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A B S T R A C T

Quantifying forest structure and aboveground biomass carbon (AGBC) dynamics over time is crucial for evalu
ating climate change impact on carbon stocks, and providing key insights into changes in the terrestrial carbon 
cycle. To date, the use of multi-temporal terrestrial laser scanning (TLS) to detect temporal dynamics of forest 
structure and AGBC remains largely unexplored. In this study, we demonstrate the use of bi-temporal TLS data to 
quantify fine-scale dynamics of forest structure and AGBC. A total of 831 live trees were extracted and manually 
aligned from two leaf-off datasets collected in a 1.4 ha area of temperate woodland (Wytham Woods, UK) in 2016 
and 2022. Results indicated that, at the individual tree level, most trees exhibited positive growth in structural 
attributes between 2016 and 2022, including diameter at breast height (DBH, 60.2 % of trees), tree height (H, 
75.8 %), crown projection area (CPA, 64.7 %), crown volume (CV, 60.5 %), and aboveground volume (V, 50.5 
%). At the plot level, all structural attributes also increased, including basal area (1.8 m²/ha, 4.8 % growth), H 
(128.9 m/ha, 1.4 %), CPA (411.9 m²/ha, 3.0 %), DBH (1.5 m/ha, 1.1 %), CV (181.7 m³/ha, 0.3 %), and V (7.9 
m³/ha, 1.0 %). The total AGBC of the study area saw a net carbon gain of 0.4 Mg C/ha/year over the six-year 
period. Notably, trees with DBH greater than 60 cm contributed over 40 % of the total AGBC. Moreover, our 
results reveal that branch dynamics play a crucial role in AGBC dynamics, underscoring the added value of TLS 
for tracking AGBC changes over time.

1. Introduction

Quantifying forest dynamics is crucial for studying forest ecosystem 
processes over time, monitoring terrestrial carbon cycling, mitigating 
climate change, and developing forest management practices (Chen 
et al., 2025; McDowell et al., 2020; Schulte et al., 2022). Forest dy
namics, including forest growth, loss, and degradation, necessitate 
timely and accurate monitoring of forest conditions. Conventional forest 
monitoring has primarily relied on forest inventory measurements, 
focusing on key tree attributes such as diameter at breast height (DBH), 
tree height (H), species, and tree location, to form the backbone of 
ground-based assessments of forest structural changes and biomass 
carbon dynamics (Coops et al., 2025; Fu et al., 2021). For example, Shen 

et al. (2018) utilized two periods (2002 and 2007) of forest inventory 
data with satellite remote sensing observations, they mapped the spatial 
distribution of biomass and revealed that biomass in subtropical ever
green broadleaved forest of China showed an increasing trend, whereas 
tropical forests exhibited a decreasing trend. Similarly, Herraiz et al. 
(2023) analyzed data from 7000 plots in the 1995 and 2006 Spanish 
national forest inventories, combined with biomass and productivity 
models, and predicted that increasing aridity conditions could seriously 
reduce forest biomass by 18 % and productivity by 16 %. However, 
emerging evidence suggests that such approaches may overlook several 
critical components closely linked to forest structure and biomass car
bon dynamics, such as small trees (DBH < 10 cm), tree crown, 
branchfall, trunk breakage, and wood decay, which can substantially 
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influence forest structural complexity and biomass turnover (Needham 
et al., 2022; Piponiot et al., 2022; Zuleta et al., 2023). Moreover, forest 
dynamics are changing rapidly due to the increasing disturbances, 
including wildfire, drought, storm, and biotic attacks, and anthropo
genic drivers, such as rising temperatures and carbon dioxide concen
tration (McDowell et al., 2020). Given the limitations of conventional 
forest inventory measurement and monitoring methods, such as limited 
survey structural metrics and insufficient detail on crown changes, 
accurately and timely quantification of forest dynamics remains a huge 
challenge (Dalponte et al., 2019). Therefore, it is becoming increasingly 
important to further develop methods to measure and monitor forest 
changes (Terryn et al., 2023). Of the current methodologies, remote 
sensing technology offers a powerful, scalable, and non-destructive 
method and has been widely used to monitor forest structure and car
bon dynamics. Particularly Light Detection and Ranging (LiDAR, or laser 
scanning) can play a critical role in forest monitoring, due to its ability to 
capture the three-dimensional (3D) forest structure (Calders et al., 2020; 
Coops et al., 2025; Li et al., 2024; McCarley et al., 2017; Zhao et al., 
2018).

Over recent years, TLS (terrestrial laser scanning) has demonstrated 
its ability to quantify forest structure and aboveground biomass carbon 
(AGBC) stock (Calders et al., 2015; Coops et al., 2025; Terryn et al., 
2020). Furthermore, numerous studies have demonstrated that TLS 
point clouds not only allow for the assessment of a wide range of simple 
tree structural parameters, such as DBH, H, tree location, crown size, 
and projection area (Bauwens et al., 2016; Calders et al., 2020; Liang 
et al., 2016; Terryn et al., 2022), but can also be integrated with 
specialized modelling approaches to derive more complex structural 
metrics related to the fine-scale tree architecture, thereby fully 
exploiting the potential of the data. For example, tree point clouds can 
be used with modelling algorithms to reconstruct 3D quantitative 
structure models (QSMs) of individual trees, enabling accurate estimates 
of stem shape, volume, and branch architecture (Calders et al., 2015; 
Feng et al., 2024). Aboveground biomass (AGB) estimates derived from 
TLS-QSM approach have consistently shown strong agreement with 
destructive measurements across different forest conditions, exhibiting 
less bias and more accurate than those calculated from allometric 
models (Demol et al., 2022). Furthermore, Calders et al. (2022) quan
tified AGBC in a typical temperate forest in the UK by reconstructed 
individual tree QSMs combined with species-specific wood density and 
carbon density values, revealing that currently used allometric biomass 
models significantly underestimate the biomass carbon, particularly for 
large trees (DBH > 53.1 cm), and highlighting critical limitations in 
traditional forest carbon accounting approaches.

The availability of multi-temporal TLS data provides new opportu
nities to quantify forest structure and carbon dynamics over time in 
detail and understand how and why they vary across spatial scales 
(Calders et al., 2025). Limited studies that used multi-temporal 3D data 
to quantify forest dynamics have analyzed changes in forest ecosystems 
at both the individual tree level (Liang et al., 2012; Martin-Ducup et al., 
2017; Srinivasan et al., 2014; Wang et al., 2022, 2025) and the plot level 
(Liu et al., 2024; Yrttimaa et al., 2020). At the individual tree level, 
Martin-Ducup et al. (2017) used bi-temporal TLS data, collected with a 
two-year interval, to quantify canopy change by analyzing differences 
across four metrics extracted from coniferous and broadleaf trees, and 
revealed that broadleaf trees exhibited a stronger response to gap for
mation compared to conifers, indicating a more pronounced ability to 
adapt to changes in canopy structure. Yrttimaa et al. (2022) character
ized canopy structure and competition using forest structural parame
ters extracted from bi-temporal data with a five-year interval, and 
analyzed stem volume growth. In addition to detecting long-term 
(muti-year interval) forest dynamics, a few studies have also attemp
ted to track short-term (ranging from a few hours to several months) 
forest dynamics using hourly or monthly scanning repetition rates. 
Campos et al. (2021) installed an automated and permanent TLS mea
surement station in Finland to scan hourly, which provides a unique 

dataset to monitor the 3D physical structure of the forest at both short- 
and long-term scales and brings new insights into forest dynamics. Wang 
et al. (2022) presented an automated algorithm to quantify structural 
movements and circadian rhythms of a birch tree with centimeter-level 
accuracy from hourly scanned data. At plot level, Liu et al. (2024) uti
lized bi-temporal TLS data in combination with 3D radiative transfer 
modeling to compare radiative transfer across different time points, 
explaining the dynamics of the fraction of absorbed photosynthetically 
active radiation (FAPAR) and canopy light extinction and the impact of 
canopy gap dynamics on light availability at specific locations. A 
detailed summary of previous studies that evaluated forest structure or 
biomass carbon dynamics using multi-temporal TLS data has been 
summarized in Table 1. Although these studies have explored forest 
structure dynamics across different scales using multi-temporal data, to 
date, the quantification of forest carbon dynamics from multi-temporal 
TLS data combined with QSMs remains largely unexplored.

