportunities for

20 analysing forest structure across large areas. Structural forest attributes derived from ALS, such as canopy height, volume and
biomass provide valuable insights into forest development, productivity and ecological function (Homolova et al., 2013;
Riofrio et al., 2022; Schneider et al., 2017). In the context of global change—including climate impacts and increasing
anthropogenic pressures—monitoring forest structure has become essential for understanding and managing these systems.
Forests not only fulfil important ecosystem services and provide protective and utility functions but also act as biodiversity

25 hotspots and crucial carbon sinks, making them critical to conservation efforts (Bonan, 2008). Among the key dimensions of
forest ecosystems are composition, structure and function (McElhinny et al., 2005; Noss, 1990). While compositional and
structural characteristics have traditionally formed the basis of forest inventories, functional aspects have gained increasing
attention in recent years (e.g. Helfenstein et al., 2022; Schneider et al., 2017; Zheng et al., 2021). Plant functional traits have
been demonstrated to show a positive relationship between plant diversity and ecosystem functioning (Schneider et al., 2017).

30 Such traits can be of morphological, physiological or phenological nature (Helfenstein et al., 2022; Homolova et al., 2013).
Morphological traits are linked to the availability of light and other factors, such as the growth rate of individual trees, the
productivity of the ecosystem, and the specific habitat for canopy-dwelling organisms (Ishii et al., 2004; Moles et al., 2009;
Zheng et al., 2021). Canopy height (CH) and plant area index (PAI) are examples of morphological forest traits. These two
traits represent different aspects of canopy structure—vertical extent and canopy openness—and thus reflect key dimensions

35 of forest architecture (Fahey et al., 2019).

CH is widely used in ecological and forestry studies as an indicator of stand development, biomass and productivity. It has
been shown to play a central role in plant ecological strategies, as it determines how well a plant can compete for light, which
affects the carbon gain strategy of a species (Moles et al., 2009; Stahl et al., 2014). Furthermore, CH has been related to various
species’ abundances (Coops et al., 2016). For CH, there is a robust body of literature demonstrating reliable retrieval from

40 ALS data and ecological interpretation (Coops et al., 2016; Fischer et al., 2024; Pearse et al., 2019; Tompalski et al., 2019;
Wilkes et al., 2015). It can robustly and easily be estimated from ALS data and serves as a standard metric in many structural
analyses. In contrast, PAI — defined as half the total surface area of all plant material (leaves and woody structures) per unit
ground area (Chen et al., 1991) — is more complex to estimate. In forests, PAI is often estimated rather than leaf area index
(LAI), due to the existence of woody structures (Liu et al., 2021; Solberg et al., 2009). LAI, a much-studied variable, is

45 considered an important climate and biodiversity variable, as it influences photosynthesis, transpiration and rain interception
(Bojinski et al., 2014; Liu et al., 2021; Skidmore et al., 2015). Although passive sensors and synthetic aperture radar (SAR)
have been used to estimate LAI and PAI, respectively, they are subject to limitations such as saturation at high trait values,
shading, variable moisture conditions, or ground and terrain effects (Solberg et al., 2009). ALS has shown promising results
and offers methods for estimating PAI through the Beer—Lambert law (Arngvist et al., 2020). Additionally, with ALS it is

50  possible to constrain PAI estimation to specific vertical layers of the canopy using height thresholds (Morsdorf et al., 2006).
This allows researchers to isolate canopy-level PAI from total vegetation density — an approach not feasible with passive
sensors, which typically integrate signals over the full vertical profile. Such layer-specific analysis is particularly useful for
understanding forest structure dynamics and canopy openness, especially under leaf-off conditions when understorey and
overstorey can be more clearly separated.

55 Spatial continuous trait mapping, enabled by ALS, can fill existing data gaps. Beyond single-date trait estimation, the rising
availability of repeated ALS acquisitions now facilitates multitemporal analyses of forest structure. Studies in this field have
largely focused on CH change as a proxy for tree growth (e.g. Kozniewski et al., 2022; Tyminska-Czabanska et al., 2022;
PinYu et al., 2005) or disturbances. Some researchers have also examined changes in canopy cover or vertical echo distribution
using the complete 3D point clouds (Arumée et al., 2020; Leiterer et al., 2015a). However, most physically based (Hyyppa et

60 al., 2008) multitemporal ALS studies to date have been limited to height metrics, and relatively few have addressed how

3
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complex structural traits, such as vegetation density, change over time. In a multitemporal analysis of vegetation structure
beyond height metrics, Shao et al. (2019) examined ALS survey pairs over Amazon forests and demonstrated that sensor
differences and varying pulse densities can introduce systematic biases in structural change estimates, and the authors proposed
a correction based on linear regression.

65 Many multitemporal ALS studies to date rely on data acquired specifically for research purposes, often using comparable
sensor configurations and harmonized acquisition settings. In contrast, operational ALS datasets, such as those increasingly
available from national or regional mapping programs, are typically collected over long time periods using different sensors,
flight geometries and acquisition parameters. These heterogeneous conditions—e.g. varying flight altitudes, beam divergences,
scan angles, pulse repetition frequencies, and footprint sizes—can substantially influence the derived parameters, probably

70 affecting the robustness of multitemporal trait estimations (Morsdorf et al., 2008; Nesset, 2009; Orka et al., 2010; Solberg et
al., 2009). Such variability could introduce substantial confounding effects and complicate a clear attribution of temporal
differences to ecological processes.

Consequently, a notable research gap becomes apparent: despite the growing availability of operational ALS data across large
regions and multiple points in time, the temporal dynamics of complex morphological traits—such as PAI— using operational

75 ALS acquisitions from national or large scale surveys have rarely been analysed. Most existing studies rely on harmonized
research datasets or examine forests that differ fundamentally from temperate systems, such as tropical Amazonian forests,
whose structural and phenological characteristics are not directly transferable to temperate forest systems (e.g. Shao et al.,
2019). As aresult, it remains unclear how reliably complex traits can be mapped over time using operational, non-standardized
data in temperate forests. Addressing this gap is essential, as operational ALS time series have the potential to support large-

80 scale monitoring of forest structure relevant to ecosystem function, biodiversity, and evidence-based forest management. Yet
their suitability for deriving consistent multitemporal trait information remains largely unexplored.

The main objective of this paper is to evaluate the reliability and limitations of multitemporal mapping of morphological
forest traits using operational ALS data. In this study, we therefore introduce CH as a baseline metric—one that is well
understood and relatively insensitive to acquisition differences. This baseline allows us to contextualize our main focus:

85 assessing PALI, a trait that is far more susceptible to variations in sensor and flight parameters. By contrasting these two traits,
we aim to highlight a critical yet often overlooked issue in multitemporal ALS analyses and stimulate a broader discussion on
the reliability of complex structural metrics from ALS data. We use data from three operational ALS acquisitions (2014, 2019,
2020) across a large, forested area in the western part of the canton of Aargau, Switzerland. Our aim is to highlight critical
sources of uncertainty and to raise awareness of the methodological constraints that accompany the use of operational

90  multitemporal ALS for trait-based forest monitoring.

