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Abstract: Individual-tree-based models (IBMs) have emerged to provide finer-scale operational
simulations of stand dynamics by accommodating and/or representing tree-to-tree interactions and
competition. Like stand-level growth model development, IBMs need an array of detailed data
from individual trees in any stand through repeated measurement. Conventionally, these data have
been collected through forest mensuration by establishing permanent sample plots or temporary
measurement plots. With the evolution of remote sensing technology, it is now possible to efficiently
collect more detailed information reflecting the heterogeneity of the whole forest stand than before.
Among many techniques, airborne laser scanning (ALS) has proved to be reliable and has been
reported to have potential to provide unparallel input data for growth models. This study utilized
repeated ALS data to develop a model to project the annualized individual tree height increment
(∆HT) in a conifer plantation by considering spatially explicit competition through a mixed-effects
modelling approach. The ALS data acquisition showed statistical and biological consistency over
time in terms of both response and important explanatory variables, with correlation coefficients
ranging from 0.65 to 0.80. The height increment model had high precision (RMSE = 0.92) and minimal
bias (0.03), respectively, for model fitting. Overall, the model showed high integrity with the current
biological understanding of individual tree growth in a monospecific Pinus radiata plantation. The
approach used in this study provided a robust model of annualized individual tree height growth,
suggesting such an approach to modelling will be useful for future forest management.

Keywords: individual tree growth; airborne laser scanning; tree growth; tree competition; distance
dependent

1. Introduction

The growth of forest trees presents a phenomenon of considerable ecophysiological
intricacy, moderated by edaphic and climatic factors, and competitive interactions [1,2].
In any forest stand, the organizational structure of individual trees manifests as a mosaic
wherein the majority of interactions transpire in a close proximal zone of influence, facilitat-
ing the exploitation of available growth resources and space [3–5]. As the trees grow, they
engender modifications in their surroundings, exerting influence over (1) the general envi-
ronment, (2) micro-environmental and genetic parameters and (3) the spatial and temporal
dynamics of neighboring entities [6]. Consequently, the resultant degree of competitive
interaction among the trees assumes a paramount role in steering the growth dynamics of
any given forest stand [7], emerging as a salient feature within forest ecosystems [8,9].

The comprehension and projection of forest growth dynamics pose a formidable
yet indispensable challenge in the strategic selection of management schemes and the
allocation of financial resources to ensure optimized output. Forest growth and yield
models serve as quantitative generalizations of these dynamics, offering a means to narrow
the uncertainty gap through precise predictions [2], and provide crucial insights for effective
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forest management [10,11]. Amidst the diverse array of forest growth and yield models,
individual tree growth models have emerged as refined simulations operating at a finer
scale to provide flexible stand dynamics predictions [12]. Generally, individual-tree-level
models aspire to forecast stand growth dynamics by encapsulating inter-tree interactions,
including one- or two-sided competition and facilitation [2,13,14]. The representation
of these interactions may involve a plethora of potential competition indices [6,14–16].
These indices can be broadly classified into two categories based on their consideration of
location. Spatially implicit or distance-independent indices quantify competitive interaction
solely through the size of the competitors, whereas spatially explicit or distance-dependent
indices incorporate the distance of the competitors into account [6,17,18]. The latter indices,
while offering enhanced precision through more nuanced mathematical representations,
introduce additional complexity into the modelling framework [6,18]. However, it is
imperative to note that the efficacy of such models is contingent upon the availability of
detailed individual tree data. In recent research, Pont et al. [19] demonstrated using mixed-
effects models to incorporate site and competition effects to successfully estimate tree
height, diameter and total stem volume. Their potential for broader application, including
tree growth modelling, was suggested, emphasizing the need to test, extend and apply a
generalized mixed-effects approach to remotely acquired datasets.

