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Abstract

DBH is a fundamental variable in forest management. Airborne LiDAR sensors have demonstrated their
usefulness in supporting forest inventories; however, it is not possible to directly measure DBH with them. Pinus
hartwegii is the main tree species in the highlands of Mexico, providing important ecosystem services such as
carbon sequestration and rainwater infiltration. The objective of this study was to design an equation to
estimate the DBH of individual P. hartwegii trees, based on tree measurements obtained from airborne LiDAR
data. 85 identifiable P. hartwegii trees were selected on a digital orthomosaic and their UTM coordinates were
recorded. With these coordinates they were located in the field and their DBH, total height, height to crown base
and crown diameter were measured. They were located in a LiDAR point cloud and the same variables were
measured as in the field, except for the DBH. 29 models reported in the literature were evaluated to estimate
normal diameter, using 7 independent variables obtained from the LIiDAR data. The best model (M27) is an
adaptation of the one known in the literature as Gompertz. It obtained an R2adj=0.884, RMSE=6.5 cm. The
validation results indicate that its estimates are adequate for calculating the DBH from the total height and
crown diameter obtained from LiDAR data.
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Resumen

El didmetro de los arboles es una variable fundamental en el manejo forestal. Los sensores LiDAR
aerotransportados han demostrado su utilidad en el apoyo de inventarios forestales; sin embargo, con ellos no
es posible medir directamente el didmetro de los arboles. Pinus hartwegii es la principal especie arbdrea de las
partes altas de México, aporta importantes servicios ecosistémicos como la captura de carbono e infiltracién del
agua de lluvia. El objetivo del presente estudio fue disefiar una ecuacion que permita estimar el diametro
normal de arboles individuales de P. hartwegii, a partir de medidas del arbolado obtenidas de datos LiDAR
aerotransportados. Sobre un ortomosaico digital se seleccionaron 85 arboles de P. hartwegii que fueran
identificables y se registraron sus coordenadas UTM; con estas se localizaron en campo y se les midié el
diametro normal, la altura total, la altura de fuste limpio y el didmetro de copa. Se ubicaron en una nube de
puntos LiDAR en la que se midieron las mismas variables que en campo, excepto el didmetro normal. Se
evaluaron 29 modelos consignados en la literatura para estimar el didmetro normal y se utilizaron siete
variables independientes de los datos LiDAR. El mejor modelo (M27) es una adecuacion conocida como
Gompertz. Se obtuvo un R2ajd = 0.884, RECM = 6.5 cm. Los resultados de la validacion indican que sus
estimaciones son acertadas para calcular el didametro normal en funcién de la altura total y el didmetro de copa
a partir de datos LiDAR.

Palabras clave: Aerotransportado, arboles individuales, LiDAR, Pinus hartwegii Lindl., regresion, sensores remotos.

Introduction

T Normal diameter is one of the most widely used dasometric variables in forest
inventories (Fu et al., 2018), not only for the study of individual trees but also for the
study of forest structure (Hulshof et al., 2015). Among other applications, it allows
for the estimation of other variables such as total height (Ng'andwe et al., 2019),
crown diameter (Ogana, 2019), volume (Valverde et al., 2022), as well as biomass

and carbon in the aboveground part of the tree (Montes de Oca-Cano et al., 2020).

Remote sensing has demonstrated its benefits in different areas of knowledge, both
for classification and change detection (Ma et al., 2019). In the forestry sector, it
has been used for biodiversity detection (Wang & Gamon, 2019), as a support for
forest inventories (Lara-Vasconez & Chamorro-Sevilla, 2018), and, more generally,
in forest management (Ancira-Sanchez & Trevifio-Garza, 2015). Passive sensors
that record data in multispectral images have been widely used. However, in recent

years, active sensors such as airborne LIiDAR (Light Detection and Ranging) have
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gained relevance because they allow the heights of objects to be determined and,
therefore, allow 3D data analysis (Guo et al., 2021; Reutebuch et al., 2005).