In this study, we explored the capacity of bi-temporal TLS data to 
quantify forest structural attributes and AGBC dynamics at both the 
individual tree and plot levels. Leveraging TLS data collected under leaf- 
off conditions in 2016 and 2022 from Wytham Woods, a typical 
temperate forest in the UK, and detailed QSM reconstruction, we 
extracted key forest structural attributes, including DBH, H, crown 
projection area (CPA), crown volume (CV), and aboveground tree vol
ume (V), to analyze forest AGBC dynamics. Specifically, the objectives of 
this study are: i) to extract key tree structural attributes from point 
clouds (DBH, H, CPA, CV) and QSMs (total V, trunk and branch volume) 
to measure structure changes and carbon stock dynamics; ii) to inves
tigate the contribution of species and diameter classes to changes in 
forest structure and carbon stock; iii) to reveal the AGBC dynamics over 
a six-year period and identify the tree components that contributed the 
most to these changes. Additionally, structural attributes derived from 
bi-temporal TLS data were compared with those from traditional forest 
inventory measurements to assess differences between the two ap
proaches in evaluating forest structural changes. This study explores the 
strengths of TLS in capturing realistic 3D forest structures and enabling 
structure change traceability, offering critical insights for the quantifi
cation of forest structural attributes and AGBC dynamics using multi- 
temporal TLS data.

2. Materials and methods

2.1. Study area and data collection

The study site is located in Wytham Woods, a typical UK temperate, 
mature secondary broadleaved forest, extensively studied for its diverse 
flora and fauna. Wytham Woods covers an area of 404 ha, including over 
20 tree species, but is mainly dominated (approximately 96 %) by five 
tree species: European ash (Fraxinus excelsior), sycamore (Acer pseudo
platanus), common hazel (Corylus avellana), common hawthorn (Cra
taegus monogyna), and English oak (Quercus robur) (Terryn et al., 2020). 
This site has been owned by Oxford University since 1943 as part of the 
UK Environmental Change Network (ECN) long-term monitoring site. 
The mean annual temperature and precipitation are 10 ◦C and 726 mm, 
respectively (Butt et al., 2009; Calders et al., 2022). Eighteen hectares of 
Wytham Woods are designated as part of Forest Global Earth Observa
tory (Forest GEO) to carry out long-term forest inventories, which is 
managed and maintained by Oxford University. A 1.4 ha area (100 m ×
140 m) within the 18 ha plot is used as our study area, where periodic 
TLS data acquisition is conducted to monitor forest dynamics of Wytham 
Woods.

Woodland inventory data was collected in August 2016 and June 
2021, respectively (http://www.yadvindermalhi.org/blog/rec 
ensus-of-the-great-plot-at-wytham-woods). All trees with a DBH 
greater than 1 cm (tracking the growth dynamics of small trees over time 
is of great ecological importance) were marked with a unique tree 
identifier and recorded. Additionally, the DBH, species, and health 
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Table 1 
A summary of previous studies that evaluated forest structure or aboveground biomass carbon dynamics using multi-temporal terrestrial laser scanning (TLS) data.

Previous study Study area Dataset 
(number of 
trees)

Forest types TLS 
instrument

Data 
acquisition 
time (times)

Evaluated metrics Analysis 
scale

Reported accuracy

Liang et al. 
(2012)

Evo, Finland 137 (50 
harvested)

Boreal managed 
forest

Leica 
HDS6000

March and 
August 2008 
(2)

DBH, stem change Individual DBH: RMSE=1.29 cm, 
Stem change detection rate: 
90.0 %

Eitel et al. 
(2013)

Western central 
Idaho, USA

10 Temperate forest Self- 
developed 
ATLS

12–29, 
October 2012 
(4)

H, canopy height, 
DBH

Individual R²: 0.98–1.00

Srinivasan 
et al. (2014)

East Texas, 
USA

78 (58 
loblolly 
pines+ 20 
hardwoods)

Planted 
coniferous forest

Leica 
ScanStation2

2009–2012 
(2)

AGB Individual Loblolly pine: Adj-R²= 0.95, 
Hardwoods: Adj-R²= 0.99

Griebel et al. 
(2015)

Victoria, 
Australia

3 plots Dry sclerophyll 
open forest

VEGNET 
scanner

1 September 
2012 to 31 
August 2014 
(Daily 
monitoring)

PAI, PAVD Plot 
(0.5 ha)

–

Martin-Ducup 
et al. (2017)

Quebec, 
Canada

72 (6 plots) Temperate, 
broadleaf, and 
mixed forests

Faro Focus 
3D

2013–2015 
(2)

Crown 
characteristics

Individual –

Yrttimaa et al. 
(2020)

Evo, Finland 1280 (37 
plots)

Boreal forest Leica 
HDS6100, 
Faro Focus 
3D X330

2014–2019 
(2)

DBH, BA, H, D-H- 
ratio, △hc, △cr

Individual, 
plot 
(0.1 ha)

DBH: RMSE=0.99–1.22 cm, 
BA: RMSE=44.14–55.49 
cm², 
H: RMSE=1.91–4.85 m

Bogdanovich 
et al. (2021)

Extremadura, 
Western Spain

174 (4 plots) Mediterranean 
open woodland

RIEGLVZ- 
2000

2015–2018 
(2)

H, CPA Individual H: Median range=3.3 %±2.7 
%~5.6 %±3.8 %, CA: 
Median range=1.0 %±1.6 % 
~2.0 %±1.9 %

Luoma et al. 
(2021)

Evo, Finland 736 (37 
plots)

Boreal forest Leica 
HDS6100, 
Faro Focus 
3D X330

2014–2019 
(2)

DBH, H, stem 
form, stem 
volume allocation

Individual, 
plot 
(0.04 ha)

DBH: RMSE=0.6~1.1 cm, H: 
RMSE=1.7~5.4 m, stem 
volume: relative change=
25.4 %

Husin et al. 
(2022)

Seberang 
Perak, 
Malaysia

40 Oil palm 
plantation

Faro Focus 
3D

July- 
November 
2017 (3)

Crown strata 
number, CPA, 
frond angle, frond 
number

Individual –

Wang et al. 
(2022)

South Finland, 
South-eastern 
England

2 (one birch, 
one oak)

Temperate 
deciduous tree

RIEGL VZ- 
4000, 
Leica HDS- 
6100

11–12 
September 
2013 (22), 
2014–2018 
(3)

Structural 
movements

Individual –

Yrttimaa et al. 
(2022)

Evo, Finland 218 (16 
plots)

Boreal forest Leica 
HDS6100, 
Faro Focus 
3D X330

2014–2019 
(2)

BA, stem volume, 
crown 
characteristics, 
competition 
metrics

Individual, 
plot 
(0.1 ha)

|r| > 0.8

Terryn (2024) Queensland, 
Australia

57 Tropical 
rainforest

RIEGL VZ- 
400, 
RIEGL VZ- 
2000i

2018–2023 
(2)

DBH, H, CPA, CV Individual DBH: median-AG=1.9 cm, 
H: median-AG=0.29 m, CPA: 
median-AG=1.0 m², CV: 
median-AG=16.97 m³

Wang et al. 
(2025)

Northeastern 
China

3105 (60 
plots)

Coniferous 
forest

Trimble TX8 
RIEGL VZ- 
400i

2019–2023 
(2)

DBH, H, BA, HCB Individual, 
plot

△DBH: RMSE=0.5~0.82cm 
△BA: 
RMSE=0.001~0.003m2 

△H: RMSE=0.57~0.64m 
ΔHCB: RMSE=0.66~1.31m

ATLS: Autonomously operating Terrestrial Laser Scanner.
DBH: Diameter at Breast Height; H: tree height; AGB: Aboveground Biomass; PAI: Plant Area Index; PAVD: Plant Area Volume Density; BA: Basal Area; CPA: Crown 
Projection Area; CV: Crown Volume; D-H-ratio: Diameter-Height ratio; △hc: height difference of the crown base; △cr: crown ratio; HCB: Crown Base Height.
RMSE: Root Mean Square Error; Adj-R²: Adjusted R-square; AG: Absolute Growth.

Table 2 
The diameter at breast height (DBH) characteristics based on forest inventory data. The number of individuals per tree species and DBH information (mean, standard 
deviation (SD), minimum (Min) and maximum(Max)) are given for each tree species.

