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Abstract 

Repeated airborne laser scanning (ALS) offers new opportunities to quantify individual-tree structural dynamics over time. In this 

study, we analysed annual to multi-year changes in height growth and crown structure of mature Norway spruce in southern Sweden 

using repeated ALS acquired in 2016, 2017, 2019, and 2022. Individual trees were delineated from normalized point clouds, and tree 

height increment, maximum crown radial extension, crown projection area, and crown-boundary metrics were derived to evaluate 

temporal structural change. To interpret the results in relation to recent climate extremes, the observation period was divided into pre-

drought (2016–2017), during-drought (2017–2019), and post-drought (2019–2022) phases, and structural changes were expressed on 

a yearly basis. Tree height increased significantly in all periods. Annualized median height growth was 24.9 cm yr⁻¹ before drought, 

26.5 cm yr⁻¹ during drought, and 16.8 cm yr⁻¹ after drought. In contrast, annualized maximum crown radial expansion was limited 

before drought (2.4 cm yr⁻¹), peaked during drought (19.0 cm yr⁻¹), and was nearly absent after drought (0.17 cm yr⁻¹). Crown-boundary 

metrics suggested an upward shift of the upper crown and a reorganization of the middle crown over time, lower-crown estimates were 

more uncertain. Driver analyses showed that height growth was mainly related to tree size before and during drought, whereas post-

drought growth became more influenced by stand competition. Overall, this study shows that repeated ALS is a useful tool for analysing 

crown structural dynamics during and after drought, providing a promising basis for monitoring how tree architecture responds to 

stress.  

1. Introduction

The phenotyping of trees i.e. the quantitative measurements of 

their morphological properties in relation to their performance 

(Bian et al., 2022) is central to the selection of the phenotypes 

most suited to the growing conditions, as currently done in 

forestry breeding programs. Climate change challenges the 

current phenotyping program, first because the rapids changes in 

environmental conditions calls for the acceleration of the 

characterization of the phenotypes, and second by changing the 

selection criteria. Indeed, tree performance was traditionally 

assessed by measuring height and diameter (Liziniewicz et al., 

2025), reflecting tree competitiveness and productivity. 

However, competition not only affects absolute growth, but also 

allocation patterns with lateral growth favoured at the expense of 

height growth in the case of overtopped trees (Messier and 

Nikinmaa, 2016; Penanhoat, 2024). Further, the existing trade-

off in carbon allocation to growth and non-structural carbon - 

which includes carbon involved in defence and survival 

mechanisms; ((Huang et al., 2019) as well as drought tolerance 

(Souden et al., 2020)- challenges the definition of performance 

as pest outbreaks and drought frequency increases (Romeiro et 

al., 2025).  

Tree architecture results from the differential growth and 

allocation strategy in response to the changing environment of 

the tree, thus reflecting life history (Laurans et al., 2024). For this 

reason, crown characteristics are used to evaluate breeding 

properties, wood quality and stress resistance in forestry, as well 

as to understand ecosystem processes (Pont et al., 2020). In the 

meantime, architectural traits such as crown projection area are 

key determinant of a tree productivity (Broeckx et al., 2012) but 

also vulnerability to stresses.  

Traditional ground-based measurements of tree traits are labour-

intensive, prone to error, and often reductors in the number of 

traits described. Thus, studies of crown traits dynamic are scarce, 

and tree architecture is often described at one point in time. 

LiDAR, on the other hand, enables an exhaustive description of 

the 3D structure of trees, and airborne laser scanners enable 

covering large areas and gaining access to a high number of trees. 

Here, we investigate the relation between tree height increment, 

crown structural traits and competition indices using four years 

of airborne laser scanning (ALS) conducted before, during and 

after a drought period.   

2. Materials and methods

2.1 Study area 

The research was carried out in the Remningstorp area, Sweden 

(58°27′18″N, 13°39′8″E). The Remingstorp study area is a forest 

estate located in southern Sweden, encompassing about 1,100 

hectares of mainly coniferous hemi-boreal forest, mostly 

composed of Norway spruce (Picea abies). It serves as an 

important field site used extensively in forestry research, 

particularly for provenance trials and forest management studies. 