Measuring crown diameter and the height of individual trees is feasible with LiDAR
data obtained from airborne devices (Galvincio & Popescu, 2016; Shiota et al.,
2017). In the case of normal diameter, direct measurement is not possible (Allouis
et al., 2013) because the tree canopy obstructs the passage of most laser pulses.
However, some authors such as Bi et al. (2012) and Hall et al. (1989) have
suggested that, if the normal diameter can be used to estimate other tree
characteristics, then it is also possible to obtain an inverse function that uses some
tree characteristics measured with remote sensors to estimate the normal diameter.
Thus, Hall et al. (1989) worked with total height and crown area derived from aerial
photographs as explanatory variables for normal diameter. Liu et al. (2017) used

crown area extracted from images from unmanned aerial vehicles.

LiDAR data have also been incorporated into this type of research; Fu et al. (2018)
used height and projection of the crown area, while Yang et al. (2020) were based
on height, crown width and crown area. With this premise, Islas-Gutiérrez et al.
(2023), in an exploratory study, evaluated two linear and two power models to
estimate the normal diameter of Pinus hartwegii Lindl. using LIiDAR data; their
results suggest further searching, based on the biometric models reported in

literature, for a model with better statistical fits.

Pinus hartwegii is the tree species that inhabits the highest areas of the Valley of
Mexico, growing between 3 000 and 4 200 masl. It plays a relevant role in the
provision of ecosystem services (Pérez-Sudarez et al., 2022), and therefore must be
protected with forest management that ensures its continued existence in the
future. As a contribution to this goal, the objective of this study was to identify an
equation that allows estimating the normal diameter of individual Pinus hartwegii

trees, based on tree measurements obtained from airborne LiDAR data.
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Materials and Methods

Study Area

The research was conducted in the forest areas of the Tequexquinahuac, San
Dieguito Xochimanca, Santa Maria Nativitas, San Pablo Ixayoc, and San Miguel
Tlaixpan ejidos, Texcoco municipality, State of Mexico, Mexico, located between the
coordinates 19°24’33.24” and 19°26’18.53” N and 98°43’47.43” and 98°45'24.22"
W (Figure 1), on a 500 ha area, with an average altitude of 3 570 m. The
predominant climate is temperate-humid with summer rainfall, average
temperatures between 10 and 14 °C, and average annual precipitation between 900
and 1 200 mm (Hernandez-Ramirez et al., 2022).
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Tree identified in the LIiDAR data.

Figure 1. Study area and tree location.

The tree vegetation is characterized by mature stands of the Pinus L., Abies Mill.,
and Quercus L. genera, of which Pinus hartwegii is the predominant species above
3 500 masl. Part of the study area is located within the Iztaccihuat/-Popocatépet!
National Park polygon, where timber harvesting is not allowed except for scientific
collection, sanitation and domestic use (Comision Nacional de Areas Naturales
Protegidas [Conanp], 2013).
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Data collection

The LiDAR point cloud was obtained with a model ALS60 Leica® sensor mounted on a
small aircraft. The flight was conducted at a speed of 167 km hl and an average
altitude of 808 m, which allowed for a density of 8 points per m2. During the same flight,
aerial photographs were taken with a model RC30 Leica® camera. These photographs

were used to create a digital orthomosaic with a spatial resolution of 10x10 cm.

From the orthomosaic, deployed in QGIS version 3.42 software (QGIS Development
Team, 2024), 85 Pinus hartwegii trees distributed throughout the study area (Figure
1A) were selected that could be recognized in the field (Figure 1B), and their UTM

coordinates were recorded.

Between January and March 2019, with the support of GNSS receivers (model eTrex
10 Garmin® and GPSMAP 78s Garmin®, both with a location error of £3.65 m), the 85
trees were located in the field. The normal diameter (ND; cm) of each tree was
measured using a model 349D Forestry Suppliers® diameter measure tape, the total
height (TH; m) and bare stem height (BSH; m) were measured by using a model CI
Gen 2 Haglof® electronic clinometer, and the largest and smallest crown diameters
were measured with a model HLFO30 30-m Lufkin® fiberglass tape measure. The
average crown diameter (CD; m) was calculated from these field-measured crown

diameters.
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Tree attributes derived from LiDAR

Using FUSION/LDV version 4.61 software (McGaughey, 2024), the digital terrain
model was generated and used to normalize the LiDAR point cloud. Tree coordinates
were used to locate them in the point cloud (Figure 1C). Each tree was measured
for total height (THL; m), bare stem height (BSHL; m) and the largest and smallest
crown diameters. The average crown diameter (CDL; m) was calculated from these
two measurements. In addition, the variables suggested by Oono and Tsuyuki
(2018) were generated: crown length (LCL) with Equation 1, crown ratio (RCL) with
Equation 2, lateral crown surface area (SCL) with Equation 3 and LiDAR crown
volume (VCL) with Equation 4. For the calculation of SCL and VCL, it was assumed

that the crown of the trees is conical.