Species Number (2016) DBH (cm, 2016) Number (2021) DBH (cm, 2021)

Mean SD Min Max Mean SD Min Max

Fraxinus excelsior 79 24.1 18.1 4.3 98.3 ​ 78 25.7 19.4 4.0 102.4
Acer pseudoplatanus 527 23.7 15.5 1.6 141.2 ​ 520 24.4 15.7 3.0 141.5
Corylus avellana 43 9.1 2.2 5.5 15.6 ​ 43 9.4 2.3 5.6 15.8
Crataegus monogyna 24 10.5 4.8 5.5 25.6 ​ 23 10.8 4.7 5.6 25.5
Quercus robur 35 63.2 15.2 39.9 97.0 ​ 35 63.8 15.6 39.5 99.3
Acer campestre 2 7.6 0.5 7.1 8.1 ​ 2 7.6 0.4 7.2 7.9
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status of each tree were recorded. Tree species and health status were 
primarily determined through visual interpretation by field surveyors. 
By matching forest inventory data with the TLS data (Calders et al., 
2018), 710 trees were identified in 2016, while 701 trees were matched 
in 2021. A total of 709 trees, including 22 standing dead trees, were 
consistently recorded in both 2016 and 2021 inventory data. The DBH 
statistical characteristics are summarized in Table 2.

TLS datasets were collected during leaf-off conditions in the winter of 
2016 (December 2015 & January 2016) and 2022 (February & March). 
Leaf-off point cloud data exhibited less canopy occlusion effects 
compared to leaf-on data, allowing for more detailed representation of 
crown structure, particularly in the upper canopy. Moreover, QSMs 
reconstructed from leaf-off data yield volume estimates that more 
closely align with destructive measurements than those derived from 
leaf-on conditions (Calders et al., 2018). Scanning was carried out on a 
20 m regular grid, comprising a total of 48 scan locations. At each 
location, two scans (one vertical scan and one tilted scan at 90 degrees 
from the vertical) were performed to minimize canopy occlusion effects. 
The permanent hectare marker helped to scan at approximately the 
same locations during both acquisitions. Two different RIEGL terrestrial 
laser scanners (RIEGL Laser Measurement Systems GmbH), a RIEGL 
VZ-400 and VZ-400i, were used to capture point clouds in 2016 and 
2022, respectively. The beam divergence and angular sampling resolu
tion are 0.35 mrad and 0.04◦, respectively. Both scanners employed a 
narrow infrared laser beam with a wavelength of 1550 nm, and were 
operated at the pulse repetition rate of 300 kHz (Table 3) to ensure 
data-interoperability.

2.2. Data processing

The raw single-scan data from 2016 to 2022 were imported into 
RiSCAN PRO software (http://www.riegl.com/products/software-p 
ackages/riscan-pro/) for co-registration, noise filtering, and other pre
processing steps. The TLS plot-level data were downsampled to a reso
lution of 0.026 m to eliminate the impact of density difference on 
structural parameter extraction (Calders et al., 2018). To ensure 
high-quality individual tree point clouds and avoid errors introduced 
during tree segmentation, all individual tree point clouds used in this 
study were subjected to quality assessment of individual-tree point cloud 
integrity and manual correction of mis-segmented point clouds. The tree 
segmentation of the 2016 leaf-off point clouds was conducted using the 
open-source software Treeseg (Burt et al., 2019) by Calders et al. (2018), 
followed by manual inspection and corrections. The tree segmentation 
of the leaf-off point cloud from 2022 was manually performed by Liu 
et al. (2024) using the 2016 individual point clouds as an initial refer
ence. All trees (DBH>1 cm) within the 1.4 ha study area were 
segmented, including standing dead trees and stumps. Although the 
collected point clouds included additional information such as intensity, 
only the xyz coordinates were considered for our analysis.

Although the TLS point clouds from 2016 to 2022 were acquired 

using the consistent scanning protocols and location, the scanner 
placement was not precisely identical. As a result, spatial deviations 
exist between the two point clouds, and precise alignment at the indi
vidual tree level is required to enable accurate analysis of crown struc
tural dynamics. The 2016 point clouds of individual trees served as a 
spatial reference for implementing manual alignment procedures of 
their 2022 counterparts, ensuring bi-temporal positional consistency of 
matched trees, as shown in Fig. A1 (Appendix). Quality control was 
performed by assessing the overlap congruence between corresponding 
trunks (particularly the trunk base) and primary branches across bi- 
temporal datasets from different spatial perspectives. Manual adjust
ments were made in the xyz directions (with a minimum adjustment unit 
of 1 cm per move) until achieving good morphological alignment 
(Fig. A1a). Manual point cloud alignment and visual inspection were 
performed using the open-source R studio (https://posit.co/downlo 
ad/rstudio-desktop/) and CloudCompare (https://www.danielgm. 
net/cc/), respectively. For some trees, significant shape changes due 
to growth, wind, or other factors made it impossible to achieve accurate 
alignment of the trunk (defined as the main stem) and main branches. In 
such cases, manual alignment was primarily based on the registration of 
the trunk base to ensure accurate positioning (Fig. A1b). In this study, a 
total of 831 trees were manually aligned across bi-temporal individual 
tree point clouds. Additionally, compared to 2016, 19 additional trees 
were recorded as dead in 2022.

2.3. Quantitative structure models (QSMs)

Quantitative Structure Models (QSMs) have been proven to yield 
accurate estimates of reconstructed tree aboveground volume compared 
to results obtained from destructive harvesting (Calders et al., 2015; 
Demol et al., 2021; Fan et al., 2020; Hackenberg et al., 2015; Raumonen 
et al., 2013; Vandendaele et al., 2024). Among various QSM algorithms, 
TreeQSM stands as the most widely applied, which constructs 3D tree 
models by fitting cylinders to identified tree components (e.g., trunks 
and branches). Cooper (2026) (unpublished results) evaluated the 
volumetric reconstruction performance of multiple QSM algorithms 
using datasets from diverse forest types, finding that TreeQSM version 
2.0 achieved the strongest agreement with destructive harvest mea
surements and superior accuracy in the context of tree volume estima
tion. Therefore, TreeQSM version 2.0 was employed in this study to 
reconstruct QSMs from manually segmented, leaf-off point clouds 
collected from Wytham Woods in 2016 and 2022.

The most critical parameter in the TreeQSM algorithm is the cover 
patch size, which determines the reconstruction model refinement and, 
consequently, influences the reconstructed volume. Both tree size and 
species-specific architectural traits can affect the optimal cover patch 
size selection. To ensure that the model volume for each tree is derived 
from the reconstruction using the optimal cover patch size, QSMs were 
generated for each tree using cover patch sizes ranging from 0.02 m to 
0.11 m, with an increment of 0.005 m. Following the optimization 
protocol described by Calders et al. (2018), the optimal patch size per 
tree was determined by calculating the mean and standard deviation 
from the ten QSMs generated for each cover patch value. Once the 
optimal cover patch size was determined, the final model result was 
obtained by averaging the ten QSMs reconstructed using this parameter, 
thereby reducing the uncertainty of the final model results.

2.4. Structural attribute extraction

The dynamic changes in forest structure within the study area over 
the six-year period from 2016 to 2022 were quantified using key 
structural attributes. Forest structural attributes, serving as critical 
biometric indicators for assessing forest structure dynamics, can be 
derived from both TLS data and reconstructed QSMs. In this study, DBH, 
H, CPA, CV, and basal area (BA) were extracted from individual point 
clouds, while trunk volume, branch volume, and V were derived from 

Table 3 
The data collection specifications for the terrestrial laser scanning (TLS) in
struments used in 2016 and 2022.