The terrain consists of glacial till soils with intermingled hills and 

plains.  

We used 48 circular plots of 15m radius located in mature forest 

stands dominated by Norway spruce (stands for which spruce 

represented more than 80% of the standing volume). Stands were 

located at least 600 meters apart from each other, in stands with 

trees presenting no signs of declining vitality and located at least 

20 meters away from zones identified as damaged by bark-

beetles. 24 circular plots of 15 meter radius were established in 

2021 during a first campaign (C1), and 24 other plots were 

established in 2023 (C2, Figure 1). At plot establishment, all trees 

within the plot were inventoried and their coordinates and 

diameter at breast height (DBH) were recorded (Huo et al., 2024). 
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Figure 1. Location of the study site: the Remningstorp forest 

estate in Southern Sweden and Canopy Height Model (Using 

the 2022 ALS data) with location of the studied sites for the 

first (C1, orange) and second campaigns (C2, pink). 

2.2 Airborne Laser Scanning 

We used airborne laser scanning data (ALS) collected in 2016, 

2017, 2019 and 2022 (Table 1). In 2016, ALS data were collected 

using the Teledyne Optech Titan X multispectral LiDAR system. 

The scanner operated simultaneously across three wavelengths 

(532 nm green, 1064 nm near-infrared, and 1550 nm shortwave 

infrared), and in 2017 ALS data were acquired using the SPL100 

single-photon LiDAR system. The scanner operated at a flight 

altitude of 3800 m above mean sea level, achieving a point 

density of 25 points per square meter. In 2019, the ALS data were 

collected in October using the Leica TerrainMapper 2 scanner, 

which operates at a pulse repetition frequency of up to 2 MHz, 

with a maximum scan angle ranging between 20° and 40° and a 

footprint size of ranging between 10 and 15 cm on the ground, 

and in July 2022 using the Leica CityMapper-2 (Table 1). All 

ALS data were georeferenced to the Swedish coordinate system 

SWEREF 99 TM. 

Year Sensor / System Key Specifications 

2016 

Teledyne Optech 

Titan X 

(multispectral 

LiDAR) 

Three simultaneous 

wavelengths: 532 nm 

(green), 1064 nm 

(NIR), 1550 nm 

(SWIR) 

2017 
SPL100 (single-

photon LiDAR) 

Flight altitude: 

3800 m a.s.l.; point 

density: 25 pts/m² 

2019 
Leica 

TerrainMapper 2 

Pulse repetition 

frequency: up 

to 2 MHz; scan 

angle: 20°–40°; 

footprint size: 10–

15 cm 

2022 
Leica 

CityMapper 2 
15 pts/m2 

Table 1. ALS information collection 

2.3 – Point-cloud processing and tree crowns delineation 

For each year, the ALS was segmented into the area of interest 

using the catalogue function from lidR R-package (Roussel et al., 

2021), before classifying the points into ground and above-

ground returns using the cloth simulation algorithm implemented 

in the same package. The classified ground-points were used to 

compute a digital terrain model (DTM) using the triangular 

irregular network method and a resolution of 0.2 m. The DTM 

was further used to normalize the heights of each point cloud and 

compare differences between years.   

On the normalized point-clouds, we computed a canopy height 

model (CHM) with a 0.15 m resolution using the point-to-raster 

method implemented in the lidR package. The resulting CHM 

was smoothed using a moving window of three-by-three pixels 

(Figure 2). Finally, we segmented individual trees on the 

normalized point-cloud using a lidR implementation of the 

individual tree segmentation method developed by (Li et al., 

2012). This method detects local maxima and classifies points 

from highest to lowest as belonging to the same tree or not 

according to threshold distance parameters.  

We used different distance thresholds for the segmentation of the 

trees (Table 2) for the different years of ALS. These parameters 

were calibrated by comparison with the field inventory recording 

the tree positions and diameter at breast height (DBH) for the 

corresponding point-cloud area.  

The inventory resulting from the segmentation of the ALS point 

cloud was matched to the inventory from the field mapping of 

tree position using Euclidian distance and attributing to each tree 

the label corresponding to the closest tree. This was done for each 

ALS acquisition, enabling the comparison of tree parameters 

from one year to another.  

