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Abstract

Sustainable forest management requires current, territory-wide data, which is difficult to obtain in
vast regions like Quebec, Canada. To complement ground inventories and photo-interpretation, the
province developed an ALS-based model that performs well in coniferous stands, but its accuracy in
hardwood stands remains untested. This study aims to evaluate the precision of the ALS-based
prediction of stand basal area and then test new approaches to increase its performance. Airborne
LiDAR data from 2011 to 2020 and 12 506 validation plots from sample plots were used. The ALS
model precision was initially compared across the stand types, revealing lower accuracy in shade-
tolerant deciduous stands. Three inputs were found to increase prediction accuracy: proportion of
each species basal area in the stand, geographical coordinates, and meteorological data associated
with location. Parametric and auto machine learning method (AutoML) were employed using those
inputs to improve precision, with Auto ML achieving the highest improvement with initial R2 of 27%,
47% and 54% and after correction R? of 31%, 56% and 67% respectively for shade-tolerant deciduous,
shade-intolerant deciduous, and coniferous stand. Even with the advancements made, further
improvements will be necessary to consider using an ALS-based model for shade-tolerant deciduous
species.

Keywords: LiDAR; forest inventory; shade-tolerant deciduous; hardwood; uneven-aged forest;
stand basal area; open-source machine learning

1. Introduction

The forested area of Quebec covers nearly 905,800 km?, which is more than the four countries
with the most forest in Europe combined, excluding Russia (Sweden, Finland, Spain, France) [1,2]. In
order to achieve sustainable forest management and effective operational planning in this vast
territory, it is essential to have a reliable, complete and sufficiently rapid inventory technique for up-
to-date monitoring. Stand basal area (BA) is an important variable for evaluating forest productivity
[3]. It represents the area covered by trees at breast height per hectare. It is highly correlated with
volume and growth of forest stands [4]. The classical method for determining stand BA uses ground
sampling data and applies linear/nonlinear regressions models [5-8] or simultaneous equation
methods [9,10] to extrapolate it to the entire stand. These approaches are becoming less common with
the potential of new automated survey methods using technologies such as LiDAR (light detection
and ranging) and photogrammetry [11].

The use of airborne laser scanning (ALS) for large-scale forest inventory has been used for
several years and has shown that it can be the primary tool for evaluating stand dendrometric metrics
[12]. In Québec (Canada), the prediction of forest metrics, including BA, is done using the k-nearest
neighbors method [13] with data from an airborne LiDAR when available. This approach has
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limitations as it relies on ground-based data and photo-interpretation to generate and update its
results. Annually, thousands of temporary and permanent samples are collected until the entire
province is covered, temporary samples are taken once, while permanent samples are revisited to
track changes over the years. It takes about 10 years to update the full inventory [14] which makes it
expensive and time-consuming to collect, it also requires significant labor in a labor shortage context
[15,16]. From 2022, a tool called the LIDAR Dendrometric Map (LDM) was developed to predict forest
metrics, derived from density and height of captured pulses combined with the effective ecoforest
map data and a relative density index [17]. This area-based approach (ABA) map is currently
available only for bioclimatic domains dominated by conifers in northern Quebec. This approach has
shown great potential since, without needing new costly ground sample plot acquisition programs,
it’s possible to map forest metrics using ALS with a good level of accuracy in the boreal forest of
Quebec, where the main species are coniferous or shade-intolerant deciduous [17,18].

The province now wants to extend the map to southern regions where shade-tolerant species
are located. Before extending the ALS-based tool to southern forests, an essential step is to validate
whether the tool will achieve the same accuracy in predicting basal area as it does in boreal forests.
While ALS scanning approaches have demonstrated their efficiency in boreal forest with coniferous
and shade-intolerant deciduous species [19-22], this has not been the case for shade-tolerant
deciduous forests [23-25]. Since ALS mainly gives information about crown heights and the relation
between crown height and mean diameter at breast height (DBH) is weak in these forests, the
accuracy tends to be lower [23,24]. To enhance forest metrics estimation from LiDAR, incorporating
more canopy characteristics beyond vertical structure is necessary [24,26]. For the LDM, a relative
density index (RDI) was generated using inventory data to predict crown closure, thereby
strengthening the model. Data from the ecoforest map were also utilized, including dominant species,
the proportion of merchantable conifer (FSPL), the standard version of the map, and two ecological
land classifications [17]. Given the unique approach used by the LDM for generating forest metrics,
it is justified to test its effectiveness in shade-tolerant deciduous stands.