Year TLS 2016 TLS 2022

Laser scanning instrument RIEGL VZ-400 RIEGL VZ-400i
Collecting date December 2015 - January 

2016
February - March 
2022

Wavelength [nm] 1550 1550
Pulse repetition rate [kHz] 300 300
Field of view [◦] 100 × 360 100 × 360
Beam divergence [mrad] 0.35 0.35
Maximum measuring range 

[m]
~600 ~800

Measurement accuracy 
[mm]

5 5

Scanning pattern [m] 20 × 20 20 × 20
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QSMs.
The ITSMe R package (Terryn et al., 2023) was utilized for extraction 

of DBH, H, CPA, and CV. To eliminate discrepancies in DBH height 
calculation caused by inconsistencies in trunk base segmentation across 
different temporal datasets, a normalized height reference system was 
implemented where the minimum z-coordinate value from a point cloud 
in 2016 served as the standardized ground reference for 2022 DBH 
height calculations. Point cloud slices with a thickness of 6 cm, extracted 
from a height range of 1.27 to 1.33 m above the ground, were used for 
the fitted-circle DBH and the functional DBH. The DBH fitting results of 
each tree were manually inspected, and the DBH value from the algo
rithm that best matched the point cloud slice was selected as the final 
DBH estimate. Due to factors such as point cloud density, tree size, 
branch occlusion, and noise, DBH fitting failed for some trees. To 
address this issue, a manual extraction of the trunk point cloud slice at a 
height of 1.27 m to 1.33 m was carried out, followed by recalculation 
using the least-squares circle-fitting algorithm. For trees where DBH 
could not be successfully extracted, the DBH values derived from the 
QSMs (i.e., the diameter of the cylindrical segment at DBH location) 
were adopted instead. For H estimation, a similar approach was 
employed to mitigate errors introduced by inconsistencies in trunk base 
segmentation. Specifically, the minimum z-value of the 2016 point 
clouds were used as a reference for extracting H from the 2022 point 
clouds.

The crown is defined as the components of a tree above the start of 
the lowest branch. The CPA is defined as the area enclosed by the convex 
hull constructed from the individual crown point cloud in the XY plane. 
The parameter concavity is a user-defined value that controls the level of 
detail in the concave hull (Terryn et al. 2023). In this study, concavity 
was set to 1. CV is calculated as the volume of the 3D alpha shape 
generated from the crown point cloud. Similar to the concavity param
eter, the alpha parameter is a crucial factor controlling the generation of 
the alpha shape, which was set to 1. Due to the difficulty in extracting 
crown point clouds for some small trees (DBH < 5 cm), CPA and CV 
could not be estimated for these trees. As a result, they were excluded 
from analysis related to CPA and CV.

Changes in BA, defined as the cross-sectional area of all trees at DBH 
per unit area, over time can provide critical insights into forest structure 
and biomass carbon dynamics. In this study, the BA was calculated using 
the DBH values, based on the following formula: 

BA =

(
∑n

i=1

π(DBH)

4

2
)/

(1.4) (1) 

where i is the i th tree, n is the quantity of alive trees, and 1.4 represents 
the area of the plot in ha.

2.5. Aboveground biomass carbon estimation

The AGBC of individual trees (DBH>1 cm) and the entire 1.4 ha plot 
were assessed separately to analyze carbon dynamics. The biomass 
carbon stock of individual trees was calculated by multiplying the QSM- 
derived volume with the corresponding wood density and carbon coef
ficient of that specific species. Wood density and carbon coefficient 
values for each species were obtained from previous studies (Butt et al., 
2009; Fenn et al., 2015) and the global wood density database (Chave 

et al., 2009). For unidentified species or species without available wood 
density and carbon coefficient values, the average values of wood den
sity and carbon coefficients were adopted for biomass carbon estima
tion. A summary of carbon coefficient, and wood density values for 
different species is provided in Table 4. The wood density and carbon 
coefficient of standing dead trees are closely related to tree species, 
decomposition stage, and environmental conditions, and are generally 
lower than those of living trees to varying degrees (Herrmann et al., 
2015). However, as such information was not available in this study, the 
biomass carbon stock of standing dead trees was calculated using the 
wood density and carbon coefficient values of their corresponding living 
tree species. For unidentified dead trees, the average wood density and 
carbon coefficient of living trees were used for the estimation. In the 
Wytham Woods 2016 dataset, the carbon stocks of 850 living trees and 
54 standing dead trees were assessed, while in the 2022 dataset, the 
carbon stocks of 831 living trees and 39 standing dead trees were 
evaluated. The numbers of living trees of different species in 2016 and 
2022 are provided in Table 4. To more clearly and accurately under
stand the dynamic changes in biomass carbon across different tree 
components, the AGBC of individual trees was partitioned into trunk and 
branch components. Although there are slight variations in wood den
sity and carbon coefficients among different tree components, their in
fluence on the biomass carbon estimation for each part was not 
considered in this study.

The AGBC stock of the plot was obtained by summing the biomass 
carbon of individual trees, including both live and standing dead trees. 
The biomass carbon assessment of the plot considered only the above
ground woody components of trees (DBH>1 cm), whereas leaves, 
belowground tree components, coarse woody debris, shrubs, and her
baceous vegetation were not included.

2.6. Forest structure and biomass carbon dynamics analysis

To quantify forest structure and AGBC dynamics over the six-year 
period, a comparative analysis was conducted for each forest struc
tural attribute and biomass carbon extracted from the 2016 and 2022 
datasets. The analysis was performed at three levels: species-level group, 
DBH group, and the entire plot level.

To explore the dynamic changes in forest structure and biomass 
carbon among different tree species, the dataset was categorized into six 
species-level groups: CRATMO, CORYAV, ACERPS, FRAXEX, QUERRO, 
and Others. The Others group comprised unidentified species and spe
cies with fewer than five individuals. The number of trees included in 
each species (Matched number) is presented in Table 4. Although the 
number of individuals varied across species, the analysis of changes in 
forest structural attributes was primarily based on group mean values to 
minimize the impact of imbalanced sample sizes. Additionally, the 
biomass carbon stocks of each species in 2016 and 2022 were calculated 
to analyze species-specific biomass carbon dynamics over the six-year 
period.

Trees were classified into seven DBH groups at 10 cm intervals (with 
all trees having a DBH over 60 cm grouped together, i.e., (0, 10), [10, 
20), [20, 30), …, [60, ~)) to analyze the distributional characteristics, 
structural changes, and carbon dynamics across different DBH groups. 
This classification method enables the calculation of three key indicators 

Table 4 
A summary of living tree populations, carbon density (c), and wood density (ρ) for different tree species. Number: number of individuals.

Parameter Crataegus monogyna Corylus avellana Acer pseudoplatanus Fraxinus excelsior Quercus robur Others

Abbreviation CRATMO CORYAV ACERPS FRAXEX QUERRO -
Number (2016) 24 65 542 81 34 104
Number (2022) 23 64 535 78 33 98
Matched number (2016 & 2022) 23 64 535 78 33 98
c (g C/g biomass) 0.478 0.478 0.469 0.491 0.474 0.478
ρ (g/cm³) 0.52 0.517 0.51 0.56 0.56 0.525
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for each DBH group: individual counts, biomass carbon stocks, and mean 
absolute change of each forest structural attribute. These indicators help 
to assess the distribution of tree size, growth dynamics, and the contri
bution of different DBH groups to carbon stock.

2.7. Evaluation metrics

The dynamic changes in forest structural attributes and biomass 
carbon over the six-year period were evaluated using absolute change 
(AC), mean absolute change (MAC), and relative change (RC) metrics. 
AC is defined as the difference between the structural attribute value in 
2022 and the corresponding value in 2016, representing the magnitude 
of variation in forest structural attributes. MAC is calculated as the ab
solute change magnitude divided by the corresponding number of trees. 
RC is calculated as the change in structural attributes from 2016 to 2022 
relative to their values in 2016, thereby enabling comparability among 
trees of different sizes after standardizing the structural attributes. The 
calculation methods for these metrics are as follows: 

Absolute change (AC) = M2022 − M2016 (2) 

Mean absolute change (MAC) =
∑n

i=1(M2022 − M2016)

n
(3) 

Relative change (RC) =
M2022 − M2016

M2016
(4) 

where My is the structural attribute value in year y, and n is the quantity 
of trees.

3. Results

3.1. Forest structure dynamics

The characteristic distributions of DBH and H attributes from 
Wytham Woods 2016 and 2022 are shown in Fig. 1. The DBH and H 
distributions of CRATMO and CORYAV were generally smaller and 
narrower compared to other species, with DBH ranging from 3 cm to 24 
cm and H ranging from 2 m to 15 m. ACERPS exhibited a more evenly 
distributed DBH and H, with DBH ranging from 2 cm to 85 cm, except for 
the largest tree, which exceeded 120 cm, and H ranging from 2 m to 32 
m. Additionally, ACERPS was the most abundant species, with 542 trees 
in 2016 and 535 trees in 2022, accounting for approximately 64.0 % of 
the total. The DBH and H distribution of FRAXEX were similar to those of 
ACERPS, but its population was only about 15.0 % of ACERPS. The 
QUERRO population is primarily composed of large trees, exhibiting a 
DBH between 40 cm and 105 cm, and heights ranging from 15 m to 25 
m.