The quantification of forest tree growth involves the systematic utilization of repeated
observations, which facilitate the comprehensive capture of morphological changes through
various methodologies, including (1) individual stem analysis, (2) temporary plots and
(3) permanent plots [2]. Conventional forest mensuration practices employ ground-based
tools, including diameter tape and relascopes, to record fundamental metrics, such as diam-
eter at breast height (DBH), tree height and height of the crown base [1,2]. The evolution
of remote sensing technology has ushered in a more practical operational dimension to
forest mensuration [20,21], effectively bridging the extant gaps in this domain. For example,
measuring tree crown dimensions is crucial to assessing light interception, gas exchange
and transpiration [22]. This aspect, although pivotal, poses inherent challenges when mea-
sured through traditional field mensuration techniques. Consequently, the integration of
remote sensing methodologies significantly broadens the avenues for effortlessly collecting
a diverse array of indispensable data [23,24].

Among many techniques, White et al. [25] reported four specific tools, namely (i) airborne
laser scanning (ALS), (ii) terrestrial laser scanning (TLS), (iii) digital aerial photogrammetry
(DAP) and (iv) high/very high-spatial-resolution (HSR/VHSR) optical imagery, with
the greatest potential. The utility of light detection and ranging (lidar) through ALS
technologies and its applicability to forest inventory are well established [25–28]. In
particular, it has proved effective in adequately characterizing tree structures at both the
stand [29–32] and individual tree scales [33–36]. Numerous studies have demonstrated the
efficiency and accuracy of using ALS in estimating various forest and tree morphological
features, encompassing tree height [37–39], crown base height [40–42], crown area, crown
volume [43–45], canopy cover [46], above-ground biomass [32,47,48] and basal area [49].
Prior research has also demonstrated the feasibility of utilizing ALS point cloud-derived tree
and competition metrics to elucidate variations in tree growth [19,33]. Additionally, ALS
data hold an advantageous position over traditional in situ measurements, as they efficiently
estimate forest competition over expansive areas [50]. Nonetheless, most individual-tree-
level studies employing ALS lidar have predominantly focused on mature forests, where
the competition among trees exhibits a degree of homogeneity through the application
of spatially implicit approaches or is limited to refining various competition metrices.
While spatially implicit approaches with restricted competition yield greater predictive
precision, they often fall short in providing insights into the organizational intricacies of
individual entities within space. Furthermore, Fassnacht et al. [21] advocate for a shift in
remote sensing-based forestry research towards addressing ‘real-world’ problems. Hence,
there exists a pertinent scientific imperative to delve into enhancing the practical utility of
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data obtained through remote sensing, particularly leveraging advanced techniques such
as lidar.

Therefore, this study aims to evaluate spatially explicit modelling of individual tree
growth utilizing bi-temporal ALS point clouds. The objectives of the study in particular
are to (1) scrutinize the consistency of morphometric change detection for different tree-
level attributes and (2) demonstrate the applicability of spatially explicit mixed modelling
approaches in the context of individual tree height growth increments. This study seeks to
address these objectives in order to advance our current understanding of the intricacies
associated with individual tree growth dynamics through refining and optimizing ALS.

2. Materials and Methods
2.1. Study Site and Experimental Area

The study site was situated within the confines of Puruki Experimental Forest (PEF),
which is located at the southern end of the Paeroa range in the central North Island (CNI)
of New Zealand. Characterized by a topography that oscillates between easy-rolling hills
and steep slopes (>12–38◦), the elevation of the sites spans from 480 to 650 m above sea
level (Figure 1) [51]. The prevailing soil composition at PEF aligns with the predominant
plantation forest soil in the CNI, primarily featuring free-draining pumice soils. Climatically,
the region experiences an average monthly temperature fluctuating between 5 ◦C and
15 ◦C. The average temperature surpasses 10 ◦C for a significant duration of six months
annually, coupled with a general scarcity of frosty days. The distribution of precipitation
exhibits an even temporal spread throughout the month, contributing to a yearly average
of 1500 mm [51,52].
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Figure 1. Study site and experimental plots.

Puruki Experimental Forest consists of a total of five experimental trials, as described
in Beets et al. [53]. For the purposes of this study, data were sourced exclusively from
Trial 5. This trial comprised twenty plots, each planted with a single genotype at an initial
planting density of 1000 stems per hectare. The plots were mostly 40 × 40 m square
(a 30 × 30 m measurement area with two buffer rows of trees), and a few of the five
plots used in this study were quadrilateral in shape due to the terrain [51]. Additionally,
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approximately 400 stems per hectare were pruned to a nominal height of 6.5 m in 2004. A
detailed description is provided in Supplementary Materials (Table S1).