It is known that height-to-diameter relationships are related to growing environment and stand
conditions [27,28], and the growth of shade-tolerant species is more influenced by abiotic factors than
the growth of intolerant species [29,30]. Targeting improvements, adding data from outside the
ecoforest map such as climate data, latitude and longitude to complement independent variables
used by the LDM has not been tested. A tool called BIOSIM has been developed in Canada based on
weather station data and provides a range of geospatial climate metrics that can be merged with the
model [31]. To add independent variables to a model, using a linear or non-linear parametric model
is an option that is frequently used in forestry [20,24]. Another way is to use machine learning and
train a new model with validation data [32]. In forestry and biology, certain types of machine
learning, such as neural networks, Maximum Likelihood and random forests are employed [33,34],
but the use of ongoing advancements such as automated machine learning is still emerging [35]. This
approach allows one to test different types of machine learning or mix them to obtain the optimal
solution for a specific situation [36]. Although the use of this approach facilitates interaction
compared to other methods of machine learning, certain criteria such as the proper selection of
training and validation data, as well as suitable inputs, are crucial to maximize effectiveness [37]. The
large amount of inventory data in Quebec, both from permanent and temporary plots coinciding with
LiDAR acquisition, provides an opportunity to test this approach [38—40]. With a robust database and
careful selection of inputs, the use of this modern method could lead to increased precision in forest
types dominated by shade tolerant deciduous trees, aiming to achieve a level of accuracy similar to
that found in boreal forests. Characterizing model error [41] and calculating mean bias, precision and
accuracy of a model’s predictions are essential steps of the quantitative validation process [42] and
are necessary to make a decision on the validity of a model [43] and choose the best model.

The objectives of this study were as follows: (i) assess the accuracy of predictions for stand BA
obtained with the LDM across three distinct stand types: shade-tolerant deciduous, shade-intolerant
deciduous and conifers. (ii) identify and test independent variables that can increase the precision of
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BA predictions, including variables originally used for LDM production as well as additional
geospatial and climatic factors. (iii) test model improvements by comparing linear, non-linear, and
automated machine learning approaches to enhance the accuracy of LDM predictions.

2. Materials and Methods

2.1. Study Area

The study area (94,800 km?) is located within the bioclimatic domain of the balsam fir-yellow
birch forest, which crosses the southern middle of Quebec from west to east (Figure 1)[44]. It extends
between the 47th and 49th parallels. The elevation is relatively low, with less than 500 meters in
altitude, and the terrain is generally gently undulating. Annual precipitation ranges between 1100
and 1600 mm, with 30% falling as snow. The average temperature ranges from 0 to 2.5°C, and the
annual growing season lasts for 160 to 170 days [45,46]. The area includes stands of coniferous, mixed,
and deciduous species, primarily dominated by Abies balsamea, Picea mariana, Betula papyrifera, Betula
alleghaniensis, Populus tremuloide and Acer saccharum. Within the study area, coniferous and shade-
intolerant deciduous stands are managed as even-aged forests in public forests, while shade-tolerant
stands are managed as irregular forests [47].

This area represents the southernmost bioclimatic zone covered by the LiDAR Dendrometric
Map and serves as the boundary between coniferous and mixed deciduous forests. This makes it the
logical choice for conducting the study due to its significant proportion of stands dominated by
deciduous species.

2.2. Data

2.2.1. Airborne LiDAR Data and Basal Area prediction (Predicted Basal Area)

The predicted basal area tested in this study is derived from the LiDAR Dendrometric Map
(LDM). Developed by the Ministry of Natural Resources and Forest (MNRF), the LDM provides
predictions of essential forest attributes, including the basal area (BA), which is the focus of this study.
The LDM predicts the basal area from the following method:

- The basal area (BA) prediction process is described in Leboeuf et al. (2022) [17], where:
- BAs derived from a form factor, dominant height, and volume prediction.
- Predictions are generated using a linear parametric model that incorporates independent
variables derived from LiDAR and ecoforest map data.
- LiDAR data acquisition in the study area took place between 2011 and 2020 during leaf-on
periods.
- Several sensors were used for data collection, with pulse density ranging from 2 to 6 points per
square meter.
- Variable selection was carried out using stepwise linear regression.
- Basal area predictions are available at a 5 m x 5 m raster scale.
- Known independent variables, including LiDAR-derived, MNRF custom-generated, and
ecoforest map variables, are presented in Table 2 in Section 2.2.3 (Independent Variables).