LCL=THL-BSHL (1)

_ia
ReL=— (2)

CDL

SEL=:1—V/(C% e (3)

L
vcf_=”(cz#

(4)

Where:
n = Number of observations
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Statistical analysis

To verify the agreement between field measurements and LiDAR data, the Pearson
correlation coefficient was calculated, and a difference-of-means test was performed
between them (Ott & Longnecker, 2010).

From the set of trees, an 80 % sample was randomly selected and used to fit the
models. The remaining percentage (20 %) was used to validate the model with the
best fit statistics. At the beginning of the statistical analysis, Pearson correlation
coefficients were calculated among the seven LiDAR variables and ND. Based on this
analysis, the three LIiDAR variables with the highest correlation with ND and the
lowest correlation between them were selected as independent variables for the
regression models. From the literature, power models and modifications of the well-
known models such as Richards, Hossfeld I, Schumacher and Gompertz were
selected. Thus, thirteen types of models were evaluated (Table 1). In the case of
the model proposed by Islas-Gutiérrez et al. (2023), only the version with two

explanatory variables was considered, as it obtained the best fit statistics.
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Table 1. Structure of models used to estimate the normal diameter.

Model Source
ND=gyxt xf2 4 ¢ Islas-Gutiérrez et al. (2023)

ND = ByeFrv) ¢ ¢ Yang et al. (2020)

ND = gy e~ Fix1+Faxal 4 Yang et al. (2020)

ND = By e~ 'Fr¥1+ Baxa+ Baxal o Yang et al. (2020)
VD xf N Hernandez et al. (2020)

& i ——— 3
By + By x, 1

x7 Hernandez et al. (2020)

ND = -
':."3'9"‘ Box, + B x:]-+ :

VD xi N Hernandez et al. (2020)
i = - £
(Bo+ Brxy + Boxy + Byxy )
ND = g [-(e1z- ) ‘e Hernandez et al. (2020)
1 L ,
ND = Dg['m'x. ) Herndndez et al. (2020)
VD = 3 g[—fﬁ‘.ﬁ+ ) L. Hernandez et al. (2020)
ND = g, 7 P
ND = g, elé1 elfizxul] o o Hernandez-Cuevas et al. (2018)
ND = g, elfs elfzmi*fazz)] Hernandez-Cuevas et al. (2018)
ND = g, elf1 R Hernandez-Cuevas et al. (2018)

ND = Normal diameter; Bo, B1, B2, B3 and B4 = Parameters of the model; x;, x> and

x3 = Predictor variables; € = Random error.
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In order to establish the best model, the Coefficient of determination adjusted by
the number of parameters (R%ajd), the Root Mean Square Error (RMSE), the value
of the Akaike information criterion (AIC) were considered, in addition to meeting the
assumptions of normality in the distribution of the residuals and homogeneity of
variance. In order to facilitate the selection process of the adjusted models based
on the first three statistics, the scoring procedure proposed by Tamarit-Urias et al.
(2014) was followed. Likewise, the significance (p<0.05) of the regression
parameters in each model was determined as another important criterion. The

model adjustment was performed in SAS® version 9.3 (SAS Institute Inc., 2011).

The Intraclass correlation coefficient (ICC) (Martinez-Pérez & Pérez-Martin, 2023)
and a paired-samples t-test were used to validate the model. Unlike Pearson's
correlation coefficient, which assesses the strength of the linear association between
two variables, the ICC evaluates the agreement of measurements (Fau et al.,
2020). In line with Koo and Li (2016), a two-factor mixed-effects model with a
single measure and absolute agreement was used. Calculations were performed
using the icc command from the irr package and the t.test command, both from R

software version 4.4.3 (R Core Team, 2025).

Results and Discussion

The tree sample used in this study was distributed within a range of normal
diameters between 9 and 90 cm, total heights between 5 and 33 m, stem heights
between 1.5 and 20 m, and crown diameters between 1.9 and 15.5 m. The LiDAR
variable values established correlations greater than 0.95 with field values (Figure

2). Regarding the means tests, the null hypothesis was not rejected for the
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variables total height (p=0.558) and crown diameter (p=0.031), but this was not
the case for the variable bare stem height, which was highly significant, thus

rejecting the hypothesis of equality (p<0.001).
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A = Frequency histogram of normal diameter; B = Total height correlation; C =

Stem height correlation; D = Crown diameter correlation.