Over the six-year period from 2016 to 2022, 19 trees died, including 
seven ACERPS, four FRAXEX, one CRATMO, one CORYAV, and six trees 
from unidentified species. Stem density declined from 607 stems per 
hectare in 2016 to 594 stems per hectare in 2022. DBH group statistics 

Fig. 1. Dataset characteristics of diameter at breast height (DBH) and tree height derived from terrestrial laser scanning (TLS) data. Panel a and c indicate the DBH 
and tree heights calculated from Wytham Woods 2016 and 2022 point clouds, respectively. Panel b and d indicate the quantity of trees in different DBH groups and 
tree height groups, respectively.
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indicate that in 2016, 653 trees had a DBH of <30 cm, accounting for 
approximately 76.8 % of the total, which decreased to 75.1 % in 2022. 
Moreover, a decreasing trend in tree number was evident across most 
DBH groups, except for the 40–50 cm DBH group, which net gained 14 
trees, and the over 60 cm DBH group, which increased by seven trees. 
The distribution of H was primarily concentrated between 5 m and 25 m, 
with 791 trees (approximately 91.5 %) in this range in 2016 and 739 
trees (approximately 88.9 %) in 2022.

3.3.1. Comparison of TLS-derived and forest census
A total of 679 living trees were successfully matched between TLS 

point clouds and field forest census data in Wytham Woods for both 
2016 and 2022. Comparison between the TLS-derived DBH and corre
sponding field measurements is shown in Fig. 2. The TLS-derived DBH 
values showed strong agreement with field-measured DBH values, with 
coefficients of determination (R2) of 0.988 and 0.989 for 2016 and 2022, 
respectively. Furthermore, the root mean square error (RMSE) for both 
years was 2.0 cm, indicating a stable performance of the DBH estimation 
algorithm and an assessment uncertainty of approximately ±2.0 cm.

3.3.2. Tree-level structural attribute change
Based on 831 matched trees, the temporal changes (species-level 

groups) at tree-level structural attributes over the six-year period can be 
found in Fig. 3.

Not all trees have achieved a consistently positive growth in DBH 
(approximately 60.2 %) over the six-year period as measured by TLS, 
with 331 trees (approximately 39.8 %) exhibiting reductions. Among 
the 831 trees, the DBH AC values of 766 individuals (approximately 92.2 
%) fell within the range of − 3 cm to 3 cm (Fig. 3a). Taking into account 
the uncertainty of the DBH estimation, 138 trees (13 with negative and 
125 with positive changes), representing 16.6 % of 831 matched trees, 
exhibited DBH AC exceeding 2.0 cm and were considered to have un
dergone substantial structural change. Although DBH decreases were 
observed across different species, obvious interspecific differences did 
exist among them (Fig. 3a). Apart from the CRATMO, the mean and 
median values of DBH AC were positive for other species, indicating that 
most trees experienced positive DBH growth. Notably, reductions in 
field-measured DBH were also observed, accounting for approximately 
11.1 % of 679 matched trees. A comparison between TLS-derived DBH 
AC and those obtained from field forest census is presented in Appendix 
Fig. A2. The RMSE between TLS-derived DBH change values and field- 
measured DBH change values was 1.2 cm.

As expected, the majority of trees (approximately 76.0 %) have 

exhibited positive height growth over the six-year period. However, a 
few trees experienced decreases in height, with two individuals showing 
a reduction of >6 m, which have been annotated with A and B in Fig. 3b. 
The height reductions of the two trees were caused by bole snapping (A) 
and treefall (B), respectively (Fig. 4). Similarly, the tree annotated as C 
and the FRAXEX individual with the greatest height reduction also 
experienced bole snapping and treefall, respectively. Notably, absolute 
changes (ACs) in H are strongly associated with tree size. For instance, 
most individuals of CRATMO and CORYAV, which are generally smaller 
than other species (Fig. 1), had median absolute height changes close to 
zero, and their MACs were negative, indicating that nearly half of the 
trees from these two species experienced height reductions. In contrast, 
ACERPS, FRAXEX, and QUERRO showed positive median and mean 
values of height AC, indicating a general trend of significant height in
crease in these species over the past six years.

Approximately 64.7 % and 60.5 % of trees exhibited positive changes 
in CPA and CV, respectively. No substantial increases in CPA and CV 
were observed for the species with larger tree size (e.g. QUERRO) 
compared to others (Fig. 3c and 3d). On the contrary, although all 
QUERRO individuals were evidently larger than CORYAV trees (Fig. 1), 
the MAC values for CPA and CV in QUERRO were considerably lower 
than those in CORYAV. Notably, CORYAV exhibited the maximum MAC 
values for both CPA and CV among all species, indicating a more pro
nounced overall positive growth trend in these crown metrics. Some 
trees exhibited decreases or increases in CPA or CV. One ACERPS tree D 
showed the greatest CPA absolute reduction, losing approximately 33 
m² (–33.0 %) compared to 2016 (Fig. 4). This was primarily attributed to 
branch breakage and its height being significantly lower than sur
rounding trees, resulting in weakly competitive ability to grow (Fig. 5). 
A QUERRO tree F had the largest absolute increase in CPA, gaining 
approximately 38 m² (16.6 %) since 2016 (Fig. 4). This was mainly 
attributed to its height dominance over surrounding trees and the death 
and subsequent fall of a large neighbouring tree, which released addi
tional space for crown expansion (Fig. 5). Another QUERRO individual L 
exhibited the greatest CV absolute reduction of approximately 445 m³ 
(–40.6 %) primarily caused by major branch breakage and loss within 
the crown (Figs. 4 and 5). Similar causes were identified for most of the 
other trees showing substantial reductions in CPA and CV.

In the case of the calculated volume from QSMs, only about half of 
the trees (50.5 %) showed an increase compared to 2016. Except for 
FRAXEX, which had a MAC value of 0.2 m3, volume growth across other 
species was not remarkable. Trees with the large absolute decreases in V 
also exhibited marked declines in CPA or CV, caused by substantial 

Fig. 2. Comparison of TLS-derived DBH and field measured DBH values. a and b represent the comparison of DBH in two survey years. TLS: terrestrial laser scanning, 
DBH: diameter at breast height, RMSE: root mean square error.
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branch loss. Manual inspection of point clouds for the tree with the 
largest volume reduction (tree E), as well as other trees with volume 
loss, confirmed that the decrease in V was primarily due to branch loss 

(Figs. 4 and 5). Furthermore, the increase in tree volume was mainly 
driven by crown expansion, followed by trunk growth.

The results of the relative change (RC) at the tree-level structural 

Fig. 3. Temporal variations in tree-level structural attributes of different tree species from 2016 to 2022. Panels a, b, c, d, e represent the absolute changes over six 
years in the structural attributes: diameter at breast height (DBH), tree height, crown projection area (CPA), crown volume, and aboveground tree volume, 
respectively. ‘M’ represents the mean absolute change in structural attributes for different tree species. Red letters mark trees with large variations in struc
tural attributes.

Fig. 4. Trees exhibiting substantial structural attribute changes (absolute change) between 2016 and 2022. The trees marked with red letters correspond to those 
identified in Fig. 3 as having undergone substantial changes in structural attributes.
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attributes indicate no notable differences among different species 
(Fig. 6). Trees exhibiting larger absolute values of the structural attri
bute RC are observed to have a DBH of <10 cm. Trees with DBH- 
associated RC values exceeding 0.4 are all individuals with DBH 
around 5 cm, particularly the tree with the highest RC (tree O), whose 
DBH measured 2.9 cm in 2016 and 5.1 cm in 2022 (Fig. 7). Two trees 
with abnormally decreased height RC have already been identified in 
Fig. 3: tree A (–65.6 %) and tree B (–61.4 %), while another tree Q (–55.4 
%) with a reduced RC is attributed to branch loss (Fig. 7). One CORYAV 
individual P exhibits the largest increase in height RC (34.2 %), along 
with noticeable RC increases in CPA (222.4 %), CV (445.8 %), and V 
(275.4 %), primarily due to crown growth (Fig. 7). Furthermore, trees 
displaying notable relative increases in CPA (F, G, H, K, and J) also 
exhibit marked corresponding relative increases in CV and V (Fig. 6).