2.2.2. Ground Sample Plots (Observed Basal Area)

To test the precision of the predicted basal area, a network of ground sample plots from the
MRNF was used for the comparison. These plots include permanent plots, which are revisited
periodically to track stand evolution, and temporary plots, which are specifically established for 10-
year inventory. Each of these circular plots, measuring 400m? (0.04ha) of 11.28 m radius, includes
data on tree count, average stand height, and for each tree, the diameter at 1.3 m from the ground
(DBH) and tree species [48-51]. The study focuses on the inventory data collected between 2006 and
2020, covering the 4t and 5 decade inventories.

To ensure an accurate comparison of the BA between the ground sample plots and the LDM
results, the ground sample plots had to meet four criteria.
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1. LiDAR Coverage: The ground sample plots must be located in an area covered by LiDAR
airborne data.

2. Measurement Timeframe: The selected plots must have been measured no more than five
years before or after the LIDAR acquisition date.

3. Absence of Natural Disturbances: No natural disturbances (e.g., fires, storms, insect
outbreaks) must have occurred between the LiDAR acquisition and their field measurement.

4. Absence of Human Intervention: The plots must not have undergone any human
interventions (e.g., logging, thinning, road construction) between the LiDAR acquisition and their
field measurement.

Using these criteria, 12 506 plots were selected to represent three dominant species composition
across the study area (shade-tolerant deciduous, shade-intolerant deciduous and conifers) (Figure 1,
Table 1). The dominant species composition was established based on the main species indicated in
the ecoforest map [52]. Yellow birch, sugar maple, red maple, and ash comprise the class of shade-
tolerant deciduous. Aspen and white birch constitute the class of shade-intolerant deciduous. Spruce,
larch, pine, fir, and cedar form the class of conifers. Finally, the basal area of each plot (observed value
for the analysis) was calculated by summing the basal areas of all trees within it. We will refer to this
reference value as the “observed basal area” in the remainder of the paper.

_80°0

T S

75°0 70°0

=52°N

Quebec
(Canada)

50°N-

46°N-
75°0 70°00 0
0 100 200Kil Legend N
t
—T— rometers @8 Shade Tolerant Deciduous
Shade Intolerant Deciduous
B8 Conifer
[1Study Area

Figure 1. Field Ground Sample Plots Distribution by Stand Type (Color Dots) in the Balsam Fir-Yellow Birch
Forest of Quebec (Study Area)

To ensure an adequate sample size, literature suggests a minimum of 375 plots of 0.04 ha per
stand type to achieve stability in the results [53] and the applied selection criteria allowed this
threshold to be exceeded for all stand types (Table 1)

Table 1. Distribution of plots by stand type and observed basal area.

Dominant species composition Number of plots Mean Basal Area
(m?/ha)
Shade-tolerant deciduous 2590 24.22 (0.18 - 85.56)
Shade-intolerant deciduous 3217 23.77 (1.15-61.51)
Conifers 6 699 24.62 (0.20 — 107.52)
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Total 12 506 24.32 (0.18 — 107.52)

2.2.3. Independent Variables

Independent variables in the study are split into two groups: those used to build the LiDAR
Dendrometric Map (LDM) [13,18,52] and additional data sources aimed at improving the accuracy of
basal area prediction.

The source data for the LDM were provided by the MNRF and include LiDAR-derived, MNRF
custom-generated, and ecoforest map variables. Details on LiDAR data acquisition parameters are
presented in Section 2.2.1. (Airborne LiDAR Data and Basal Area prediction (Predicted Basal Area)).

Selection of the additional variables followed criteria of geolocated availability, continuous
numerical type, coverage across the entire study area, and ability to explain differences or similarities
between stand types. The additional set includes species composition from the MNRF ecoforest map,
climatic data (1981-2010 mean) derived from geographical location and the BIOSIM software tool
[31,54], as well as geographic coordinates (latitude, longitude). These additional datasets are derived
from the ecoforest map database [52].

Table 2 contains a detailed description of all variables.

Table 2. Description and value ranges of independent variables used in the study.