The following research questions guide our work:
e  How consistent and reliable are CH and PAI estimates derived from ALS across different acquisition years and forest
types?
e How do differences in sensor and flight parameters affect the comparability of structural trait estimates, particularly
95 for complex density-based metrics such as PAI?
e Which ALS-based PAI-estimation method provides the most consistent and interpretable results over time?
Rather than proposing a correction approach, our objective is to identify and quantify acquisition-related effects that can

confound the interpretation of multitemporal ALS-derived forest metrics.
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2 Material and methods

100 2.1 Airborne laser scanning data
For the years 2014 and 2019, two ALS datasets containing the entire area of the canton Aargau were made available by their
local government (Departement Bau, Verkehr und Umwelt, Abteilung Wald) in the reference system LV95/LN02
(EPSG:2056/5728). The data from 2014 were acquired under leaf-off (defoliated) conditions. The data were collected from
18.03.2014 to 04.04.2014 with an LMS-Q680i RIEGL scanner. In 2019, leaf-off data were collected from 23.03.2019 to
105 21.04.2019 with an LMS-VQ780i RIEGL scanner. The aerial surveys in 2014 and 2019 were carried out by Milan Geoservice
GmbH (Kamenz, Germany).
For the year 2020, an ALS dataset covering the entire canton of Aargau, acquired as part of the swissSURFACE?P product,
was provided by the Federal Office of Topography swisstopo. The leaf-off data were acquired from 06.02.2020 to 14.03.2020.
The acquisitions mostly took place during the night and were done with various aeroplanes using a Riegl VQ-780i and a Riegl
110  LMS-Q780 scanner. More details about the data used in this study can be found in Table 1.
Table 1. Summary of the specifications for airborne laser scanning (ALS) data acquisitions in the canton of Aargau in 2014, 2019 and 2020.
2014 (leaf-off) 2019 (leaf-off) 2020 (leaf-off)
Acquisition date 18.3.-4.4.2014 23.3.-21.4.2019 6.2-14.3.2020
Flight trajectory v v v
available?
ALS sensor LMS-Q680i LMS-VQ780i Riegl VQ-780i & Riegl
LMS-Q780
Mean operating altitude 600 1250 1275
above ground [m]
Scan angle [°] +15 +30 +30
Mean point density 16 30.8 17.5
[pts/m?]
Pulse footprint at mean 30 31 32
operating altitude [cm]
Pulse repetition frequency 300 1000 VQ780i: 500 / Q780: 400
[kHz]
Beam divergence [mrad] 0.5 0.25 0.25
Laser wavelength NIR NIR NIR
For most computations the ALS data had to be terrain-normalized (CH, PAI using leafR and Arnqvist approaches, see Sect.s
2.3.2 and 2.3.3). This means that information on the z-values of all points was converted from metres above sea level to metres
115 above ground level, by calculating their height above the ground surface (points classified as ground). The “lasheight” tool
from the LAStools software package was used for this task (Isenburg, 2022).
2.2 Study area
Our study area is located in the western part of the canton of Aargau in northern Switzerland. It covers 361 km?, around 40%
of the area is covered by forests. The site has a variety of forest types and is subject to different forest management practices
120 (Leiterer et al., 2015b). Terrain height varies from 260 to 980 m a.s.1.
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Figure 1. Overview of the study area in greens (right) and its location in Switzerland (left) (Federal Office of Topography swisstopo, 2022a).
The full CH analysis area is shown in light and dark green, whereas the PAI analysis area is highlighted in dark green. The black cross marks
the location of the scale sensitivity test site (see Table S1 in the Supplementary Material).

125 Deciduous forests cover approximately 40% of the forested study area, pure coniferous stands account for 15%, and the
remaining 45% consists of mixed forest types. Coniferous forests are more prevalent in the southwestern region of the canton
of Aargau. The predominant tree species are Fagus sylvatica, making up 32% of the forest stand, and Picea abies (26%)

(Canton Aargau: Departement Bau Verkehr und Umwelt, 2018)

2.2.1 Forest classification

130 Dominant leaf type may have an influence on the distribution of LIDAR returns in the vegetation. We determined four different
forest types using the deciduous tree mix rate provided by Waser and Ginzler (2021): coniferous forest, mixed coniferous
forest, mixed deciduous forest, and deciduous forest. The classification follows the classes of the Swiss National Forest
Inventory NFI (Table 2).

Table 2: Forest mix rate classification, after Brindli et al. (2020).

Value Description Deciduous tree mix rate [%]
1 coniferous forest 0-10
2 mixed coniferous forest 11-50
3 mixed deciduous forest 51-90
4 deciduous forest 91-100

2.2.2 Reference forest area for PAI method comparison

135 To see how well a given PAI method performed, we compared our PAI outputs from the study area to a reference. This
reference needed to be a representative area of forest where little to no change happened during the study years of 2014, 2019

and 2020.
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In theory, a perfect method would yield highly consistent results across all three years. Any differences observed in the PAI
outputs between years could therefore be attributed either to the method itself or to variations in the input data.

140  Asacompletely static reference forest is nearly impossible to find, we searched for forest patches that were expected to show
no or only very few changes in forest structure over the period 2014-2020. We expected older coniferous forest patches to
fulfil this requirement. The definition of our reference forest is as follows:

1. coniferous forest: deciduous tree mix rate < 10%
2. CH> 30 m (where the CH is defined as the height of 95% of the vertical point distribution per pixel (H95, computed

145 as in Sect. 2.3.2)

3. height difference lower than 0.5 m between 2014 and 2020
Due to this definition, the reference forest does not form a contiguous area but consists of pixels scattered across the forested
study area. The result is a binary reference raster grid with a cell size of 2 x 2 m, which was used to compare the outputs of

the different methods to estimate PAI.

150 2.3 Structure metrics

We focused on different traits for the characterization of height and density. Our selected morphological traits relate to two of
the three primary components of variation in canopy space: canopy height and openness (Fahey et al., 2019). These structural
axes have been linked to ecosystem functioning and are commonly used to differentiate between vegetation types. They have

also been used to characterize the structural diversity of the canopy (Coops et al., 2016; Zheng et al., 2021).

155 2.3.1 Scale sensitivity

As methods to retrieve structural traits are highly sensitive to cell dimensions, we performed a scale sensitivity analysis that
further defined the chosen cell size of 2 X 2 x 2 m. We tested cell sizes of 1, 2, 5, 10 and 20 m and conducted the analysis on
a specifically selected mixed forest patch of 1.67 km? (see Supplementary Material). The patch (47.264° N, 7.960° E) was
selected as it contains both deciduous and coniferous stands and provides a representative subset of the forest structures found

160 across the study area.