The temporal dynamics of tree-level structural attributes over the 
six-year period, categorized by DBH groups, are shown in Fig. 8. The 
MAC and median values of different structural attributes generally 
exhibit an initial increase followed by a slight decreasing trend with 
increasing DBH. Trees with DBH <20 cm have smaller MAC values for 
both DBH and H compared to other DBH groups, and have noticeably 
more trees with negative AC values than other DBH groups. The MAC 
values of DBH increase across the DBH groups of 10–20 cm (0.1 cm), 
20–30 cm (0.7 cm), and 30–40 cm (1.6 cm), and then tend to stabilize 

(1.7–2.0 cm). Similarly, the MAC values of H increase in the 10–20 cm 
(0.3 cm) and 20–30 cm (0.8 cm) DBH groups, and then stabilize (0.8–1.0 
cm). For CPA, CV, and V, MAC values show an increasing trend with 
DBH, reaching their maximum in the 30–40 cm and 40–50 cm DBH 
groups, followed by a decreasing trend as DBH further increases. 
Notably, in the DBH groups over 60 cm, both the MAC and median 
values for CPA, CV, and V are all below zero.

The median RC values of tree-level structural attributes across DBH 
groups, exhibit a distribution pattern similar to that of the median AC 
values, characterized by an initial increase followed by a slight decrease 
with increasing DBH (Fig. 9). A broader range of RC values and more 
frequent outliers for structural attributes are predominantly concen
trated in the 0–10 cm DBH group. This can be attributed to small trees 
inherently having lower absolute structural attribute values, and thus, 
the same magnitude of measurement error results in disproportionately 
larger RC values for these individuals.

3.3.3. Plot-level structural attribute change
The canopy cover of the 1.4 ha study area in 2016 and 2022 is shown 

in Fig. 10. Some canopy gaps present in 2016 were filled by forest 
growth by 2022 (green areas), while spaces previously occupied by 
standing dead trees in 2016 were released due to treefalls by 2022 (red 
areas), thereby creating new space for the expansion of surrounding 

Fig. 5. Temporal dynamics of surrounding tree structures around specific trees from 2016 to 2022. The trees marked with red letters correspond to those identified in 
Fig. 4 as having undergone substantial changes in structural attributes. Each column represents the spatial distribution of the surroundings of the same tree in 2016 
and 2022. H: tree height.
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crowns.
At the plot level, the mean per-tree AC in forest structural attributes 

over the six-year period are as follows: DBH increased by 0.8 cm, H by 
0.6 m, CPA by 1.3 m², CV by 3.3 m³, and V by 0.04 m³. The average per- 
tree AC values in structural attributes from 2016 to 2022 for different 
tree species are presented in Appendix Fig. A3. All structural attributes 
of CRATMO exhibit varying degrees of decline, with H showing the 
largest absolute decrease among all species, averaging –0.3 m. For 
CORYAV, except for a slight reduction in average H compared to 2016, 
all other structural attributes increased, with CPA and CV displaying the 
largest absolute increases across species, at 2.4 m² and 5.9 m³, respec
tively. ACERPS exhibits positive growth in structural attributes except 
for a slight decrease in average volume (–0.02 m³). In the case of 
FRAXEX, all structural attributes increased, with DBH, H, and volume 
increasing by 1.8 cm, 1.1 m, and 0.21 m³, respectively. With regards to 
QUERRO, the most distinct decline is observed in CV, primarily due to 
the substantial loss of branches, while the other structural attributes 
show positive growth.

BA, H, CPA, DBHCV, and V at plot-level all increased over the six- 
year period, with respective increases of 1.8 m²/ha, 128.9 m/ha, 
411.9 m²/ha, 1.5 m/ha, 181.7 m³/ha, and 7.9 m³/ha (Fig. 11). ACERPS 

demonstrates the highest proportion and greatest absolute increase in 
BA, H, CPA, DBH, and CV among species, primarily due to its dominance 
and most abundant species within the study area. FRAXEX exhibits an 
overall positive growth trend across all forest structural attributes, 
whereas CRATMO shows a slight decrease in all attributes. CORYAV 
shows a slight increase in most attributes, with the exception of a slight 
decrease in H. QUERRO has achieved slight increases in BA, H and CPA, 
while experiencing negative growth in DBH,CV, and V.

3.2. Aboveground biomass carbon dynamics

The total AGBC stock of the 1.4 ha study area remains stable over the 
six-year period, with values of 269.93 Mg C in 2016 and 272.98 Mg C in 
2022, with a net carbon gain of 2.18 Mg C/ha (Fig. 12). The gross carbon 
gain in living trees (3.05 Mg C) over the six-year period is generally 
consistent with the carbon stock absolute increase of FRAXEX trees (3.11 
Mg C). Although the overall DBH, H, CPA, and CV structural attributes of 
ACERPS and QUERRO exhibited positive trends, their overall carbon 
stocks did not increase accordingly. Trees of CORYAV and CRATMO 
have smaller tree sizes and are less abundant than those of other species, 
resulting in lower carbon stocks and smaller changes in absolute carbon 

Fig. 6. Relative growth variations in tree-level structural attributes of different tree species from 2016 to 2022. Panels a, b, c, d, e represent the relative changes over 
six years in the structural attributes: diameter at breast height (DBH), tree height, crown projection area (CPA), crown volume, and tree volume, respectively. Red 
letters mark trees with large variations in structural attributes.

Fig. 7. Point clouds of trees exhibiting pronounced relative changes between 2016 and 2022. The trees marked with red letters correspond to those identified in 
Fig. 6 as having undergone anomalous relative changes in structural attributes. DBH: diameter at breast height, [cm]; H: tree height [m]; CPA: crown projection area, 
[m2]; CV: crown volume, [m3]; V: aboveground tree volume, [m3].

S. Chen et al.                                                                                                                                                                                                                                    Agricultural and Forest Meteorology 378 (2026) 110995 

10 



dynamics over time. The carbon stock of unidentified species increased 
by 1.08 Mg C(10.4 %). In contrast, the carbon stock of standing dead 
trees declined from 4.70 Mg C in 2016 to 1.86 Mg C in 2022. Correlation 
analysis between the AC in AGBC stock and the AC values of carbon 
stock in branch and trunk components reveals that AGBC dynamics are 
more strongly associated with changes in branch carbon (Branch: R² =

0.931, Trunk: R² = 0.169, Fig. 13).
For carbon dynamic changes within DBH groups, the 40–50 cm DBH 

group has the highest carbon gain (11.02 Mg C, 39.3 %) over the six-year 
period, followed by the DBH group over 60 cm (6.47 Mg C, 5.9 %), while 
the remaining DBH groups experienced carbon loss (Fig. 12). The 30–40 
cm DBH group experienced the greatest carbon loss from 2016 to 2022 

Fig. 8. Temporal dynamic changes in tree-level structural attributes of different diameter at breast height (DBH) groups from 2016 to 2022. Panels a, b, c, d, e 
represent the absolute changes over six years in the structural attributes: DBH, tree height, crown projection area (CPA), crown volume, and aboveground tree 
volume, respectively. ‘M’ represents the mean absolute change in structural attributes for different DBH groups.

Fig. 9. Relative growth variations in tree-level structural attributes across different diameter at breast height (DBH) groups from 2016 to 2022. Panels a, b, c, d, e 
represent the relative changes over six years in the structural attributes: DBH, tree height, crown projection area (CPA), crown volume, and aboveground tree volume, 
respectively.
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(–6.12 Mg C, –14.1 %), followed by the 50–60 cm DBH group (–4.93 Mg 
C, –14.0 %). The remaining three DBH groups with diameters below 30 
cm collectively lost a total of 3.4 Mg C of carbon. Trees in the DBH group 
greater than 60 cm accounted for 40.7 % and 42.7 % of the total AGBC 
stock in the 1.4 ha study area in 2016 and 2022, respectively. The carbon 
stock proportion of the 40–50 cm DBH group increased from 10.4 % in 
2016 to 14.3 % in 2022. In contrast, the proportions of the 30–40 cm and 
50–60 cm DBH groups decreased by 2.4 % and 2.0 %, respectively, 
compared to their 2016 levels.

4. Discussion

In this study, we demonstrated that the integration of bi-temporal 
TLS data with QSM enables quantification of forest structural attri
butes and AGBC dynamics at both the individual tree and plot scales, 
highlighting the application potential of multi-temporal TLS in forest 
monitoring and for tracking forest structural dynamics.