Variable Description Values
DENS_CLASS*12¢ Canopy density. Calculated as the proportion of LiDAR points that do 0to 95
7 not reach the ground (%)
D27 Dominant height. average height of the highest LIDAR return in each 0.964 to
5x5 m pixel within the 11.26 m plot. (m) 29.331

Height above ground of the tallest tree. LDM polygon 1-m scale

H_CLASS*1234567 4to 30
- classification computed from DH (m). ©
LGDH* Logl0(DH)
0.000875 to
RDI Relative density index indicating stand quality [17] 1912438
R_RDI_DH*1234567 RDI/ DH
LGRDI*234567 Log10(RDI)
FF1 0234567 Form factor'used to eétlmate .basa'l area from Volumfe and dominant 0t 0.415
height. Predicted with LIDAR dendrometric map
N10*1247 Estimated number of .rnerc_hantable stems (tr'ees) per hectare. Predicted 0 to 2938.899
with LiDAR dendrometric map
ALTITUDE* Altitude (m) derived from digital terrain model 0 to 890
LGALT#234567 Logl0(ALTITUDE) 0to2.938
"EN", ”EB”,

Dominant species of the stand according to the ecoforest map where PR "SB", "BP",
correspond to EN (Picea mariana), EB (Picea glauca), SB (Abies balsamea), ~ "BJ", "ES",
BP (Betula papyrifera), B] (Betula alleghaniensis), ES (Acer saccharum), EO  "EO", "PE",
dSPEC_PR*1234567 (Acer rubrum), PE (Populus spp.), TO (Thuja occidentalis), PG (Pinus "TO", "PG",
banksiana), AF (other deciduous species), AR (other coniferous species), "AF", "AR",
ML (Larix laricina), EN (Fraxinus nigra) and PB (Pinus strobus). Factor/ "ML", "FN",
categorical value. "PB"

Proportion of the basal area in the stand cover by species (%) where XXX
corresponds to WSP¢7 (Picea glauca), BSP'¢ (Picea mariana), BFI?4¢7 (Abies
balsamea), JP1'% (Pinus banksiana), TAM?¥ (Larix laricina), FSPL?¥ (fir,
PpXXX1234567 spruce, pine, and larch), WPI” (Pinus strobus), OPI” (other pine species, 0 to 100
mostly Pinus resinosa), OCON!24¢7 (other confiers, mostly Thuja
occidentalis), TCON'3¥ (all conifers), WBI'34” (Betula papyrifera), YBI'2347
(Betula alleghaniensis), ASPE™7 (Populus spp.), RMAY (Acer rubrum),
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SMA37 (Acer saccharum), ODEC¥ (other deciduous, mostly Quercus
rubra, Fraxinus nigra and Fagus grandifolia)

DEGRE DAY Annual sum of daily average temperatures above 5°C (Tavg - 5) for 977.93 to

days where Tavg > 5°C (°C) 1660.48
32
PRECI_GRSM67 Total precipitation during the growing season (GRS) (mm) 3?)2; 6 go
PRECI SNOW:#7 Annual total of snow precipitation converted to liquid equivalent, 229.93 to
- considering only days where Tavg < 0°C (mm) 574.15
PP_SNOW?14 Proportion of total precipitation in the form of snow (%) zigigo
TMIN_AN34567 Annual average of daily minimum temperatures (°C) -6.34 to -0.60
TMOY_AN¢* Annual average temperature (°C) -0.42 to 4.11
TMAX_AN?134567 Annual average of daily maximum temperatures (°C) 5.35 to 9.64
12.49 t
TMOY_GRS!2345¢7 Average temperature during the growing season (°C) 14.8 40
14.2
TMOY_JULY?345¢7 Average temperature in July (°C) 18 glto
FE_TOT15¢7 Total number of frost-free days (Tmin > 0°C) 137 to 193
CONSE_FF#7 Number of consecutive frost-free days (Tmin > 0°C) 49 to 137
DAY_GRS#*7 Number of days in the growing season (GRS) 115 to 166
FDAY_FF147 First day of the consecutive frost-free days period (Julian day) 135 to 179
VPD UTIE Cumulative vapor pressure deficit for June, July, and August (Julian ~ 1075.13 to
- days 152 to 243) (mbar) 1551.57

Sum of monthly water deficits based on the difference between monthly
ARID_TOT567 precipitation and Thornthwaite potential evapotranspiration (0 if 0.49 to 5.88
negative) (cm)

RADIA_T# Annual sum of energy emitted by solar radiation (M]J/m?) 4?3(1)472;0
Energy emitted by solar radiation during the growing season (GRS)  2327.24 to
47

RADIA_GRS (M]J/m?) 2921.49
LATITUDE 234567 Geographic coordinate that specifies the north-south position of a point 46.66424 to

on Earth. (dd.ddddd) 49.22475

Geographic coordinate that specifies the east-west position of a point on -79.51612 to -
134567
LONGITUDE Earth. (dd.ddddd) 64.32079

* Variables used to build LDM
1234567Details on the meaning of the index numbers are provided in the Results section 3.2.