2.2. Field and Lidar Data Acquisition

Permanent sample plots (PSPs) were established in 1997 and tree measurements
carried out, including individual tree stem diameter at breast height (DBH at 1.4 m), total
height (HT) and crown height of all trees and age classes, as well as counting all the
live trees.

Airborne lidar data were captured from 1200 m over PEF on 16 and 17 August 2006 and
13 March 2010 using an Optech ALTM 3100EA system from New Zealand Aerial Mapping.
Detailed specification of the lidar acquisition and accuracy estimates was presented in Beets
et al. [53]. The data acquisition parameters are provided in Table 1.

Table 1. Lidar data acquisition parameters. * From 2 passes combined.

Lidar Parameter 2006 2010

Flying height 1200 m above ground 1100 m above ground
Scan angle 7◦ from nadir 12◦ from nadir

Pulse density 8–10/m2 8–10/m2

Maximum pulse returns 4 4
Swath width 295 m 295 m

Total point density, all returns per m2 6.88 17.35 *

2.3. ALS Processing for Individual Trees and Competition Metrics

The 2006 and 2010 lidar datasets were processed to create canopy height models of a
0.25 m resolution and pits removed using a closed image processing method. Individual
trees were detected, their crown boundaries were determined on crown height model
(CHM) images using the calibrated tree detection method from Pont et al. [54] and individ-
ual tree heights were considered by taking the highest point of each CHM segment. This
method was previously used in watershed segmentation with operator calibration to deter-
mine the level of image smoothing and has been shown to provide a tree detection accuracy
of 95% for radiata pine plantations across a range of stand densities and crown sizes.

The two lidar images and associated detected tree locations were loaded into ArcGIS
(ArcMap 10.8, Redland, CA, USA [55]) and ground tree numbers assigned manually to each
detected tree using the ground plot sequential tree numbering and ground measurement
data as a guide (Figure 2). In this way, a total of 4915 trees were matched for different lidar
acquisitions and subsequent ground measurements. Trees where there was uncertainty in
matching between the two lidar sets or to the ground were coded and excluded from the
subsequent focal tree analyses but incorporated into the competition metric calculation.
This approach ensured certainty in the linkages between the ground measurements and
the two lidar datasets.

Crown height model (CHM)-based generalized competition metrics were extracted
by using the bounded neighborhood (NB) method (see [19,56]). With this method, only
trees sharing a segmented boundary with the focal tree were included in the final com-
petition metric calculation, crown intersection boundness (CIB, Equation (1)). Then, in-
dividual tree competition metrics (Table 2) were calculated for individual focal trees in
each neighborhood.

CIB =
n

∑
j=1

(
cj/ci

2

Lij

)
(1)

where CIB = crown intersection boundness, ci = crown metric for reference tree i, cj = crown
metric for competitor tree j, Lij = distance between reference tree i and competitor j.



Remote Sens. 2024, 16, 2270 5 of 15

Table 2. Individual tree crown competition metrics. Additional description provided in Supplemen-
tary Materials.

Competition Metric Description Units

CR =
√

CSP
π

Crown radius derived from projected crown surface area (CSP) m

CL Crown length, difference between crown highest point and average height of crown
boundary points m

CVF The geometric volume between the crown upper surface and the ground [57] m3

SD Neighborhood stem density for individual focal tree Number/ha
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2.4. Statistical Analyses

All the statistical analyses were carried out in the R statistical environment (Version
4.3.1; [58]) through RStudio as an integrated development environment [59]. In addition
to the base R packages, the tidyverse [60], lme4 [61] and Metrics [62] packages were used
subsequently for organization, model development and testing.

The statistical analyses started with an exploratory analysis by checking the correla-
tion between tree growth and the calculated competition metrics. Then, two lidar scans
were compared with simple difference metrics and the distribution of their time series
measurements.