Figure 2. Dispersion and correlations between field and LiDAR data.

Based on the correlation analysis between the LIiDAR predictor variables and the
response variable, THL, CDL and SCL showed the highest correlations (r=0.8;
p<0.01) with ND (Figure 3). However, SCL showed a high correlation with CDL
(r=0.911; p<0.001) and VCL (r=0.982; p<0.001), which suggests a potential
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autocorrelation problem with these variables. Therefore, SCL was ruled out as a
possible predictor of ND. VCL was the next most highly correlated variable with ND
(r=0.764; p<0.001); however, it has a high correlation with CDL (r=0.908;
p<0.001), so it was also discarded. The variable BSHL has a Correlation coefficient
with ND of 0.713 (p<0.001), and the correlation with the other possible predictor
variables is less than 0.9. Therefore, BSHL was considered the third independent

variable to include in the models that estimate ND.

L BSHL CDL LCL RCL SCL VCL ND

Corr Corr:; Corr: Corr: Corr Corr: Corr:
0.851***| |0.786"**| 0.724***| -0.456**" |0.765***| |0.697***| 0.898"**

THL

Corr: Corr: Corr: Corr: Corr: Cor. ' B
0.572** | 0.260" | -0.831** | 0.406** | | 0.375*" | |0.713*** E
* :' Corr: Corr Corr Corr: Corr: 3
0.673** -0.227. 0.911*** 0.908*™* 0.872""" @
= . .' * Corr Corr Corr: Corr: 5
> 4 o - ||| “ 0.256* 0.883*** 0.797*** 0.675** =

o ) 1 11

...I. ..'.. ...II
st ho. & '.'"' 3 ol Corr: Corr: Com: =
. . . : |u hl 0.053 0042 -0.405+ P
Corr: Corr: R
0.982*** 0.800*** ™=

,h.: Mu ° i
L]
! 8 "B v ! , A Comr: <
‘*‘# }f ¥ | CRICHEN :
* L ] . -
« Sy |
. L L d .
] A . ‘m %
F R
[ - « B & 1 1

THL = LiDAR total height; BSHL = LiDAR stem height; CDL = LiDAR crown
diameter; LCL = LiDAR crown length; RCL = LiDAR crown ratio; SCL = LiDAR crown
area; VCL = LiDAR crown volume; ND = Normal diameter; Corr. = Correlation;
*p<0.05, **p<0.01, ***p<0.001.

Figure 3. Dispersion and Pearson correlation coefficients of the normal diameter

with each of the variables measured in the LiDAR data.
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It should be noted that the Pearson correlation coefficient estimates linear
correlations, which are not necessarily those that occur between the predictor
variables and the normal diameter. However, in the pre-adjustment phase, it
constitutes an important approximation for identifying variables with potentially
significant relationships in the modeling of normal diameter, which is why it has also

been used for this purpose in other studies (Zhang et al., 2023).

Once the variables to be incorporated into the proposed models were selected
(Table 1), a total of 29 equations were evaluated with the combinations of the

defined predictor variables (Table 2).

Table 2. Assessed models to estimate the normal diameter of Pinus hartwegii Lindl.

ID Model ID Model

M1 ND= b, THL™ (DL M16 yp-— bng[-fa.ﬁ}j

M2  ND = by e~ BiTH M17  yp = pyel- (o)

M3  ND = bye BiEHL M18  yp =yl (o)

M4 ND = by e BrcoL M19  yp = b el-bimi * bom )

M5 ND = b, g~ BATHL + byBSHL) M20 ND = bng[_fb'ﬁ*'b:ﬁ}:

M6 ND = b, g~ BiTHL+coL) M21 ND = bng[_l'rb'ﬁJ'b:ﬁ}:

M7  ND = b, e~ B85z + coL) M22  yp= bng[_fa,%+ bygoer + by |

M8 ND = ‘[JI? g—'ii'|'!'.i"."a‘.-+ baBSHL + b3 CDL) M23 ND = IJD g[al gz 'Jr'n'.'._,]