LGDH and RDI are not considered in variable selection, because they are directly correlated to
other variables. LGDH to DH and RDI to LGRDL

The relative density index (RDI) and the form factor (FF10) are custom variables generated by
the MNREF. RDI is calculated by first calibrating a self-thinning line using quantile regression on the
number of stems taller than 5 m from ground sample plots. RDI values are then derived by taking
the ratio of the observed stem count to the predicted values from the self-thinning line. Finally, a log-
linear model with LiDAR-derived metrics is developed to generate an RDI raster for the study area
[17]. The form factor is generated using a bank of measured taper coefficients for each species and
then adapted to a 5m x 5m raster [55].

Species composition follows the MNRF ecoforest map of Quebec, which is based on photo-
interpretation of high-resolution aerial imagery. Trained photo-interpreters delineate forest stands
based on stand resemblance, and species distribution is assessed using basal area cover proportion
[56].

Geolocated meteorological data are generated through the BIOSIM software tool [31,54], which
was initially developed to analyze insect behavior. BIOSIM utilizes historical meteorological data
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collected by weather stations across Canada and extrapolates weather trends between these stations
to generate geolocated climate data.
Geographical coordinates consist of the latitude and longitude of the center of each sample plot.
The use of the variables is presented in Section 2.3.2. (Identification of basal area predictors).

2.3. Data Analysis
2.3.1. Asses the BA Accuracy of the LDM

The accuracy assessment of the LDM for predicting basal area (predicted BA) was conducted at
the plot level using ground sample plots for comparison (observed BA). To ensure consistency with
the ground sample plots, the 5 m x 5 m raster data were converted to match the format of the 11.28
m circular plots. Predicted BA for each plot was obtained by overlaying the plots onto the raster pixels
and calculating a weighted average of the BA values from the intersecting pixels.

Once the data were adjusted to the appropriate format, analysis was performed using R
statistical software. Accuracy was assessed through statistical analysis using the coefficient of
determination (R?) (Equation (1)), bias (Equation (2)), root mean square error percentage (RMSE)
(Equation (3)), mean absolute error (MAE) (Equation (4)), and the fraction of variance of the "expected
response"” (r2er) (Equation (5)) [57].

“ G

bias = %an(y,- - x;) @

RMSE = %i(yi —x;)? @

MAE — Yi=1lyi — xl )
.

2 Qi =) (i — 0)? )

TéR = - -

ER Z?=1(Yi _Y)z ?:1(351' _x)2

Where n is the number of field plots, xi is the ground field inventory (observed value), x is the
mean of the field inventory, yi is the predicted value and ¥ is the mean of the predicted value.

To evaluate the influence of species composition on model performance, stands were analyzed
not only collectively but also by dominant species. This stratification allowed the assessment of how
species dominance affected the effectiveness of the LIDAR Dendrometric Map (LDM). Predictions
were evaluated for stands dominated by Betula papyrifera (white birch), Populus spp. (aspen), Betula
alleghaniensis (yellow birch), Acer rubrum (red maple), Acer saccharum (sugar maple), Fraxinus spp.
(ash), Picea glauca (white spruce), Picea mariana (black spruce), Larix laricina (larch), Pinus strobus
(white pine), Pinus banksiana (jack pine), Abies balsamea (balsam fir), and Thuja occidentalis (white
cedar). In addition, stands were grouped into three stand types (coniferous, shade-intolerant
deciduous, and shade-tolerant deciduous) to examine differences in model performance across
general stand categories.

2.3.2. Identification of Basal Area Predictors (Independent Variables)
Feature selection is an important step in model improvement. Using fewer variables is more
restrictive, as it limits the model to only the most critical predictors, potentially simplifying the model
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but risking the loss of valuable information. On the other hand, including more variables is less
restrictive, providing the model with a broader range of data, which can capture more complex
patterns but may also introduce noise or redundancy [58]. To select the optimal predictors among the
variables presented in Tables 2, three variable selection methods were used to identify subsets of
relevant variables for the development of the predictive model: stepwise forward and backward
selection, Boruta method, and the Least Absolute Shrinkage and Selection Operator (Lasso). Feature
selection for each method was performed in R Studio.