Year First Distance 

threshold (m) 

Second distance 

threshold (m) 

2016 2.5 1 

2017 2.5 1 

2019 0.5 1.1 

2022 0.5 1.6 

Table 2. Individual tree segmentation parameters 

2.3 Crown traits 

For each year and for each individual tree point cloud, we 

calculated the total tree height as the height of the point with the 

maximal Z. We calculated the crown projection area (cpa) using 

2D convex hull fitted on the points projected on the horizontal 

plane using the concaveman R-package (Gombin et al., 2025). 

We estimated crown parameters by fitting curves to the crown 

profile. Such methods enable the description of tree shape 

(Ferrarese et al., 2015) and the determination of the living crown 

boundaries (Popescu and Zhao, 2008). Here, we used this method 

to delineate the upper, middle, and lower crown parts.  

First, the tree point cloud was sliced into vertical sections. For 

2016 and 2017 point clouds, slices were 25 cm thick, to account 

for the sparser point cloud density, while for 2019 and 2022, 10-

cm-thick slices were used. For each slice, we determined the

minimum bounding circle enclosing the set of crown points using

the shotGroups R-package (Wollschlaeger, 2025). The crown

profile corresponded to the distribution of the radii as a function

of height, smoothed using a loess function (span = 0.5). On the

crown profile, we calculated the first derivative to determine

inflection points as points of significant change. Each inflection

point determined a crown segment. In a second processing step,

we calculated the change in segment radius as the positive
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difference between the start and end radius relative to the 

maximal radius. We iteratively aggregated segments shorter than 

80 cm length and with a change in radius below 5% to the 

preceding segment (from top to bottom).  

The final crown parts were defined as top-crown (TC, the 

uppermost segment with radius increasing downward), lower 

crown (LC, lowermost segment with radius decreasing 

downward) and middle crown (MC, segment located between top 

and lower crown). Further, we defined the total crown as the sum 

of all crown segments). For each segment, we reported the 

starting heights (HSC, HMC, HTC; Figure 4). Finally, we 

included the maximum radius (R_max) and height of maximal 

radial extension (H_Rmax). 

Tree height increment was calculated as the height difference 

from a LiDAR campaign to the next for each tree point-cloud, 

and radial increment as the maximal crown radius (R_max) 

differences between campaigns (Figure 3). For comparison 

across campaigns, height and crown extension changes were 

normalized by the length of each observation interval. 

2.4 Environmental conditions estimation 

Further, for each tree we calculated four competition indices: We 

calculated the Heygui competition index using (1) heights and (2) 

crown projected area, which corresponds to the sum of the ratio 

between the target tree and the neighbours’ size-metric (height or 

CPA) in a 5-meter radius, weighted by the distance between the 

target tree and the neighbour. Two other metrics were calculated 

directly on the stand point-cloud and raster: (3) The crown 

competition for light (KKL) index, defined as the proportion of 

the cone volume of the target tree occupied by neighbouring tree 

crowns (Pretzsch, 1995); and (4) the proportion of canopy area 

below two-meters in the three-meter buffer around the crown of 

a target tree. Finally, a moisture index was attributed to each tree 

as the mean value of intercepting raster cells in a radius of three-

meter around the trcee position (Figure 5). We used the 2-meter 

resolution soil moisture map of Sweden (Larson et al., 2022).  

2.5 Statistical processing 

All statistical analyses were done in R (version 4.4.3). 

We assessed the significance of total tree height change between 

consecutive time periods using pairwise Wilcoxon signed-rank 

tests for each year pair (2016–2017, 2017–2019, and 2019–

2022), evaluating whether the observed differences were 

significantly greater than zero. 

To test the drivers of tree height increment, we ran linear mixed 

model using the lme4 package (lme4 package). For the first 

model, height increment was modelled as a function of a 

competition index, using each year separately and including 

PlotID as a random effect. We ran the model using the KKL, the 

Heygui index calculated on heights, the Heygui index calculated 

on crown projected area, and the proportion of area not covered 

by canopy in the 3meter around a tree. For Heygui indices, we 

included all trees in a five-meter radius. In the second model, soil 

moisture was included as an additional term, and in the third 

model, DBH, crown projected area, tree height, and lower 

boundary of the top crown (HTC) were further included. For each 

model, the quantile distribution of the residuals was tested using 

the DHARMa R-package (Hartig, 2017).  