2.3.2 Height metrics

CH is one of the most common derivatives of ALS data because it is easy to compute and shows high accuracy with less bias
compared with field-based measurements (Coops et al., 2016). For this reason, CH was used as a baseline metric in our
analysis. Owing to its proven robustness, CH is expected to be largely insensitive to heterogeneity in operational ALS
165 acquisitions. If substantial inconsistencies were observed, this would call into question the overall suitability of the data for
multitemporal structural analyses.
For our analysis, we investigated two height metrics, the maximum height (Hmax) and the 95" percentile (H95) per pixel. We
derived both Hmax and H95 from the normalized ALS point cloud data on a grid with a resolution of 2 m. For our investigation,
we defined Hmax per pixel as the maximum value of the normalized points per pixel.
170  Asasecond vegetation height characteristic, we estimated the height of 95% of the vertical point distribution per pixel (H95).
This characteristic is used very often, as it is less susceptible to outliers than Hmax. Points below 3 m (NFI definition of the

minimum tree height) were not considered, in order to separate the understorey from the canopy.
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2.3.3 Density metrics

The estimation of plant area index (PAI) constitutes the main experimental focus of this study. Different approaches to estimate
175 PALI are available, all of which have advantages and disadvantages. We tested three methods, all based on the Beer—Lambert
law of light extinction, with increasing complexity level:
e estimation using first returns from de Almeida et al. (2019), implemented in R (leafR package; (de Almeida et al.,
2022), adapted to using all returns
e estimation using scaling of intensity values and returns from Arnqyvist et al. (2020), implemented in Python
180 e estimation using ray tracing with the AMAPVox tool developed by Vincent et al. (2017), implemented in R and
JAVA
The more complex the method, the more time-consuming and computationally intensive the estimation of PAI. Therefore, the
motivation arose to use methods with different complexity levels to be able to compare the derived results and find the optimal
method with satisfactory results. The methods are based on a voxel grid and involve estimating the plant area density (PAD)
185 as a first step. PAD is then summed within the vertical voxel column to obtain PAI.
We chose a voxel size of 2 x 2 x 2 m for all methods, resulting in a PAI grid with a resolution of 2 x 2 m (see 4.1 Scale
sensitivity). We used the terrain-normalized point clouds for the leafR and Arnqvist methods but the non-normalized point

clouds for AMAPVox, as the original ALS data are required for ray tracing.

leafR method
190 The study by de Almeida et al. (2019) followed the approach of assuming that all laser pulses are vertically aligned. This made
it possible to dispense with a complex voxel traversal algorithm, as the movement of the laser pulses was only tracked within

the voxel columns. PAI is estimated as follows:

PAI = Z PAD @

where plant area density (PAD) is the vertical distribution of plant elements in the ith canopy layer, estimated by applying the

MacArthur—Horn equation:

pulses.ini) 1 1

PAD; = In (pulses. out; ‘D, k @

195 where D. is the vertical resolution of the canopy layer, pulses.in; is the number of pulses entering the voxel and pulses.out; is
the number of pulses passing through the voxel. Here, only first returns can be considered because the MacArthur—Horn
approach works under the assumption that each pulse represents an independent canopy probe. Therefore, the number of
emitted pulses has to be equal to the number of reflections. This leads to a large part of the dataset being disregarded.
Furthermore, it is expected to have a high site-to-site variability, due to the method being sensitive to the ratio of the LIDAR

200 footprint and the mean gap size in the canopy. We applied the leafR method to a dataset using all returns and not just the first
returns to omit gaps in the resulting map. This alteration represents a simplification of the original theoretical assumptions.
The results therefore only serve as a first approximation and are intended to provide an initial impression of the vegetation
density. It is also interesting to compare this rather simple estimation method with the more complex methods that are presented
below. Arnqvist et al. (2020) did the same in their study and reported that this modification avoided other documented

205 difficulties associated with using only first returns, while still providing an estimate of PAI using a computationally very

inexpensive method.
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Arnqvist method
Arnqyvist et al. (2020) proposed a hybrid method in which they combined two different methods. The first sub-method extends
the approach originally developed by de Almeida et al. (2019), which Arnqvist et al. (2020) modified by including the scan
210 angle in their estimation.
The second sub-method is based on the approach of Hopkinson and Chasmer (2009), which relies on the ALS intensity values.
This approach assumes that the intensity values depend on the density of the vertical forest section and that the albedo is
identical for soil and vegetation (Arngqvist et al., 2020). The main advantage is that all returns are utilized and many
disadvantages of the leafR method are mitigated. A disadvantage, however, is the assumption that the albedo of soil and
215 vegetation is identical, which is particularly problematic in less dense forests.
By combining these two methods, the respective strengths could be combined and many of the problems encountered could
be solved. The PAI value is estimated in four steps. First, all returns are identified and scaled according to their intensity. The
mathematical formula for scaling the individual pulses is as follows:
I,
S &

ir=1

Ty =

where 7; is the rescaled intensity of the i,th return of the pulse, where the original intensity is I;, . The scaling factor is the sum
220 of all intensities between the first and the maximal return number (V) of the pulse. After the intensities are scaled, the approach

estimates the ratio of incoming and outgoing radiation in a second step:

k k

i=1 Ri Zi:l rs‘ 4
k+1R T Nk+1 4 €
i=1 R i=1 T

where R is the radiation reflected at height z. Thirdly, it calculates PAD using the following equation:

— cos 6y (2521 Ri)
PADAz = — In , )
13 Zf{:f R;

where 6; is the pulse-specific scanning angle of incoming radiation and u is the extinction coefficient with a default of u = 0.5,

as a spherical distribution of the reflecting vegetation surfaces is assumed. The PAI is then calculated using Eq. (1) in the last
225 step.

Due to this weighting, the Arnqvist method is either equivalent to the leafR method, in cases where there is a first-return-only

dataset, or the Hopkinson and Chasmer (2009) method if only one return over the binning area is available.

AMAPVox

The AMAPVox tool (used Version 1.10.4.) is a JAVA-based implementation that performs ray tracing of each laser pulse
230 (Vincent et al., 2017, 2021). This means that the path of each emitted pulse is traced through a three-dimensional (3D) voxel

grid. In addition to the 3D point cloud, this requires the exact position of the sensor at the time of emission. This is stored in

the trajectory file.

In AMAPVox, the trajectories are combined with the point clouds. The tool analyzes the extinction of the signal on its path

through the voxel grid. This allows the transmission Pgqp, i.¢. the transmittance (this is the estimator used for this study), to be

235 calculated for each voxel:
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N N
1
- Z BFenthqPGZp = Z BFout,S, (6)
q q

q is the pulse index, N is the number of pulses entering a voxel, S is the cross section of pulse g in the center of the voxel,
BFent and BFout are the beam surface fraction at the entrance and exit of the voxel, respectively, and /, is the potential optical
path length of pulse g from the entrance to the expected exit point. Pgqy, is then converted into an estimate of the plant area

density (PAD), where 6 is the viewing direction of the beam:

ln(P Gap)
PAD = ————= 7,
0] )
240  AMAPVox enables to define various parameters of the sensor so that the calculation is adapted to the respective ALS data.