Stepwise forward and backward selection [59]: We implemented both forward selection (adding
variables one by one) and backward elimination (removing less significant variables) using the
Akaike Information Criterion (AIC) to optimize model fit. The process followed these steps:

1. Base model: A linear regression model was initialized with only an intercept.

2. Subsets models: Models including similar predictors subsets were defined.

3. Stepwise selection: For each subset, the step() function in R was used to iteratively add or remove
variables based on AIC, balancing model complexity and predictive power. The most significant
variables from each subset were retained.

4. Final selection: After analyzing the individual subsets, a final stepwise selection was performed
on the combined set of shortlisted variables to further refine the model. This final iteration
ensured that only the most predictive and non-redundant variables were retained.

Boruta method [60]: Boruta is a wrapper algorithm built around the Random Forest classifier,
designed to assess the importance of each predictor by comparing it to randomly permuted "shadow"
features. We implemented Boruta using the Boruta package in R. The model was trained with BA as
the response variable and all predictor variables as inputs. The algorithm iteratively shuffled feature
values and evaluated their importance based on how well they contributed to model predictions.
Predictors were categorized as Confirmed, Tentative, or Rejected, based on whether their importance
scores significantly exceeded those of shadow features. To refine the selection process, we applied
TentativeRoughFix(), which resolves ambiguous (Tentative) variables by reclassifying them as either
Confirmed or Rejected. The final list of selected predictors consisted of those with nonzero
importance scores after this adjustment. We then extracted and ranked the most influential variables
based on their mean importance values

Lasso regression [61,62]: Lasso performs both regularization and feature selection by adding an
L1 penalty to the regression model, which forces some coefficients to shrink to exactly zero,
effectively eliminating less relevant variables. Before applying Lasso, all predictor variables were
standardized (mean = 0, standard deviation = 1) to ensure a fair comparison and prevent scale
differences from influencing the selection process. We used the glmnet package in R, which performs

min ) (vi = 907 +2 ) ||

Where y; represents the observed values, J; represent the predicted values, f; are the model

Lasso regression by solving:

coefficients and A is a regularization parameter controlling the level of shrinkage. Optimal A values
were determined via k-fold cross-validation using cv.glmnet(). Two values were considered: A_min,
which minimizes the cross-validated mean squared error (MSE) and retains more predictors, and
A_lse, within one standard error of the minimum, producing a more parsimonious model with fewer
variables. Final models were refitted using each A, generating a list of coefficients. Nonzero
coefficients indicate the predictors retained by the model, and their magnitude and sign reflect the
relative contribution and direction of each variable on the predicted outcome.

Four primary subsets were generated from the feature selection methods: one from stepwise
selection, two from Lasso (A_lse and A_min), and one from Boruta selection. Additional subsets were
constructed based on the variable importance rankings from Lasso and Boruta to match the number
of variables selected by stepwise and Lasso A_1se. This procedure resulted in three additional subsets,
for a total of seven subsets. These subsets were later compared in the modeling approaches section
to evaluate their performance under the best-performing modeling approach.
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2.3.3. Modelling Approaches

Three modeling approaches were applied to the variables selected through the stepwise method:
linear parametric models, non-linear parametric models, and automated machine learning. Each
model was trained on 80% of the dataset and evaluated on the remaining 20% to assess predictive
accuracy.

(1) Linear parametric models fitted a linear regression with observed basal area values as the response
variable and variables selected by the stepwise method cited in section 2.3.2 above as the explanatory
variable. The model can be expressed as follows:

Y=AXX+BXZ+¢ (6)

Where Y is the dependent variable (observed basal area), X is the predicted basal area, Z are the

variables explanatory, A and B are the general parameters of the equation and € is the error term.

(2) Non-linear parametric models [63], quadratic, logarithmic, square root, and reciprocal applying
the same methodology as in method one. The performance of each model was tested. The linear
model and the best-performing non-linear model were retained for comparison with the other
approach.