2.5. Model Development and Validation

Model development started with multi-collinearity checking among the response
and dependent variables. This was carried out by checking the variance inflation factor
(VIF) and employing the procedures outlined in Cook and Weisberg [63] by comparing
the contribution of the most strongly correlated variables towards their residuals. Highly
multi-colinear variables with less contribution were excluded from the final model building.

Both field measurement and lidar data acquisition occurred at different temporal
intervals, which is a common phenomenon for growth modelling datasets. Therefore, to
homogenize the variance at a finer scale, the growth increments were annualized according
to simple linear expansion [2].

Annualized individual tree height increments (∆HT) were regressed against inde-
pendent explanatory competition indices. The simple traditional mathematical approach
of augmenting the competition indices was applied with an ordinary least square (OLS)
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approach. A two-parameter Schumacher equation (Equation (2)) was chosen due to its
simple yet robust nature [1,64].

Y = eα−β
T (2)

where Y is the annualized height (∆HT) at time T, and α and β are the model parameters.
The model parameters were extended linearly to accommodate individual tree competition
variables (v), following Woollons et al. [65] (Equations (3) and (4)).

α = α0 + α1v1 + . . . + αnvn (3)

β = β0 + β1v1 + . . . + βnvn (4)

Furthermore, as the dataset had a hierarchical and unbalanced non-normal structure,
with individual trees nested in a neighborhood, a generalized linear mixed-effects model
(GLMM) [66,67] was employed for ∆HT by partitioning the unexplained variance, assuming
a gamma distribution of errors. A restricted maximum likelihood (REML) method was
used to estimate the GLMM parameters. The GLMM has the following general form:

yij = xijβ+ zijbi + εij, j = 1, . . . , n, i = 1, . . . , l, (5)

where yij is the response for the jth observation in the cluster i; xij is a p × 1 vector of
covariates associated with that response; β is the vector of regression coefficients that are of
interest; zij is a q × 1 subset of xij with random coefficients; bi is a q × 1 vector of random
effects as follows a normal distribution with unknown variance D; and εij is the error with
variance σ2

ij.
The final models were initially selected based on simplicity, biological realism and

mathematical consistency [68,69], namely the corrected Akaike information criterion (AICc),
mean error (Bias), root mean square error (RMSE) and the coefficient of determination
(R2) [70,71]. However, the final models need to be tested for compatibility and reliability.
Hence, model validation is a central aspect, as it attempts to assess the appropriateness
of any particular model specification and to appreciate the strength of the drawn conclu-
sions [72]. In this study, an independent dataset was built by sub-setting and matching the
ground tree measurements with the lidar-segmented and measured trees, which was left
out of the model development datasets. This independent dataset was used as the valida-
tion dataset only with the selected final model. Similar to the final model selection, mean
error (Bias), root mean square error (RMSE) and the coefficient of determination (R2) were
computed for model evaluation and validation using the predicted and observed data.

3. Results
3.1. Bi-Temporal Data Consistency

The two lidar acquisitions showed significant consistency and biologically meaningful
representations for different important tree morphological attributes, i.e., total individual
height (HT), crown height (CH), total individual tree crown volume (CVF) and crown
surface area (CS) (Figure 3). On average, all the measured attributes increased from ALS1
to ALS2 with significant correlations (Figure 3). In addition, the growth differences also
resembled the biological patterns of different attributes.
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3.2. Modelling Annualized Height Increments

Comparing the two different approaches, the mixed-effect modelling approach showed
greater precision (RMSE, 0.92) and minimal bias (Bias, 0.03) for height increments (Table 3).
The augmented empirical models with competition indices produced reasonable results
with a greater margin of errors. Moreover, the residual plots of the final models confirmed
their consistency within the range, with minimal biases at the extreme ends (Figure 4).

Table 3. Model’s goodness-of-fit statistics for two modelling approaches for annualized tree height.

Mixed-Effects Model Augmented Empirical Model

Statistics Bias R2 RMSE AIC Bias R2 RMSE AIC
Height (m) 0.03 0.92 0.92 −6588.58 −0.85 0.82 0.305 3400.010

During validation of the final model, with the GLMM approach only, overall precision
and bias were affected, but within relatively smaller limits (Table 4). While using the vali-
dation datasets, the models showed better agreement with the observed height increments:
the coefficient of determination for height increments was 0.82.