These calculations typically involve high computing costs with large Memory consumption.

2.3.4 Statistical analysis of interannual consistency

To assess the robustness and comparability of ALS—derived structural traits across acquisition years, we applied a combination
of paired non-parametric tests and distribution-based comparisons on pixel-wise values. Because the same spatial units (2 x 2

245 m pixels) were evaluated in each year, all analyses were conducted on paired observations.

Systematic interannual changes in CH and PAI were evaluated using paired Wilcoxon signed-rank tests. This non-parametric
approach was chosen to account for the very large sample size, the presence of outliers, and deviations from normality in the
pixel-wise differences. Given the sensitivity of p-values to large sample sizes, test results were interpreted primarily based on
effect sizes, including median differences and interquartile ranges of the interannual differences.

250  In addition to assessing changes in central tendency, we evaluated the similarity of the full value distributions between
acquisition years using pairwise Kolmogorov—Smirnov (KS) tests. The KS test compares the empirical cumulative distribution
functions and thus captures differences in distributional shape, spread, and tails, which are not reflected by location-based tests
alone. The KS D statistic was used as the primary measure of distributional similarity, while p-values were considered only in
a supportive role.

255 All statistical analyses were performed separately for CH and for PAI derived from the three different estimation methods,
allowing us to distinguish robust structural traits from metrics that are sensitive to acquisition-related effects. We used the R

base package stats, under R Version 4.2.3 for all statistical analyses.

10
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3 Results

3.1 Scale sensitivity

260 The sensitivity analysis (see Sect. 2.3.1) showed different results for the PAI and CH metrics. As is visible in Figure 2 a, b and
¢, the plots for PAI showed a similar pattern for all the methods considered. Mean PAI increased from 1 to 2 m cell size and

then continuously levelled out. The observed variation peaked at a cell size of 2 m and decreased with larger cell sizes.

a b c d
3 15 8 40
6 30
;g 2 10 —_
T £
£ r—\ Lo ————| 4 /\_____ T 2
= o
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2 10
0 00 o 0
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Figure 2. Dependence of the mean and plus/minus one standard deviation of the metrics plant area index (PAI; a: leafR method, b: Arnqvist
265 method, c: AMAPVox method) and canopy height (CH; d: H95) on cell size. Note the different y-axis ranges for each PAI method.

CH followed a different curve, as depicted in Figure 2d. The larger the cell size, the higher the recorded CH. Like in the PAI

plots, the variation in CH decreased with larger cell sizes, but this loss of variability was not as pronounced as with PAI.

3.2 Differences in structural traits

3.2.1 Height metrics

270 Figure 3 shows the estimated CH in all three years for our entire study area. The boxplots and the density diagram show very
similar values between the study years. The results for 2019 and 2020 were almost identical, while in 2014 fewer pixels were
detected with CH between 8 and 18 m.

Median pixel-wise differences in CH were small for all year pairs, amounting to 0.9—1.1 m between 2014 and the later
acquisitions and only 0.13 m between 2019 and 2020 (Table S2). Interquartile ranges of the differences were narrow,

275 particularly for 2019-2020. Pairwise KS tests yielded very small D statistics (< 0.014), confirming a high degree of
distributional similarity across all years. Although paired tests were statistically significant due to the large sample size, effect
sizes indicate only minor interannual variation in CH.

Between 2014 and 2019/2020, the number of pixels with a CH < 10 m decreased, whereas the number of pixels with a CH of
10 to 20 m increased. Above a CH of 20 m, only minor changes were detected between 2014 and 2019/2020. Only slight

280 changes were seen in areas with a high CH. There were fewer pixels with a CH of 27-34 m in 2020 than in 2014. Areas with
a very high CH (> 35 m) did not change, as seen in the overlapping curves in the density plot (Figure 3b). The mean CH over
the entire study area decreased very slightly from 2014 (= 21.44 m) to 2019 (=21.31 m), to 2020 (= 21.26 m).

11
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Figure 3. Boxplots (a) and density plots (b) of the estimated canopy height (CH) values of all three study years using the 95th percentile
285 height (H95). The mean values over the entire study area (dashed lines) are 21.44 m in 2014, 21.31 m in 2019, and 21.26 m in 2020.

For CH, the metric Hmax showed the same pattern as H95 but with slightly higher values: mean Hmax is 21.82 m in 2014,
slightly higher (22.05 m) in 2019, and then 21.68 m in 2020. Like H95, Hmax decreased between 2014 and 2020, but increased
slightly between 2014 and 2019.

3.2.2 Density metrics

290  We estimated density metrics for the study area in 1000 x 1000 m tiles. Some of these tiles did not run with AMAPVox, due
to inconsistencies between the point clouds and the provided trajectories, such as mismatched GPS time information or missing
pulse emission records in the trajectories, which impeded the correct association of laser returns with their corresponding
sensor positions. We therefore only used the correctly computed tiles that were available from all three methods. This reduced
the size of the test area for all density metrics to ~ 56.1 km? (Table S1).

295 The three methods led to very different ranges in PAI (Figure 4). PAI values varied between 0 and 5 for leafR, the simplest
method, between 0 and 8 for the Arnqvist method, and between 0 and 18 for the most complex raytracing algorithm,
AMAPVox. The respective mean PAI values are shown in Table 3. The methods all resulted in a somewhat similar distribution
of the PAI values in the density plots, where the values peaked in the lower half of their ranges and then decreased towards
the higher end of their ranges. The high occurrence of very low PAI values was expected, as we did not filter out forest borders

300 and clearings. The exact distributions of the PAI values depended on the method used. For example, the AMAPVox method
led to a larger proportion with high PAI values next to the peak compared with the Arnqvist method. The AMAPVox method

provided more very dense vegetation voxels compared with the other methods.

Table 3: Mean and standard deviation (sd) of the plant area index (PAI) [m2/m2] from the study years 2014, 2019 and 2020 using all three
305 tested methods.

2014 2019 2020
leafR 1.29 (sd = 0.76) 1.04 (sd = 0.76) 1.36 (sd = 0.78)
Arnqvist 242 (sd = 1.32) 2.08 (sd = 1.47) 2.64 (sd = 1.38)
AMAPVox 335 (sd = 3.09) 3.18 (sd = 3.58) 3.68 (sd = 3.58)
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Figure 4. Boxplots (left) and density plots (right) of the estimated plant area index (PAI) values of all three study years using the methods
leafR (a), Arnqvist (b) and AMAPVox (c). The dashed vertical lines in the density plots indicate the mean value. The PAI ranges are different
for each method.