Figure 2. Canopy Height Model in 2016, 2017, 2019 and 2022. 

Figure 3. Comparison of the raw point-clouds of the different 

years; transverse view on a 15 * 15 meter transect for a single 

plot. The dashed lines indicate the 99 height-percentile in the 

subset of the point cloud. A-C: Non-normalized point cloud. D-

F: Normalized point-cloud. 

Figure 4. Example of individual tree point clouds segmented in 

the different years (2016, 2017, 2019, 2022) and the associated 

classified crown segments indicated by the horizontal lines. 

Start of the crown (HSC, purple); start of the middle crown 

(HMC, light blue); start of the upper crown (HTC, green).  

Illustrative example for 25 different trees. 
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Figure 5. Map of the area and plots (dots) coloured by average 

individual tree height increment per stand in the pre-drought 

period (2016-2017). 

3. Results

3.1 Height and radial increment 

Wilcoxon rank sum tests revealed statistically significant 

increases in individual tree height between consecutive 

measurement years. When comparing heights in 2017 and 2016, 

the test indicated a significant shift towards higher values in 2017 

(p = 0.03) with a median height increment of  24.9 cm. Likewise, 

when comparing heights in 2019 and 2017, we observed a highly 

significant shift (p < 0.001) and a median height increment of  

53.0 cm, which persisted for the comparison of 2022 heights with 

2019 (p < 0.001) median height increment 50.4 cm (Figure 6). 

On the observation period, the average height increment from 

2016 to 2022 was of 1.28 m (standard-deviation = 0.86 m).  

Figure 6. A) Absolute Individual tree height growth measured 

as height difference measured from ALS; B) Individual tree 

height trajectory (black lines) and average growth trajectory 

(blue points). 

The comparison of crowns’ maximum radial extension (R_max) 

between 2016 and 2017 showed no statistically significant 

difference (Wilcoxon-test, p = 0.22). The estimated median 

difference of 2.4 cm suggests only a slight (non-significant) 

increase. In contrast, the comparison of R_max values between 

2017 and 2019 showed a significant difference (p < 0.001) with 

a median difference of 38.0 cm and a narrow confidence interval 

(0.344 to 0.415). Finally, the comparison between 2019 and 2022 

revealed no significant change (p = 0.80), with a negligible 

median difference of 0.5 cm (Figure 7).  

Figure 7. A) Absolute individual tree radial growth as difference 

in maximal crown extension between two years, B) individual 

tree trajectory (black lines) and average growth trajectory (blue 

points). 

3.2 Temporal variation in crown boundaries 

characterization 

We compared the crown boundaries estimated at each year. For 

the lower height of the top crown (Height of start of the top 

crown; HTC), we found a significant increase (Wilcoxon-test, p 

< 0.001) from 2016 to 2017 and from 2017 to 2019 (p < 0.001). 

For 2019 to 2022, the median paired difference was positive (15.0 

cm) but not significant (p = 0.13, Fig. 8A). Likewise, we

compared the estimation of the lower height of the mid crown

(HMC). From 2016 to 2017, we found a significant increase

(median paired difference = 1.5 m, p < 0.001). However, from

2017 to 2019 the difference was significant (p < 0.001) and

negative (-1.90 m), as for the difference between 2019 and 2022

(median paired difference = -3.7 m, p < 0.001, Figure. 8B).

Figure 8. Estimation of the height of A) the start of the top-

crown (meters) and B) height of start of the mid crown (meters) 

for the different years. Black lines indicate single trees 

trajectories and blue points indicate yearly mean. 