(3) Using Automatic Machine Learning H-O (H2O AutoML) with R package H20[64]. It is an open-
source tool for automating the predictive analytics workflow. Widely used in academia and industry
as well [65]. The H2O AutoML test different models such as generalized Linear Model (GLM), a
default random forest (DRF), gradient boosting machine (GBM), a near default Deep Neutral Nets
(DNN) and Stacked Ensemble Model (SEM) that integrates the previous models to determine the
optimal combination of prediction algorithms all in one function [66]. The testing process involves
running the AutoML function with a time limit of 60 seconds to determine the combination with the
best predictive performance.

Model performance was compared across the three approaches and against the LDM. The best-
performing approach was subsequently applied to the six additional variable subsets generated
through Lasso and Boruta feature selection in order to identify the most effective feature selection
strategy.

3. Results

3.1. LiDAR Dendrometric Map Accuracy Assessment

For practical purposes (AAC calculations, harvest planning, etc.), forest
inventory must provide useful information by species or groups of species. Table 3
displays the average observed and predicted basal area for each of the three stand
types and dominant species along with the computed statistics.

Table 3. Performance Results of the LIDAR Dendrometric Map Sorted by Main Tree Species Composition.

Stand Type Species N BAobs BArea  Bias MAE RMSE R? 12ER
(m2/ha) (m2/ha) (m2/ha) (m2/ha) (m2/ha)
Shade-tolerant deciduous 2590 24.22 27.01 2.79 6.01 7.43 24.60% 10.30%

Yellow 1430 24.5 26.9 2.41 5.96 7.43 24.30% 15.06%
birch
Red maple 337 24.0 24.7 0.68 5.52 6.94 36.30% 33.24%
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Sugar 802 24.0 28.5 4.41 6.35 765  22.63% -17.74%

maple

Ash 21 17.0 17.4 0.43 4.84 566  39.99% 19.03%
Shade-intolerant 3217 23.77 24.43 0.66 5.30 6.83  46.87% 46.13%
deciduous

White 2192 23.8 24.8 1.06 5.09 6.43  45.35% 43.44%

birch

Aspen 1025 23.8 23.6 -0.18 5.74 761  49.83% 49.77%
Coniferous 6699 24.62 23.26 -1.36 5.27 7.38  53.38% 51.30%

White 388 27.2 24.1 -3.04 6.10 787  50.89% 41.85%

spruce

Black 2194 214 21.7 0.29 4.30 570  60.34% 60.24%

spruce

Larch 109 21.1 23.0 1.84 4.83 6.69  56.02% 51.70%

White pine 65 23.3 23.9 0.52 6.28 8.11  41.20% 40.89%

Jack pine 515 20.6 214 0.80 443 565  55.92% 54.01%

Balsam fir 3047 26.2 24.0 -2.20 5.39 7.41 51.38% 46.41%

White 381 34.8 28.1 -6.65 10.08 1426  27.06% 5.67%

cedar

Bias indicates that on average, the LDM underestimated the basal area for coniferous stands
while it overestimated it for the deciduous stands. Shade-tolerant deciduous stands showed slightly
higher Bias (2.79 m?/ha) and MAE (6.01 m2/ha) than the other two stand types. According to RMSE,
the LDM is slightly better at predicting BA for shade-intolerant deciduous than for the other stand
types. R? and the r%r showed that the independent variables in the LDM explained a greater
proportion of the variability of the BA for the coniferous (53.88%) and shade-intolerant deciduous
(46.78%) stands than for the shade-tolerant deciduous stands (26.58%).

Figure 2 illustrates the relationship between ground-observed data and the LiDAR
Dendrometric Map. The closer the line approaches a 1:1 ratio, the more accurate the results are.

Shade-tolerant deciduous Shade-intolerant deciduous Coniferous

Y=11*X+-0.9

R?=0.53

Ground measured basal area (m?ha)

’ 0 20 40 60 ’ 0 20 40 60 ’ 0 20 40 60
LiDAR based predicted basal area (m#/ha)

Figure 2. Correlation between ground sample plots measured basal area compared to predicted basal area from
the LiDAR Dendrometric Map for the three stand types. The red points represent the 1:1 ratio, while the green

line indicates the fitted linear relationship.

Figure 2 illustrates that shade-tolerant deciduous stands exhibit a correlation deviating from the
1:1 line, as indicated by the equation Y = 0.79x + 2.78 (a). Conversely, shade-intolerant and coniferous
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stands demonstrate regressions closer to the 1:1 line, with equations of Y =0.93x + 0.94 (b) and Y =
1.1x - 0.9 (c), respectively.