Table 4. Model validation goodness-of-fit statistics.

Variables Statistics
Bias R2 RMSE

Height (m) 0.17 0.82 0.77
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3.3. Competition Indices Modulate Height Increments

Annualized individual height growth was significantly influenced by the individual
tree crown volume (CVF) and neighborhood stem density (SD) based on neighborhood
competition interaction (Figure 5). Height growth was influenced positively by individual
CVF, negatively by SD and negatively by their interaction (Table 5). So, when an individual
tree with a larger crown volume happened to be present in a high-density neighborhood, a
negative effect on tree height growth was experienced. However, the neighborhood tree
density (SD) effect marginalized with an increasing crown volume.

Table 5. Model coefficients of annualized height increment.

Target
Fixed Effects

Height (m)

Est. SE T Sig.

Intercept 1.029 × 100 0.001 93.487 ***
Crown volume (CVF) 1.834 × 10−1 0.006 26.406 ***

Stem density (SD) −4.813 × 10−5 0.000 −2.896 **
CVF × SD −9.471 × 10−5 0.001 −6.454 ***

Random effect
Neighborhood 0.04600 0.214 -

Note: Est. = estimate; SE = standard error; Sig. = significance level (*** = p < 0.001; ** = p < 0.01; * = p < 0.05;
NS = p ≥ 0.05).
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4. Discussion
4.1. Tree Attributes Related to Growth

Individual tree growth is fundamentally shaped by the attributes of the subject tree
and its neighboring companions. Prior research has consistently noted that individual
tree growth is influenced by internal factors, such as the size of the subject tree, while
concurrently being impacted by external tree competition. This external competition hinges
on resource utilization efficiency and partitioning, with particular regard to factors like
moisture and light availability [2,73]. The observed changes in individual tree HTs over
time exhibited distinct patterns compared to the crown attributes. Initially, the dominance
in HTs was concentrated among a few prominent trees, and this number expanded over
time. Consequently, the density distribution evolved, leading to a flattening and spreading
of the pattern at ALS2, the last ALS acquisition. Ideally, the crown growth increment
of a vigorous tree should be proportional to its initial crown size, considering a similar
elongation of the main stem and branches, as posited by Pretzsch [74]. However, this
ideal scenario is contingent upon the availability of space and resources among the trees,
highlighting the complex interplay between competition and growth dynamics within
forest ecosystems.

4.2. The Spatially Explicit Individual-Tree-Based Mixed-Effects Model

Individual tree height increment (∆HT) is critical for forest growth and yield models, as
accurate predictions of height increments can be used to precisely estimate higher-order tree
attributes, including individual tree volume and basal area. Given the pivotal role of ∆HT,
precise predictions are imperative, as errors at this level can compound and lead to greater
uncertainty when scaling up to stand-level metrics, such as total standing volume [75].
Previous studies using similar datasets have typically employed multivariate regression
with ordinary least square (OLS), as demonstrated by Ma et al. [33]. However, the current
study uses multi-temporal lidar returns with a nested stochastic structure. Nested stochastic
structures occur when multiple measurements are combined across sampling units [76].
As trees interact and thus compete locally [9], it is important to consider neighborhood
effects within the modelling framework. It is often challenging to fully incorporate the
variation in sampling residuals through OLS because it violates the regression assumption
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of independent residuals and results in biased estimates [77,78]. When a similar approach
was trialed in the current study by augmenting non-linear OLS, the results provided
inadequate precision of the annualized ∆HT predictions. In addition, this conventional
approach does not consider complex individual-tree-level interactions adequately [2,18].
Often, the inadequacies of OLS are addressed through a two-step generalized least square
approach, offering flexibility to the nested structure and enabling valid inferences to
residual variance [79]. Meanwhile, the current study adopts a straightforward, flexible
and innovative approach to modelling annualized ∆HT from lidar inputs, treating each
neighborhood as a random effect.