310 The differences between the years were much larger for PAI than for the CH estimations. A general pattern was visible in the
results of all PAI methods: the peak in the density plot for the years 2014 and 2020 were at a similar PAI value, while the one
for 2019 was much lower. The mean PAI values did not represent the similarity of the value distributions for 2014 and 2020.
With all PAI methods, 2020 showed the highest and 2019 the lowest mean PAI value, while the value for 2014 was
intermediate.

315 PAI showed substantial interannual variability for all three estimation methods. Paired non-parametric tests indicated
systematic differences in pixel-wise PAI values between all acquisition year pairs for the leafR, Arnqvist and AMAPVox
approaches (Tables S3-S5). Median differences between years were notably larger than those observed for CH, and the
interquartile ranges of the differences were broad for all methods.

Distribution-based comparisons further demonstrated clear differences in the PAI value distributions between acquisition

320  years. In 2014, there are generally more very-low-density values (see density plot where PAI < 2 in Figure 4c), while 2020
has more slightly higher PAI values. The distribution of the values in 2019 is different, with a larger number of low PAI values.
Pairwise KS tests support this observation, and yielded large D statistics for all three methods, indicating limited overlap
between the distributions. Across methods, the largest distributional differences were observed in comparisons involving the
2019 acquisition, while comparisons between 2014 and 2020 generally showed smaller D statistics. This pattern was consistent

325 across all three PAI estimation methods, although the magnitude of the differences varied. Among the tested approaches,
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AMAPVox exhibited the smallest distributional differences between 2014 and 2020. Detailed statistical results for all
interannual comparisons are provided in the Supplementary Material.
The boxplots depicted in Figure 5 show the estimated PAI in the different forest types (coniferous, mixed coniferous, mixed

deciduous and deciduous).
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Figure 5: Boxplots of the plant area index (PAI) values in the different forest types, estimated using the methods leafR (a), Arnqvist (b) and
AMAPVox (c). The PAI ranges are different for each method.

As expected, PAI was lower in more deciduous forest patches due to the leaf off condition during acquisition. Interannual
variability increased with a higher proportion of deciduous trees, a pattern that was consistently reflected in the statistical
335 comparison of pixel-wise PAI values across forest types (Tables S6-S8). In deciduous forests, lower PAI values were estimated
with all methods in 2019, whereas PAI distributions from 2014 and 2020 were more similar. This behaviour was also evident
in the statistical results, which showed larger median shifts and more pronounced distributional differences for deciduous and
mixed deciduous forest classes than for coniferous forests.
In contrast, PAI values in coniferous forests were very similar across all three study years, particularly when the AMAPVox
340 and Arnqvist methods were applied (Figure Sc). Correspondingly, statistical comparisons indicated small interannual median
differences and a high similarity of PAI value distributions in coniferous stands. With increasing conifer dominance, the
interannual consistency of PAI distributions increased, a trend that was also present for the leafR method, albeit less
pronounced.
For a more detailed view of PAI value distributions across forest types, density plots derived from the Arnqvist method are

345 shown in Figure 6. For comparison, the reference forest (see Sect. 2.2.2) was included in Figure 6e.

14



https://doi.org/10.5194/egusphere-2026-1689
Preprint. Discussion started: 31 March 2026 EG U h
© Author(s) 2026. CC BY 4.0 License. spnere

deciduous forest mixed coniferous forest

density

mixed deciduous forest coniferous forest

density

reference forest

2 4 6 8

[] 2014 2019 [] 2020

Figure 6: Density plots of the plant area index (PAI) values for all three study years in different forest types, estimated using the Arnqvist
method. The considered forest types are deciduous (a), mixed deciduous (b), mixed coniferous (c), coniferous (d) and reference forest (e).
The dashed vertical line in the density plots indicates the mean value.

350 The reference forest showed slightly higher apparent variability than the pure coniferous forest, which coincided with a

substantially smaller number of valid pixel pairs and thus reduced spatial averaging (Tables S6-S8).

Influence of sensor parameters
To further investigate the observed variability in vegetation density metrics and assess the influence of acquisition parameters,
we performed a detailed inspection of selected forest patches. We selected ten 20 x 20 m forest patches that were either
355 deciduous- or coniferous-dominated, to investigate how vegetation density changes in the forest profile (two are shown in
Figure 7). The echo density was lower in 2014 than in the other years, which affects the representation of tree structure. We
saw that, especially in the deciduous forest patch, only few returns were measured below the canopy in 2014 (Figure 7b). As
a result, the stems and lower parts of the trees lacked in detail. The highest level of detail below the canopy was seen in the
data from 2019, which corresponds to the highest point density for this recording year. The difference was not as pronounced

360 in the coniferous forest patch, where the point clouds of all three study years looked very similar.
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Deciduous Forest Patch (20 x 20 m) Coniferous Forest Patch (20 x 20 m)
a
2014 [%] 2019[%] 2020 [%] 2014 [%] 2019 [%] 2020 [%]

number of first returns 29.5 343 30.3 number of first returns 36.7 36.7 34.0
number of intermediate returns 40.8 234 38.1 number of intermediate returns 13.1 8.9 19.8
number of last returns 28.2 37.2 28.9 number of last returns 35.2 371 35.1
number of single returns 1.5 5.1 2.7 number of single returns 15.0 17.2 11.0
fCover 71.2 62.8 73.5 fCover 74.7 73.7 78.4
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Figure 7: Details of a 20 x 20 m deciduous (left) and coniferous forest patch (right). The relative numbers of first, intermediate, last and
single returns and the fractional cover (fCover; as in Morsdorf et al. (2006)) of all study years are depicted in a, the respective point clouds
in b, and their distribution of the absolute number of returns over the height above ground in c.

365 In Figure 7, the ratio of the first, intermediate and last returns are printed together with their respective point clouds and
distributions over the height above ground. There were more intermediate returns in 2014 and 2020 than in 2019, when the
pulse repetition frequency (PRF) was significantly higher (Table 1). This effect was most noticeable in the deciduous forest
patch, where the intermediate returns made up around 40% of all returns in 2014 and 2020 but only 23.4% in 2019.
Furthermore, the fractional cover (fCover as in Morsdorf et al. (2006)) decreased much more between 2014 and 2019 in the

370 deciduous forest patch than in the coniferous forest patch. In Figure 7c, the number of first returns peaked very close to the
highest point of the canopy, followed by a peak of intermediate returns directly below. Although this pattern was the same for
all study years, in 2019 the number of first returns was much greater than the number of intermediate returns, whereas the peak
of the number of first and intermediate returns was similar in 2014 and 2020.