M9 ND = L M24 ND = b, g[al gibz BSHL]
(b, + b,THL)®

Mlo ;ﬁler — ﬂ M25 ;.“I.rD — IJD g[al glfz r:l:l'.-,l]
(b, + b, BSHL)
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M11

M12

M13

M14

M15 yp=

ND

ND

ND

ND

CDL

~ (b, + B,CDLY

THL

= by + B,THL + b,CDLF

THL

~ (b, + b,THL + b,BSHLR

THL

~ (b + b,BSHL + b,CDL)

THL

M26 ND = b, eloie™
M27 ND = byeloie™
M28  ND = byeltie'™
M29  ND = byeltre™

(by + b,THL + b,BSHL + b,CDL)*

2 THL + b3 B5H L]

THL + b3 COL)]

BSHL + g L0

THL bz BSHL= ByLoL)]

ND = Normal diameter; THL = LiDAR total height; BSHL =

= LiDAR crown diameter; bo, b:, b2, b3 and bs = Estimators.

LiDAR stem height; CDL

The fits obtained from the 29 equations indicate that the RMSE values range
between 6.43 and 14.34 cm, with models M29, M27, and M22 having the lowest
values (Table 3). R?ajd varies between 0.885 and 0.427, with models M29, M27 and
M22 again having the highest values (>0.88). Finally, the Akaike criterion values
range between 257.53 and 364.13, with models M27, M1, and M29 having the

lowest AIC values (<258) (Table 3).

Table 3. Fit statistics of the models evaluated to estimate normal diameter from

LiDAR data.
Model rmsg RMSE R2ajd R2ajd AIC  Overall
score score score score
M1 6.52 4 0.882 4 257.85 2 10
M2 9.44 22 0.752 22 307.26 22 66
M3 14.34 29 0.427 29 364.13 29 87
M4 10.04 23 0.719 23 315.64 23 69
M5 9.33 21 0.757 21 306.61 21 63
M6 7.30 8 0.851 8 273.34 8 24
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M7 8.95 20 0.777 20 300.99 20 60
M8 7.31 9 0.851 9 274.49 9 27
M9 8.48 17 0.799 17 292.76 17 51
M10 11.03 24 0.661 24 328.49 24 72
M11 13.72 28 0.475 28 358.09 28 84
M12 8.30 16 0.808 16 290.81 16 48
M13 6.67 6 0.876 6 261.00 5 17
M14 11.10 25 0.656 25 330.33 25 75
M15 6.65 5 0.877 5 261.56 6 16
M16 8.64 19 0.792 19 295.28 19 57
M17 13.45 27 0.495 27 355.44 26 80
M18 8.00 13 0.822 13 284.72 13 39
M19 8.12 14 0.816 14 287.77 14 42
M20 6.70 7 0.875 7 261.71 7 21
M21 7.73 11 0.833 11 281.13 11 33
M22 6.49 3 0.883 3 258.18 4 10
M23 8.50 18 0.799 18 293.98 18 54
M24 13.41 26 0.498 26 355.99 27 79
M25 7.81 12 0.830 12 282.52 12 36
M26 8.19 15 0.813 15 289.91 15 45
M27 6.46 2 0.884 2 257.53 1 5
M28 7.42 10 0.847 10 276.39 10 30
M29 6.43 1 0.885 1 257.93 3 5

RMSE = Root Mean Square Error; R2ajd = Coefficient of determination adjusted;

AIC = Akaike information criterion.

When considering models with a single explanatory variable, those that include CDL
have the best fit statistics, followed by those that include THL. When considering

models with two variables, models that consider the joint inclusion of THL and CDL
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have better fit values, which is consistent with the findings of Bi et al. (2012) and
Islas-Gutiérrez et al. (2023). The inclusion of BSHL as a variable alongside THL or
CDL does not improve the statistical fit of the models, which is why it is considered
a variable with low predictive value in modeling ND from LiDAR data. Of the models

that consider all three variables, M29 has the best statistics, followed by M22.

In a general comparison of the 29 models, M27 and M29 present the best overall
score of all (Table 3). The M27 model has the lowest AIC, which is a useful criterion
for comparing models with different numbers of variables (Fox, 2015), although it
has lower RMSE and R2ajd values. The M1 and M22 follow, with values very close to
the two previously mentioned models. The M22 has a lower RMSE and a higher
RZajd, while the M1 model has a lower AIC because it is a 3-parameter model, while

the M22 model has four parameters.