4.1. Forest structural attribute change

Our results demonstrate that, based on bi-temporal TLS data, the 
majority of trees exhibited positive growth at the individual-tree level in 
terms of DBH (60.2 %), H (75.8 %), CPA (64.7 %), CV (60.5 %), and V 
(50.5 %), over the six-year period from 2016 to 2022. Nevertheless, 
negative absolute change values of these structural attributes were also 
observed, pointing at net size reductions over the studied period. Simi
larly, a study on boreal forests by Yrttimaa et al. (2020) reported that a 
considerable proportion of trees showed negative growth in DBH, BA, 
and H over a five-year period from 2014 to 2019, based on both TLS data 
and field inventory measurements. In terms of theoretical tree growth 
patterns, these structural attributes are expected to show consistent 

positive increments over time (Pretzsch, 2010; Zhao et al., 2018). 
However, due to the frequent occurrence of natural disturbances such as 
ash dieback, storms, droughts, and heatwaves at Wytham Woods during 
the six-year period (Buras et al., 2020; Knutzen et al., 2025), some trees 
experienced mortality, severe structural damage, or growth limitations 
(Figs. 4 and 5). Previous studies have confirmed that disturbances are 
among the most influential drivers of forest structural dynamics, often 
exerting negative impacts on structural attribute development (Seidl 
et al., 2017; Thom et al., 2022). Additionally, although TLS systems 
capture highly detailed structural information with millimeter-level 
point accuracy—providing more accurate and comprehensive struc
tural attribute assessments than other LiDAR platforms such as mobile, 
UAV-based, or airborne laser scanning—potential factors including 
point cloud density, scanning distance, registration errors, occlusion, 
wind, and instrument-related errors can still introduce errors in the 
estimation of forest structural attributes (Calders et al., 2015; Demol 
et al., 2022; Liang et al., 2018; Wilkes et al., 2017). Another major 
source of uncertainty stems from the structural attribute extraction al
gorithms (Bogdanovich et al., 2021; Luoma et al., 2021; Raumonen 
et al., 2013; Terryn et al., 2023). For example, comparison with 
field-based DBH census data revealed that the RMSE of TLS-derived DBH 
was 2.0 cm for both survey years in this study (Fig. 2), which is in close 
agreement with the RMSE of 2.3 cm reported by Terryn et al. (2023). It is 
also worth noting that, beyond these factors, species-specific charac
teristics may contribute to observed negative AC values in DBH. For 
instance, stem bark peeling and renewal associated with tree aging in 
species such as FRAXEX and ACERPS can lead to apparent reductions in 
DBH measurements over time. In addition, our results showed that the 
MAC (measurement uncertainty) in DBH increased considerably with 
increasing DBH for trees within the 0–60 cm DBH groups. This pattern is 
consistent with the findings of Terryn et al. (2022), who reported that 

Fig. 10. Raster map showing plot-level canopy cover dynamics between 2016 and 2022. Lost canopy cover represents areas with canopy cover in 2016 but no cover 
in 2022. New canopy cover represents the area newly covered by canopy in 2022. Unchanged canopy cover represents the area covered by canopy in both 2016 
and 2022.
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larger DBH values (DBH range 10–88 cm) are associated with greater 
measurement uncertainties. Furthermore, field census data also showed 
that approximately 11.1 % of trees exhibited negative DBH AC values 
between 2016 and 2021, which could be attributed to inconsistencies in 
field crews, measurement positions, or other operational factors Ap
pendix Fig. A2).

The observed temporal dynamics in forest structures can be attrib
uted to factors such as species-specific traits, species abundance imbal
ances, crown competition, and tree size variability (Astigarraga et al., 
2025; Fu et al., 2021; Griebel et al., 2015; Luoma et al., 2021; Mar
tin-Ducup et al., 2017; Yrttimaa et al., 2020). From 1974 to 2012, the 
basal area of several tree species in Wytham Woods, including ACERPS, 

Fig. 11. The distribution characteristics and changes (absolute change) in basal area (BA), tree height (H), crown projection area (CPA), diameter at breast height 
(DBH), crown volume (CV), and aboveground tree volume (V) across different tree species from 2016 to 2022.

Fig. 12. The distributions of aboveground biomass carbon within the study area in 2016 and 2022. ‘a’ represents the carbon stock distribution of different tree 
species. ‘Dead’ refers to the standing dead trees. ‘b’ represents the carbon stock distribution across different DBH groups.
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FRAXEX, and QUERRO, had seen a steady increase, which had resulted 
in the majority of young, small trees transforming to mature, large trees, 
with the modal diameter class having shifted from 11–20 cm to 30–40 
cm (Kirby et al., 2014). These larger trees dominate the competition for 
sunlight, water, nutrients, and space, thereby effectively promoting 
growth. In contrast, suppressed understory trees, such as CRATMO and 
CORYAV, characterized by DBH < 24 cm and height < 15 m, experience 
growth limitations due to competitive disadvantage (Fig. 3) (Coomes 
and Allen, 2007; Martin-Ducup et al., 2020). Coomes and Allen (2007)
further demonstrated that light competition significantly limits the 
growth of small trees, while nutrient competition affects trees across all 
size classes.

As a result of natural disturbances, some trees died and fell to the 
ground between 2016 and 2022, which created canopy gaps for the 
lateral expansion of adjacent tree crowns (Fig. 10). At the same time, 
some canopy gaps that existed in 2016 were gradually filled in by the 
growth of neighboring tree crowns. Martin-Ducup et al. (2017) quanti
fied crown expansion using four crown-derived metrics and found that, 
two years after the release from crown competition, a large proportion of 
crown area exhibited considerable downward space reoccupation. Their 
analysis further revealed substantial structural changes in both the 
vertical and horizontal dimensions of the crown. Their findings provide 
valuable insights into the mechanisms of crown expansion and how trees 
reoccupy space released by both localized and large-scale disturbances. 
Furthermore, Wang et al. (2022) developed the PlantMove tool to 
reconstruct patterns of crown expansion movement from multi-temporal 
point cloud data, thereby revealing the temporal dynamics of crown 
expansion and offering a valuable tool for interpreting spatial patterns of 
crown dynamics.

4.2. Aboveground biomass carbon dynamics

Our results revealed that the total AGBC stock in the study area 
remained stable over the past six years (Fig. 12a), with a net carbon gain 
of 2.18 Mg C/ha (AGB about 4.42 Mg/ha) during this period. Further
more, from a fine-scale, tree-level perspective, our study captured the 
3D structural changes of individual trees over time and demonstrated 
how structural dynamics at the tree level underpin the plot-level sta
bility of AGBC through a compensatory mechanism of carbon loss and 
gain. In contrast, single-time-point TLS data can only provide a static 
assessment of forest structure and carbon stock at a certain moment, 
without capturing the temporal dynamics of AGBC at the individual tree 
level. Bi-temporal TLS point clouds clearly revealed structural changes, 
including branch loss and growth in individual trees, yielding critical 
insights into the drivers of AGBC dynamics. Srinivasan et al. (2014) also 
assessed tree-level AGB changes over a three-year period using 

multi-temporal TLS data from a pine–hardwood mixed forest. However, 
their approach primarily relied on developing biomass models based on 
TLS-derived parameters to estimate AGB changes, without directly 
linking structural changes of individual trees to the observed biomass 
dynamics.

The species-specific dynamics of AGBC over the past six years show 
that, overall, FRAXEX exhibited a noticeable carbon gain, while other 
species maintained relatively stable AGBC levels (Fig. 12). This can be 
largely attributed to the faster growth rate, higher water and nutrient 
use efficiency, and lower vulnerability to natural disturbances of 
FRAXEX compared to the other species present in the study area. These 
advantages enabled this species to sustain favorable growth even though 
the study area experienced multiple disturbance events between 2016 
and 2022. Consistent with this, the structural attributes of FRAXEX, 
including DBH, H, CPA, CV, and V, also showed greater absolute in
creases than those of other species (Fig. 3). Notably, although ash 
dieback was first detected at Wytham Woods in 2017, the disease 
remained in its early stages through 2022, without triggering large-scale 
mortality of FRAXEX individuals. However, with the anticipated spread 
of ash dieback in the coming years, a substantial increase in tree mor
tality and a reduction in growth rates are expected (Kirby et al., 2014). 
In contrast, CORYAV and CRATMO are typical understory species whose 
growth is inherently limited due to their structural characteristics and 
competitive disadvantages in terms of space occupancy, resulting in 
relatively stable AGBC over time. The reason for the insignificant 
changes in ACERPS and QUERRO is primarily explained by structural 
changes such branch loss or death or tree mortality observed in some 
individuals of these species.