This was not visible in the coniferous forest patch. Although the proportion of the number of intermediate returns was still

375 lower in 2019 (8.9%) compared with 2014 (13.1%) and 2020 (19.8%), they had a much lower impact compared with the first
and last returns (Figure 7a). This was also evident in Figure 7c, where it was not the first and intermediate returns that peaked
in the top canopy layer, but rather the first and last returns. While the intermediate returns still peaked slightly below the first

returns, their contribution was much less pronounced.
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4  Discussion

380 4.1 Scale sensitivity

Our sensitivity analysis of the influence of cell size on the estimated morphological traits showed that the larger the cell size,
the less variation that can be measured in all traits with all methods. Larger cells average over more forest structure, which
smooths out local extremes. This results in overall lower variation, higher estimated CH, and lower apparent PAI
In our CH examination, there is no cell size that is evidently the best choice concerning the capture of variation in forest space.
385 A small cell size (< 2 x 2 m) would still give good results and show more variation than larger sizes. CH can be measured
accurately even with small cell sizes, as Fischer et al. (2024) used 1 x 1 m.
In the PAI estimations, the most variation can be captured with a cell size of 2 x 2 m, where the mean PAI values also are the
highest. All methods seem to estimate lower PAI in smaller cell sizes (see Figure 2). Possible reasons for this phenomenon
could be a lack of LiDAR returns in very small cells and thus the algorithms not performing accurately or occlusion leading
390  to voxels without echoes, having large impact in small voxel sizes. We therefore decided to use the 2 x 2 m resolution for all
the metrics and methods, to have consistent and comparable results.
The Arnqvist method is sensitive to grid size in heterogeneous forests (Arnqvist et al., 2020). Despite the sensitivity analysis,
it is possible that the 2 x 2 m grid we applied might not have been appropriate in all areas of the study area and might have led
to uncertainties. In areas with low point density, where the 2 x 2 m spatial resolution is too small for the number of available
395 returns, larger uncertainties in estimated PAI can be expected. Without in-situ validation data, it was not possible to give exact
numbers for such uncertainties. To mitigate this problem, one could filter out pixels with point densities below a certain
threshold.
Overall, a cell size of 2 x 2 m offers a good compromise between spatial detail and data robustness. It is small enough to
capture sub-canopy structural variation, such as parts of individual trees, while still ensuring that enough ALS returns fall
400  within each cell to enable PAI estimation. This will obviously depend on the average point density of the ALS dataset.
Although small cell sizes can potentially lead to noisy outputs, due to low point densities, we did not observe such artifacts in

our data. As a result, no spatial averaging or smoothing was applied.

4.2 Differences in structural traits

To understand the change in the traits we considered, it is important to note that the input data we used originate from different
405 providers and show large variation due to different scanning geometries and sensor specifications, as typically observed when
analysing multi-temporal operational ALS data. These differences can influence the resulting traits and could lead to

inconsistencies in the time series, as discussed in the following sub-sections.

4.2.1 General sensor and flight-setting effects on trait estimation methods

A commercial laser sensor has typically a relatively short life cycle of often fewer than 4 years. This leads to subsequent ALS
410 data acquisitions usually being recorded with different instruments (Qrka et al., 2010). Differences in sensors and flight settings

between ALS acquisitions substantially affect derived structural parameters, such as height and density (Morsdorf et al., 2008;

Nesset, 2009; Orka et al., 2010; Solberg et al., 2009).

Higher flying altitude has been related to a reduction of the peak pulse power concentration where the laser pulse hits the

surface. This leads to lower backscatter intensities, which has implications for the estimated structural parameters (Hopkinson,
415 2007). The high flying altitude (> 1200 m) in 2019 and 2020 compared with in 2014 (600 m) can be partially compensated by

the smaller beam divergence (0.25 mrad in 2019 and 2020 compared with 0.5 mrad in 2014), but it still results in lower
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backscatter intensities. Therefore, some intermediate echoes have probably not been recorded due to their backscatter intensity
being below the noise level and/or detection threshold (Korpela et al., 2012). A reduction in the peak pulse power concentration
is also expected in the 2019 ALS dataset, due to the higher PRF (1000 kHz compared with 300 kHz in 2014) (White et al.,
420 2016). This intensity reduction is associated with a decrease in recorded intermediate echoes and with increased canopy
penetration before the first return because the reduced power of the laser pulse needs to travel further into the canopy until the
backscatter intensity is high enough for the sensor to record a first return. These effects have been recognized, especially for
tall vegetation with canopy gaps (Hopkinson, 2007). Our analysis was based on leaf-off datasets, implying a less dense canopy
at the time of acquisition. Given that the study area is dominated by mixed and deciduous forest types, increased laser pulse
425 penetration through the canopy is to be expected (Canton Aargau: Departement Bau Verkehr und Umwelt, 2018). Such effects
are visible in our data, with the most pronounced effect occurring in our 2019 data, where the relative number of intermediate

returns is much lower, especially in forests with more deciduous trees (Figure 7).

4.2.2 Height metrics

As we have shown in this study and as was also reported in other studies (Coops et al., 2016), CH can be robustly estimated
430 from ALS data. The high robustness of CH estimates across acquisition years is supported by the very small interannual
differences in central tendency and the near-identical value distributions observed in the statistical comparisons reaffirming
also the suitability of the used operational ALS data. Thus, we can interpret the observed differences ecologically or from a
forest management point of view.
We hypothesized that differences in mean CH over the entire study area between time steps would be close to zero, as localized
435 increases and decreases are likely to balance each other out across a large and diverse study area. The observed decrease in
mean CH is indeed small—from 21.44 m in 2014 to 21.26 m in 2020—and thus supports this hypothesis. This slight decline
could be explained by forest management activities or cumulative abiotic stress (e.g. windthrow or drought), which may
obscure expected growth signals in certain parts of the landscape.
Several hot and dry years occurred between the ALS acquisitions. 2015, 2017 and 2018 rank among the warmest years in
440 Switzerland since the beginning of meteorological measurements in 1864 (MeteoSwiss, 2020; Sturm et al., 2022). These years
were also characterized by low water availability. According to aridity index values published by the Swiss Federal Office for
the Environment (FOEN), plants experienced considerable drought stress in these years, leading to reduced photosynthetic
activity and increased vulnerability (Remund and Augustin, 2015). Such conditions could have contributed to local canopy
decline or tree mortality, potentially explaining part of the observed decrease in CH. For a detailed analysis of regional drought
445 impacts on Swiss forest ecosystems, we refer to Remund and Augustin (2015).
When examining the different CH classes, we found that area of patches with very tall vegetation (> 35 m) remained largely
unchanged, while a slight decrease was observed in the 27-34 m height range between 2014 and 2020, supporting the
observations described above. Very tall trees do not appear to be affected by this. Also, tree growth is not expected to influence
these larger and thus probably older trees considerably, meaning that large differences are not expected in these CH ranges.
450  We observed the largest changes below a CH of 20 m. This is reasonable, as tree growth and forest clearing are most dynamic
in this height class.
With respect to the potential influence of reduced peak pulse power concentration, we did not observe clear effects in the 2019
dataset, where the PRF was substantially higher than in the other acquisition years.
CH is suitable for determining both large and small changes between years. As the observed height changes are the same for
455 Hmax and H95, both metrics can be used for this purpose, depending on the application requirements. Still, the results using
HO9S5 are less noisy, more stable and less prone to outliers than Hmax, indicating that H95 is the better choice for most

applications.
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4.2.3 Density metrics