Total height is a widely used variable in modeling height-normal diameter
relationships in conifers (Mehtatalo et al., 2015), which is also reflected in the
importance of this variable in modeling ND with LiDAR data. Meanwhile, crown
diameter, although not as widely used in modeling normal diameter, presents a

plausible biological relationship with normal diameter (Coombes et al., 2019).

When analyzing the compliance with the regression assumptions of the two best-fitting
models (M27 and M29), it is observed that in both, the errors have a normal
distribution and constant variance, as judged by the values of the Shapiro-Wilk and
Breusch-Pagan tests (Table 4). Regarding the significance tests of the regression
estimators, the bz of M29 is observed to be non-significant (p<0.05) (Table 4).

Therefore, it is concluded that M27 is the best option of the different evaluated models.
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Table 4. Values and significance tests of the estimators and normality test of the
residuals of models M27 and M29.

Shapiro-Wilk Breusch-Pagan

Mod. Par. Est. t-value Pr>|t| p-value p-value
M27 Bo 104.318 2.91 0.005 0.516 0.635
B -3.676 -3.51 0.0008
B2 -0.036 -2.36 0.0215
B3 -0.100 -1.82 0.0491
M29 Bo 104.489 3.17 0.0024 0.507 0.807
B -3.801 -3.57 0.0007
B2 -0.044 -2.28 0.0257
B3 0.010 1.16 0.2519
B4 -0.095 -2.01 0.0484

Mod. = Model; Par. = Parameter; Est. = Estimator; Bo, B:, B2, B3 and B4 =

Model parameters.

The RZajd value of the M27 model is higher than those reported by Verma et al.
(2014) (R?=0.68) for five species of the Eucalyptus L'Hér. genus in Australia who
used the projection of the canopy area as an independent variable, those found by
Oono and Tsuyuki (2018) for the Japanese cedar (Cryptomeria japonica (Thunb. ex
L. f.) D. Don) (R%ajd=0.7301) and for the Japanese cypress (Chamaecyparis obtusa
(Siebold & Zucc.) Endl.) (R%ajd =0.7433) with three LiDAR variables as predictors of
ND, those found by Fu et al. (2018) in the four models they analyzed (R?<0.53), as
well as those obtained by Islas-Gutiérrez et al. (2023) (R?ajd=0.8781).

Based on all the statistical criteria mentioned above, the M27 model is considered
the most appropriate for estimating the ND of individual P. hartwegii trees using the
variables THL and CDL.
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Table 5 shows the results of the M27 validation. In this regard, Koo and Li (2016)
indicate that both the point value and the confidence interval should be considered
for interpreting the ICC. In this case, the ICC value is 0.9 and the lower limit of the
confidence interval is less than 0.9, leading to the conclusion that the model has
good reliability. Regarding the difference of means test, there is no evidence to
reject the null hypothesis of equality, which strengthens the conclusion that the
model estimates are adequate for calculating normal diameter from total height and
crown diameter obtained from LiDAR data.

Table 5. Intraclass correlation coefficient and paired-sample t-test for the validation
of the M27 model.

95 9% confidence

t-test
interval
Lower Upper
ICcC t-value Df p-value
limit limit
0.9 0.752 0.962 -0.91 16 0.3763

ICC = Intraclass correlation coefficient; Df = Degree of freedom.

Conclusions

r>0.9 values obtained between field and LIiDAR data for the variables total height,
bare stem height, and crown diameter, confirming the usefulness of LIDAR data in
supporting forest inventories. Of the 29 models evaluated to estimate the ND of
Pinus hartwegii from LiDAR data, 16 had R?ajd>0.8 and RMSE<8 cm. Models M27
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and M29, which are adaptations of the Gompertz model, showed the best values for
the R2ajd, RMSE and AIC used to select the model. Model M27 was selected because
the b3 estimator of model M29 was not significant. The M27 model is robust enough
to estimate the normal diameter of individual Pinus hartwegii trees from total height
and crown diameter measured on LiDAR data, with a RMSE less than 6.5 cm and an
R?ajd of 0.884. Validation of the model using the Intraclass correlation coefficient
and a test of means for paired data indicates that its estimates are adequate for
calculating ND. The results of this study show the high potential of LIDAR data for

estimating ND to support operational inventories.
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