3.3 Drivers of tree height increment 

In the first model, the effect of the proportion of vegetation cover 

in the three meter radius around the tree did not have a significant 

effect on tree height increment on neither of the years (2016 -
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2017: estimate =  -0.14, p = 0.385, conditional R-squared = 0.06; 

2017-2019: estimate = 0.01, p = 0.89, conditional R-squared = 

0.11; 2019-2022: estimate = 0.03, p = 0.622, conditional R-

squared = 0.05). Likewise, we did not find any significant 

relation between the KKL index, the Heygui coefficient index 

calculated on height, the Heygui coefficient index calculated on 

crown projected area and the tree height increment (Figure 8).  

In the second model, including the soil moisture index, we found 

no significant effect of the explaining variable on the growth, 

neither from 2016 to 2017 (moisture index: p = 0.28, KKL: p = 

0.19) nor from 2017 to 2019 (moisture index: p = 0.11, KKL: p 

= 0.85). From 2019 to 2022, soil moisture index was not 

significant (p = 0.87) but KKL had a significant positive effect 

on height increment from 2019 to 2022 (beta = 1.18 E-3, p < 

0.001). Finally, in the third model, the height increment from 

2016 to 2017 was significantly and negatively related to crown 

projected area (beta = -8E-3, p = 0.004), positively and 

significantly affected by DBH (beta = 0.01, p < 0.001), and 

negatively affected by tree height (beta = -0.02, p = 0.026). From 

2017 to 2019, crown projected area had a significant and negative 

effect on height increment (beta = -3E-3, p = 0.037), DBH had a 

significant positive effect (beta = 8E-3, p< 0.001) and tree height 

a negative significant effect (beta = -9E-3, p = 0.042). Finally, 

the 2019 to 2022 height increment was significantly and 

positively affected by KKL (beta = 2E-3, p < 0.001), positively 

loaded by crown projected area (beta = 2E-3, p = 0.019) and DBH 

(beta = 2E-3, p = 0.006) and negatively affected by tree height 

(beta = -9E-3, p < 0.001).  

Figure 9. Height increment (meters) as a function of initial 

crown light competition index (KKL, percentage of downward 

cone occupied by neighbours). 

At stand scale, we found that from 2016 to 2017, basal area (BA) 

had a positive non-significant effect on mean tree height 

increment (Coef. Estimate = 0.003, p = 0.18, R-squared = 0.04). 

From 2016 to 2017, BA had a positive, almost significant effect 

on average height increment (Coef. Estimate = 0.003, p = 0.06, 

R-squared = 0.07). However, from 2019 to 2022, the effect of

basal area on average tree height growth was negative and almost

significant (Coef. Estimate = -0.002, p = 0.06, R-squared = 0.09,

Figure 10).

Figure 10. Average stand tree height growth [m] and stand scale 

and basal area [m2.h-1]. Error bars indicate the 95% confidence 

interval 

3.4 Drought effect on tree height increment and crown 

expansion  

The summer of 2018 was characterized by extreme drought in 

Northern Europe, including Sweden (Bakke et al., 2020). Thus, 

we considered the following drought chronology, with 2016–

2017 treated as the pre-drought period, 2017–2019 as the during-

drought period, and 2019–2022 as the post-drought period. 

Median annual individual tree height growth equalled 24.9 cm 

yr⁻¹ in the pre-drought period, 26.5 cm yr⁻¹ during drought, and 

16.8 cm yr⁻¹ in the post-drought period. Thus, annual height 

growth was similar before and during drought, but declined 

clearly after drought. A similar normalization of maximum 

crown radial extension (R_max) showed a marked contrast 

among periods: radial expansion was negligible before drought 

(2.4 cm yr⁻¹), peaked during drought (19.0 cm yr⁻¹), and was 

nearly absent after drought (0.17 cm yr⁻¹). This indicates that 

trees maintained substantial vertical growth before and during 

drought, whereas the post-drought period was characterized by 

reduced annual height growth and strongly constrained lateral 

crown expansion.  