Compared with CH, PAI is much more sensitive to sensor and flight settings. This contrast between CH and PAI is not limited
460  to visual differences in the maps and density plots but is consistently reflected in the statistical comparison of interannual
variability across all tested PAI estimation methods. While we did not use independent height reference data to validate the
CH estimates in this study, CH derived from ALS has been extensively validated in numerous previous studies and is widely
considered robust and accurate. We therefore have high confidence in the precision and reliability of the CH estimates. In
contrast, PAI estimates are hard to validate due to a lack of accurate reference values, as ground-based estimates also carry
465 uncertainty (Arnqvist et al., 2020). Consequently, we cannot interpret temporal changes in PAI in the same way as CH, and
instead need to investigate the influence of the sensor and flight parameters on our methods and trait results.
While PAI served as the focal trait in this study due to its ecological relevance, the implications extend well beyond this single
metric. Other density- or percentile-based forest metrics, including many commonly used ALS-derived 3D structural variables
or related voxel- and distribution-based approaches, are likely affected in a similar way. Thus, the challenges identified here

470 are not specific to PAI but reflect a broader limitation in multitemporal ALS analyses of complex structural traits.

Influence of sensor parameters

The influence of scan angle and point density appears to be negligible, as the methods used here seem to compensate
sufficiently for these factors, resulting in no or only minimal observable effects. This is supported by the fact that the results
from 2014 and 2020 are very similar, despite differences in scan angle and variations in point density.

475 In contrast, the influence of PRF appears to be pronounced. A higher PRF reduces the energy per emitted pulse, meaning that
weak echoes — typically from small reflective surfaces like fine branches or sparse vegetation — may not meet the sensor’s
return threshold, as described in Sect. 4.2.1. This is especially true in leafless conditions or in areas with lower vegetation
density, where less energy is reflected, reducing the likelihood of capturing intermediate returns. This effect likely explains
the larger discrepancies observed in the PAI of deciduous forest areas between the 2014/2020 and 2019 datasets. As a result,

480 first and last returns dominate, with very few intermediate returns recorded. The observed decrease in fCover in 2019 over the
deciduous forest patch, and the absence of such an effect in the coniferous stand, further illustrates this pattern. These return
characteristics influence the PAI estimation, as methods like Arnqvist and AMAPVox weight returns based on their return
number, while leafR does not differentiate between them. The weighting of returns in the Arnqvist and AMAPVox methods
may partly explain the observed differences in PAIL In contrast, the effect of leafR’s lack of differentiation between return

485 numbers—in our implementation, all returns were effectively treated as first returns—remains unclear and would require
further investigation to quantify its influence.

Overall, these findings suggest that PRF settings and their interaction with forest structure and phenology are critical factors
influencing return distributions and subsequent canopy parameter estimation in our datasets. Shao et al. (2019) proposed a
linear correction model to address sensor-related biases in tropical forests, but its applicability to our temperate, mixed forests

490  under leaf-off conditions is limited due to fundamentally different phenology and forest structure. A universal correction
approach is therefore unlikely to capture the observed variability. Further research is needed to systematically investigate these
effects and refine methodological adjustments to improve result consistency across varying forest types and acquisition

parameters.

Forest composition and PAI variability
495 In winter conditions (leaf-off in deciduous forests), evergreen coniferous forests typically exhibit higher vegetation density
and a more closed canopy structure than deciduous forests, which appear more open due to the absence of foliage. This

difference is clearly reflected in the PAI values across the forest types in our study (Figure 6).
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Forest composition, specifically the proportion of deciduous and coniferous species, has a clear influence on the robustness of
PAI estimations across years. As shown in Figure 6 and the statistical results (Tables S6-S8), interannual variation in vegetation
500 density metrics is highest in deciduous stands and progressively decreases with increasing conifer dominance. In pure
coniferous forests, PAI distributions are notably consistent across all three acquisition years, whereas deciduous-dominated
forests exhibit marked differences, particularly in 2019.
These patterns align with the observations discussed in the previous section regarding the influence of acquisition parameters,
especially PRF, on return characteristics. In deciduous forests under leaf-off conditions, fewer reflective surfaces below the
505 canopy make PAI estimates more vulnerable to variations in return composition — an effect that is especially pronounced in
the 2019 dataset. In contrast, the denser and more structurally stable canopies of coniferous stands are less affected by these
acquisition differences, leading to more robust and consistent PAI values, even in 2019, when the dataset was acquired with a
higher PRF than in the other years.
The reference forest, composed exclusively of mature coniferous trees, shows slightly higher PAI variability than expected.
510 This can be attributed to the strict selection criteria for the reference forest, which resulted in fewer valid pixels and,
consequently, increased sensitivity to local variation and outliers. Structurally stable, evergreen forests provide more consistent
conditions for multitemporal trait analysis.
Opverall, these findings underscore that forest type modulates the susceptibility of PAI metrics to acquisition-related variability.
While coniferous forests yield robust and comparable density estimates, caution is warranted when interpreting multitemporal

515 trends in mixed or deciduous stands without accounting for potential sensor-driven effects.

Considerations regarding seasonal influence
To conduct a multitemporal analysis, data acquired at a similar time of the year is needed to have all datasets either under leaf-
on or leaf-off conditions. The fact that the canton of Aargau is dominated by deciduous tree species implies that we were only
able to analyse woody material in a large part of the study area. Therefore, short-term changes in leaf composition due to
520 disturbances before the ALS acquisitions did not influence the analysis. Additionally, density and layering of the lower canopy
can be observed better, which would have been occluded in a summer ALS dataset. It has been recognized that leaf-off datasets
are the next-best alternative after combined leaf-on and leaf-off data for such analyses because they enable a detailed
characterization of the lower canopy layers (Davison et al., 2020).
Even though all the data used in this study are from leaf-off conditions, the recording dates were different in the individual
525 study years (Table 1). In 2014 the acquisition dates were in March or early April, in 2019 the ALS recording took place in
March or late April, and in 2020 it took place in early February or March. In Error! Reference source not found., the mean
air temperature and the beech leaf unfolding process in the time around the ALS acquisitions are depicted. The leaf unfolding
in the forest started slightly earlier in 2014 than in 2019 and 2020. Although the ALS campaign in 2014 was later than that in
2020, the estimated PAI values are lower, indicating that small differences in phenology alone cannot explain the observed