Since its inception, mixed modelling methodology has provided a statistically flexible
framework for explicitly modelling a nested structure and is increasingly used in forest
biometry. This includes the incorporation of nested stochastic structures into individual
tree growth models [80–82]. For instance, Penner et al. [82] used a mixed model to explicitly
emphasize the flexibility to integrate complex errors into individual tree height growth
models for Norway spruce and Scots pine. In addition, Pont et al. [19] employed a similar
approach to quantify interactions among genotype, the environment and management
practices for radiata pine, showed a substantial reduction in residual variance. Similarly,
Hao et al. [34] compared mixed-effect modelling with other contemporary and traditional
approaches to modelling individual-tree DBHs of Larix olgensis, with a significant improve-
ment in the goodness of fit. Ogana et al. [83] in Sweden and Patrício et al. [84] in Portugal
applied an approach with a generalized term for the optimized height–diameter relation-
ship from long-term mensuration data. In contrast to these, this study aimed to model the
annualized height growth change with a generalized term in the model and obtained a
greater precision in the model estimates and minimum bias in the variance distribution
from bi-temporal lidar data.

4.3. Crown-Based Individual Tree Competition Indices

The existing body of literature has predominantly focused on the development and
evaluation of individual-tree-size-based competition indices [1,2]. Many of these indices
have been developed from different formulations of Hegyi [17]’s index. However, Biging
and Dobbertin [15] introduced the notion that crown-based competition indices might
be more informative than their DBH-based counterparts, especially when the spatial
organization of the trees is known. There is enough evidence that trees with a greater
crown volume and/or surface area receive a greater amount of light [85–87]. This empirical
observation provides a plausible explanation for the better performance of crown-based
measures for growth modelling. Consequently, the results of this study, highlighting the
impact of crown volume (CVF) and neighborhood stem density (SD) on ∆HT, align with
this rationale. The crown attributes and spatial organization of the trees were related to the
individual-tree-level competition dynamics by explaining the light interception and space
utilization within the forest stand. Interestingly, stand-level tree density is most often used
to describe stand-level competition [88]; however, Bella [89] showed the implications of
tree density induced competition at the individual tree level. It is considered an important
factor and has been reported to improve model prediction during the implementation of
spatially explicit individual tree growth modelling [88,90]. This may be due to its high
correlation and indication with resource use efficiency, such as water use dynamics and
nitrogen supply [91].

4.4. Limitations and Future Directions

Even though this study presented a complete modelling approach for the total individ-
ual tree height change, it is important to acknowledge certain limitations. Firstly, this study
does not address diameter at breast height (DBH), mortality and recruitment, which are
crucial components of individual-tree-based growth models [92,93]. To simulate individual
tree growth over time in a spatially explicit manner, it is necessary to quantify the presence
and occurrence of individual trees in a particular space. Secondly, the study utilized the
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best available lidar data at the time of collection; however, these data are now considered
to have a relatively low point density. This relatively low point density may have inhibited
the detection of the forest structure and therefore negatively affected the final outcome.
Also, a considerable number of works have reported on using different quantile metrics for
the tree morphometric features to be evaluated from lidar point clouds [43,48]. Therefore,
it may be prudent to use different point collections fused together or to combine remotely
sensed data with field measurements. Coops et al. [26] proposed combining field measure-
ment with lidar acquisitions, presenting a promising strategy to tackle such shortcomings.
Additionally, combining terrestrial laser scanning and multispectral imagery has shown
potential to better characterize tree morphometrics [94–96].

5. Conclusions

This study enhances our understanding and highlights a plausible approach to mod-
elling total individual tree height increments. Height is one of the foundational attributes
for any tree growth modelling framework. The demonstrated efficacy of lidar-derived indi-
vidual tree measurements and estimated competition indices underscores their applicability
to obtaining precise predictions through an appropriate approach.

The approach outlined described in this study is one of the few so far that can ade-
quately explain individual tree growth by taking crown-based neighborhood competition
indices into account, so it has wider applicability, especially in the ever-changing and ex-
panding landscape of remote sensing. Furthermore, the outlined approach can statistically
and appropriately partition variance and result in greater precision. Its demonstrated
accuracy and robustness ensure that this is easily transferable and applicable to large-area
tree growth quantification, as well as providing an ingenious tool for forest management.
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