The crown-boundary metrics suggest that tree shape changed 

mainly through an upward shift of the upper crown and a 

reorganization of the middle crown. At the pre-drought period 

(2016-2017), both the start of the top crown and the start of the 

mid crown moved upward, indicating that the crown became 

more concentrated in the upper part of the tree, i.e. a more 

elevated and compact crown profile. During the drought (2017-

2019), the lower boundary of the top crown continued to rise, 

while the start of the mid crown shifted downward. This suggests 

a more differentiated crown shape, with a relatively more 

elevated upper crown but a deeper middle crown zone. Together 

with the strong increase in maximum crown radius during 2017–

2019, this is consistent with crowns becoming fuller in the middle 

portion while maintaining upward extension. During the post-

drought period (2019-2022), the top-crown boundary no longer 

changed significantly, whereas the mid-crown boundary 
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continued to move downward, indicating that the upper crown 

stabilized while the crown profile became deeper below.  

Driver analysis showed that height growth was controlled mainly 

by tree size before and during drought but became more 

influenced by stand competition after drought. In 2016–2017 and 

2017–2019, competition indices and soil moisture were not 

significant, whereas DBH had a positive effect and initial tree 

height and crown projected area had negative effects on height 

increment. In 2019–2022, KKL became a significant positive 

predictor of height increment, DBH remained positive, initial 

height remained negative, and basal area showed a negative near-

significant effect at stand scale. Together, these results indicate 

that post-drought height growth became more constrained by 

stand context and competition than in the earlier periods. 

4. Discussion

We observed a significant change in tree height at the individual 

scale. In the six years of observation, the average height 

increment we observed was higher than observed by (Bayer and 

Pretzsch, 2017) for  similar DBH range of spruces but on a 

reduced number of individuals. Further, we observed significant 

increases in the height of lower boundary of the tree crown as 

well as radial extension of the crown. However, for the lower part 

of the crown, the differences between years reflect differences in 

the occlusion between years. Indeed, previous studies have 

highlighted the effect of overstory on LiDAR pulse penetration 

(Korpela et al., 2012). Thus, the high occlusion of the lower part 

of the crown as well leads to patterns inconsistent with the 

biology of spruce trees, for which the self-pruning of dead 

branches in the lower part of the crown leads to an increase in the 

height of the start of the living crown (Sharma et al., 2017). 

When the competition index was the only explaining variable 

included, we did not observe a significant effect of initial 

competition (measured using four different competition indices) 

on the tree height increment in the following year (Fig. 8). 

However, the light competition index (KKL) had a significant 

positive effect on tree growth for the period 2019-2022 when tree 

traits and soil moisture were further included. This contrasts 

previous studies showing that increasing competition reduced 

annual basal area increment (Fraver et al., 2014). Two of the 

competition indices were calculated using crown polygons 

resulting from the individual tree segmentation (CI_height, and 

CI_cpa), thus error in segmentation could result in the calculation 

of the index. However, the two other indices calculated on the 

original data showed similar results. The short observation period 

(less than a year for the minimum observation length from 2016 

to 2017) could also explain the small effect observed. At stand 

scale, the effect of basal area on height increment was also 

contrasting across years, with a positive effect for both 2016 to 

2017 and 2017 to 2019 periods, but a negative effect for the 2019-

2022 period.  

For all studied periods, we observed a significant negative effect 

of tree height on height increment, with increasing coefficient 

from pre- to during to post-drought. In relation to the severe 

drought and elevated temperatures during the growing season of 

2018, this is in line with the difference of resistance to drought 

stress of smaller trees, more tolerant than taller trees (Camarero 

et al., 2024). Likewise, on a study on deciduous trees, legacy 

effects of drought were observed up to six years after the drought 

event (Orwig and Abrams, 1997).  

5. Conclusions

Repeated ALS successfully detected significant structural 

changes in mature Norway spruce across 2016–2022. After 

accounting for unequal period lengths, annual height growth was 

similar before and during drought but declined after drought, 

while crown radial expansion peaked during drought and was 

nearly absent afterward. Crown metrics suggest an upward shift 

of the upper crown and a reorganization of the middle crown, 

although lower-crown changes remain uncertain because of 

possible LiDAR occlusion effects. Height growth was mainly 

related to tree size before and during drought, but became more 

influenced by competition after drought, with signals consistent 

with stronger water limitation following the 2021 drought. 

Overall, repeated ALS can be a useful tool for analysing crown 

structural dynamics during and after drought, providing new 

opportunities to monitor how trees adjust their growth and crown 

architecture across stress and recovery phases. 
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