530  PAI variations and that acquisition parameters likely exert a stronger influence under leaf-off conditions.
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Figure 8: Mean air temperature before and during the ALS campaigns in 2014, 2019 and 2020, together with the 50% beech leaf unfolding
(most frequent deciduous tree species in the test area). (MeteoSwiss, 2024)
Implications for method selection
535 All PAI retrieval methods rely on assumptions about the measurement system, yet they differ in how these assumptions
propagate uncertainty into the results. Of the three methods tested in this study, the Arnqvist and AMAPVox approaches were
more compatible with the characteristics of our operational ALS datasets, whereas the leafR method relies on assumptions that
are difficult to fulfil under large-area acquisition settings.
Specifically, the leafR method would require scan angles close to nadir and first-return-only data. These conditions are rarely
540  met in large-area, operational ALS acquisitions, where increased flying altitude and wider swath widths are commonly used
to reduce acquisition costs by maximizing area coverage per flight line (Nesset, 2009). Restricting the analysis to first returns
would furthermore have led to spatial gaps in our dataset, particularly in hilly terrain with limited flight strip overlap. We
therefore applied the leafR method to all returns rather than only to first returns, as done by Arnqvist et al. (2020). This
adaptation relaxes some of the original theoretical assumptions and thus introduces additional uncertainty, but it provides a
545 computationally very inexpensive approach suitable for first-order approximations.
Although the leafR and Arnqvist approaches compute PAI as the vertical sum of PAD, they differ in handling zero
transmission. LeafR replaces undefined layer-wise values (caused by zero pulses.out) with NA (= Not Available) and
subsequent aggregation proceeds on the remaining valid layers, yielding finite PAI estimates. In the Arnqvist implementation,
PALI estimation requires at least one ground-classified return within a raster cell, leading to many no-data gaps that can be
550 observed in the maps where the ground is fully occluded (see example in Figure S2).
These differences directly affect the spatial patterns and value distributions observed in this study. Using the Arnqvist method,
no-data gaps predominantly occur in high-density areas, indicating that PAI could not be retrieved for the densest forest stands.
This likely leads to a systematic underestimation of high PAI values at the landscape scale. AMAPVox, by contrast, produced
a wider PAI value range (Figure 4) and provided estimates in many of these dense areas, suggesting a better suitability under
555 conditions of very dense forest stands.
The AMAPVox method delivers relatively stable values across years, especially when PRF settings are comparable, such as
in the 2014 and 2020 datasets. However, this robustness comes at a cost: AMAPVox requires trajectory files, which are not
always available and relies on a computationally intensive ray-tracing algorithm, which can demand substantial processing

time and memory, particularly in mountainous terrain with large vertical voxel extents. Moreover, despite its detailed physical
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560  modelling, the results remain sensitive to acquisition parameters affecting pulse energy density, such as PRF, beam divergence
or flying altitude. At the same time, the large number of exposed parameters explicitly reflects the complexity of the ALS
measurement system, and the assumptions required to model laser—vegetation interactions. This explicitness should not be
seen as a disadvantage per se, as it highlights that PAI estimation is inherently complex and cannot be fully captured by
simplified or implicit parameterizations.

565 Given these trade-offs, method selection should reflect the specific study objectives, data availability and acceptable balance
between result precision and computational demands. For large study areas, rapid assessments or operational applications with
limited metadata, simpler methods such as leafR or Arnqvist may be preferable. Despite its simple design, the leafR method
provides quick and computationally inexpensive PAI results. This makes it suitable for gaining a rough overview or for
preliminary analyses where immediate results are required. The Arnqvist method offers a middle ground: it provides fast and

570 quite accurate results with substantially lower computational effort than AMAPVox and without the need for additional input
data, making it well suited for many operational applications—especially because trajectory information is often unavailable.
In contrast, AMAPVox may be more appropriate for high-detail investigations with abundant resources and comprehensive

input data and where dense-canopy retrieval is of primary interest.
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5 Conclusions

575 This study set out to evaluate the reliability and limitations of multitemporal forest trait analysis using operational ALS data,
with CH serving as a baseline metric and PAI as a representative example of a complex, density-based structural trait.

While CH was confirmed to be a robust and reliable metric for multitemporal analyses, making it possible to analyse the results
ecologically, more complex structural parameters like PAI proved particularly sensitive to variations in sensor and acquisition
geometry. As a result, they cannot be interpreted as reliably as CH. Distinguishing real structural changes from external

580 influences remains a persistent challenge, as varying acquisition parameters can lead to misinterpretations. Higher PRF reduces
the energy per emitted pulse, which in turn lowers the resulting backscatter intensity. This can lead to fewer recorded
intermediate returns, especially in deciduous forests, thereby limiting the vertical structural information captured by the sensor
and introducing inconsistencies in density-based metrics such as PAIL
Importantly, the observed interannual differences cannot be attributed to a single factor. While PRF emerged as a particularly

585 influential driver for our data, it is the interaction of multiple factors—including beam divergence, flying altitude, sensor-
specific receiver characteristics, estimation method and forest type—that ultimately shapes ALS return distributions and
propagates into PAI estimates. PRF therefore acts as a useful proxy for pulse characteristics in our case, but it should not be
interpreted as the sole or universal cause of observed discrepancies. Furthermore, PAI represents only one example; the
observed acquisition-related sensitivities are likely inherent to ALS-derived 3D structural variables in general.

590 None of the tested PAI estimation approaches yielded temporally consistent results across all acquisition years. This suggests
that acquisition-related variability represents a fundamental limitation of multitemporal ALS analyses of density-based
forest metrics when using operational datasets.

Still, methodological consistency is crucial in multitemporal analyses, as changes in the approach used to derive vegetation
density can alter the value range of the results, thereby compromising the comparability of time series data. The choice of the

595 PALI estimation method plays a crucial role in balancing accuracy, computational efficiency and data availability. Complex
trait derivations from ALS data should thus be treated as relative rather than absolute measurements.

In this context, the choice of method may not be as critical as developing robust calibration approaches. Drawing from practices
in optical remote sensing, future studies might benefit more from consistent calibration protocols than from the continuous
refinement of structural metric approaches. Furthermore, identifying and standardizing acquisition parameters that drive metric

600 deviations could enhance the stability of temporal analyses. Maintaining consistency in parameters that control laser pulse
characteristics could foster more reliable and comparable ALS-based time series. While the use of identical sensors and
harmonized acquisition parameters would simplify comparability, this is rarely feasible in practice due to the short life cycles
of commercial sensors and the realities of large-scale mapping programs. Consequently, multitemporal analyses based on
operational ALS data must accept a certain level of irreducible uncertainty.

605 Ultimately, understanding and mitigating acquisition-related variability is crucial for reliable multitemporal forest structure
analysis with operational ALS. While refining structural metrics remains important, future progress may hinge on systematic
data harmonisation efforts, as well as the development of calibration frameworks and acquisition standards that promote

comparability across time and space.
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