In this study, trees with a DBH greater than 60 cm, accounting for 
approximately 5 % of the total tree population, contributed >40 % of the 
AGBC and were responsible for a carbon gain of 6.47 Mg C between 
2016 and 2022 (Fig. 12), as also reported by Calders et al. (2022). 
Furthermore, a global analysis of 25 plots from different regions by 
Piponiot et al. (2022) also confirmed that large trees (DBH ≥ 60 cm) 
contributed a large fraction to all biomass stocks and fluxes, whereas 
small trees (DBH < 10 cm) typically contributed <15 % of total biomass 
(small trees contributed only about 1 % in this study to the total 
plot-scale AGBC). Changes in AGBC across DBH groups were not only 
associated with structural shifts in individual trees but also closely 
linked to transitions of trees between DBH groups. For example, 21 trees 
were classified in the 30–40 cm DBH group in 2016 but had grown into 
the 40–50 cm DBH group by 2022. This transition explains the increase 
in AGBC observed in the 40–50 cm DBH group, accompanied by the 
decline in the 30–40 cm DBH group. Furthermore, by the analysis of 
carbon stock in both crowns and trunks, we found that changes in crown 
carbon exhibited a stronger correlation with AGBC dynamics than trunk 

Fig. 13. The correlation between the absolute change in aboveground carbon stock and the absolute changes in branch and trunk carbon stock.
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carbon changes (Fig. 13), which highlights the dominant role of crown 
and its dynamics in driving AGBC changes.

The uncertainty associated with assessing AGBC dynamics using TLS 
should not be ignored, including those arising from instrument accu
racy, sampling resolution, workflow design, data processing and 
modelling approaches. Previous studies have demonstrated that tradi
tional allometric models tend to significantly underestimate AGB, 
particularly for large trees (although in this study, field inventory data 
corresponding to each TLS campaign were obtained, they were not used 
to estimate AGB via allometric models) (Calders et al. 2022; Moeys et al. 
2025). In contrast, the TLS-QSM approach has been shown to slightly 
overestimate AGB, typically within 20 % and particularly for smaller 
branches (Calders et al. 2015; Chen et al. 2025; Cooper, 2026, unpub
lished results; Demol et al. 2022). In this study, we selected TreeQSM 
(v2.0) as the single-tree QSM reconstruction algorithm. Following the 
optimization procedure described by Calders et al. (2015, 2018), we 
determined the optimal parameter set for each tree. We generated ten 
QSMs using the selected parameter set and adopted their mean values as 
the final model result to further reduce reconstruction uncertainty. 
Another potential source of error arises from species-specific wood 
density and carbon conversion factors. Given that different tree com
ponents exhibit varying wood densities and carbon content, these dif
ferences may introduce additional uncertainties into the AGBC 
estimations.

4.3. Limitations and prospects

In this study, we focused on quantifying forest structure and AGBC 
dynamics in a temperate, mature secondary forest using bi-temporal TLS 
data, and interpreted AGBC dynamics in terms of changes in forest 
structure. Forest structural dynamics were quantified at both the indi
vidual tree and plot scales by extracting structural attributes. However, 
detailed spatial changes in crown structure, such as how each tree crown 
has changed in the horizontal and vertical dimensions, the extent of 
these changes, and which branches within the crown experienced sig
nificant growth, loss, or spatial displacement over the six-year period, 
were not explicitly quantified. The development of automated algo
rithms capable of detecting and statistically characterizing such crown- 
level changes is urgently needed. In our study, a six-year interval be
tween TLS acquisitions was sufficient to quantify the dynamics of forest 
structural attributes (DBH, tree height, CPA, CV, and aboveground 
volume) and AGBC. The appropriate minimal temporal interval for 
measuring structure and carbon dynamics depends on various factors, 
such as the accuracy of the method used, the growth rate of the studied 
tree species, and the specific structural attributes of interest. Addition
ally, due to occlusion effects within the crown, point cloud data for 
upper crown areas were partially missing, potentially affecting the ac
curacy of extracted structural attributes and QSM reconstruction results 
(Calders et al. 2015; Demol et al. 2021). The integration of UAV-based 
LiDAR and TLS data has shown promising potential to overcome these 
limitations (Terryn et al., 2022). Moreover, in assessing AGBC dynamics, 
only live trees were considered, while carbon changes associated with 
trees that died during the six-year period were not accounted for. 
Although we estimated the carbon stock of standing dead trees using the 
wood density values of living individuals, in reality, the wood density of 
dead trees is lower than that of their living counterparts. Consequently, 
this study did not analyze the carbon stock dynamics of dead trees. Since 
the carbon pool of dead trees also represents an important part of 
aboveground carbon dynamics, further investigation is warranted to 
improve our understanding of terrestrial carbon cycling. Besides dead 
trees, leaves, belowground tree components, and understory vegetation 
were also excluded from the AGBC assessment, as these components 
contribute only a small proportion of total terrestrial carbon pool and 
are challenging to quantify accurately. According to reports on Forest 
Biomass and Primary Productivity, leaf biomass accounts for approxi
mately 1.7 % of the total tree biomass in North American temperate 

forests, understory vegetation contributes <1 % of total vegetation 
biomass, and belowground biomass represents roughly 21 % of total tree 
biomass. Furthermore, beyond the temperate broadleaved forest inves
tigated in this study, the application potential of multi-temporal TLS 
extends to other forest types, including boreal, tropical, and subtropical 
forests at different developmental stages (i.e., young, middle-aged, 
mature, and over-mature stands), as well as coniferous and mixed for
ests, where structural and carbon dynamics remain largely unexplored.

5. Conclusion

We demonstrated the use of bi-temporal TLS data to quantify and 
assess fine-scale dynamics of forest structure and AGBC at both the in
dividual tree and plot levels. Overall, repeated TLS provides a precise 
approach for quantifying forest structural and AGBC dynamics in 
temperate mature secondary forests over a six-year period. Our study 
found that FRAXEX exhibited the largest structural growth among all 
species. Trees with anomalous relative changes in structural attributes 
were mainly small individuals, typically with DBH <10 cm. Moreover, 
when categorized by DBH groups (10 cm intervals), the mean absolute 
change and median values of different structural attributes generally 
exhibited an initial increase followed by a slight decreasing trend with 
increasing DBH. The total AGBC of the 1.4 ha study area remained stable 
over the six-year period, with a value of 269.93 Mg C in 2016 and 272.98 
Mg C in 2022. The carbon gain of living trees within the study area is 
3.05 Mg C over the six-year period. Trees with DBH greater than 60 cm 
contributed over 40 % of the total AGBC and accounted for a carbon gain 
of 6.47 Mg C over the six-year period. Another important finding of our 
study is that variations in crown carbon play a primary role in driving 
AGBC dynamics, indicating that conventional carbon inventories based 
solely on DBH (and height) may overlook substantial portions of the 
actual carbon dynamics. This study demonstrates the strengths of TLS in 
capturing realistic 3D forest structures and ensuring structure change 
traceability, offering critical insights for the quantification of forest 
structure and AGBC dynamics using multi-temporal TLS data.
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Appendix A

Fig. A1. Manual alignment of bi-temporal individual tree point clouds. ‘Before’ and ‘After’ represent the temporal point clouds before and after manual registration, 
respectively.

Fig. A2. Correlation between absolute changes in TLS-DBH and Census DBH. The orange numbers indicate the proportion of points within each quadrant relative to 
the total (679 trees).
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Fig. A3. Comparison of mean changes in per-tree forest structure metrics of different tree species at the plot-level from 2016 to 2022. a, b, c, d, e represent the mean 
changes over six years in the structural attributes: diameter at breast height (DBH), tree height, crown projection area, crown volume, and aboveground tree volume, 
respectively. The error bars indicate the standard error range of forest structural attributes within a 95 % confidence interval. ‘16′ and ‘22′ indicate the years 2016 and 
2022, respectively. ‘△’ indicates the absolute change in forest structural attributes.

Data availability

Data will be made available on request.
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