3.2. Independent Variables Analysis

Stepwise selection method

A total of 25 variables were retained, including localization data, species composition
percentages, and meteorological variables. The selected variables are indicated with the index 1 in
Table 2.

Boruta method

Figure 3 depicts the Boruta variable importance chart. Blue boxes represent the maximum, mean,
and minimum Z score of a shadow attribute. Green and red boxplots represent Z score of confirmed

and rejected variables respectively.

Variable Importance
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Figure 3. Distribution of variables according to their degree of importance as judged by the Boruta method.

Out of the 44 variables, two were rejected (pOPI and pWPI) and 42 were
confirmed.

Lasso Method
Figure 4 and Table 4 illustrate the results obtained from the Lasso method.
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Figure 4. Lasso-generated graph illustrates the optimal number of variables (top axe) to incorporate into the

model, between the available variables.

The two vertical lines correspond to A_min, which minimizes the cross-validated mean squared
error (MSE) and retains more predictors, and A_lse, within one standard error of the minimum,
producing a more parsimonious model with fewer variables. According to these values, the optimal
number of variables falls within the range of 16 to 43.

The method utilized ranks variables based on their coefficients, indicating the change in the
response variable for a one-unit increase in the corresponding predictor variable, while holding all
other variables constant. Because variables were set on the same scale, the absolute values of the
coefficients directly correlate with their importance in the model. Table 4 shows the variable rank by
coefficient value.

Table 4. Variables Best 25 Selected by Lasso Regression Ranked by Absolute Coefficient Value.

Rank Variable Coefficient  Abs (Coefficient)
1 R_RDI_DH 1037.24 1037.24
2 FF10 15.93 15.93
3 LGALT -2.60 2.60
4 TMOY_GRS -2.30 2.30
5 TMAX_AN 1.70 1.70
6 LATITUDE 1.01 1.01
7 LGRDI -0.92 0.92
8 H_CLASS -0.63 0.63
9 ARID_TOT -0.63 0.63
10 TMOY_JULY -0.38 0.38
11 TMIN_AN -0.32 0.32
12 pOCON 0.24 0.24
13 DH -0.12 0.12
14 LONGITUDE 0.12 0.12
15 dSPEC_PR 0.11 0.11
16 FF_TOT -0.10 0.10
17 DAY_GRS 0,09 0,09
18 pWSP 0,07 0,07
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19 CONSE_FF 0,06 0,06
20 pBFI 0,05 0,05
21 pWBI 0,04 0,04
22 pBSP 0,04 0,04
23 pASPE 0,03 0,03
24 PRECI_GRS -0,03 0,03
25 FDAY_FF -0,03 0,03

Table 4 presents the ranking of the 25 most influential variables identified by the Lasso
regression; beyond this point, coefficient magnitudes gradually decreased from PP_SNOW (0.03) to
N10 (-0.0003). The only variable with a coefficient of 0 is TMOY_AN, which means it was not
considered to have any influence on the model and was excluded from the lasso selection.

Because each feature selection method produced a different number of selected variables,
subsets were created to allow a fair comparison by using the same number of variables across
methods. Since the stepwise method does not provide a variable ranking, subsets were generated
only for Boruta and Lasso. Three rankings were considered: the 16 best variables according to Lasso
A_lse (within one standard error of the minimum), the 25 best variables corresponding to the number
selected by the stepwise method, and the corresponding number of variables selected by each
method. This procedure resulted in seven subsets, with the selected variables for each method
presented in Table 2 along with their respective indices.

1 Stepwise method, 25 selected variables

2 Boruta method, best 16 variables

3Boruta method, best 25 variables

4Boruta method, 42 selected variables

5Lasso method, A_1se 16 variables

6.asso method, best 25 variables

7Lasso method, A_min 43 variables

3.3. Model Improvement with Three Approaches

3.3.1. Linear Parametric, Non-Linear Parametric and H20 AutoML Models

For comparison, all new modeling approaches were developed using the same set of variables
selected through the stepwise backward selection method (Leboeuf et al., 2022).
Linear Model
Equation (7) displays the results of the optimized linear model.
BAcorrected = 3.64 + 959.03 * R_RDI_ DH — 1.57 * TMOY_GRS + 1.39 * TMAX_AN + 1.31 * LATITUDE

—0.57 * H_CLASS + 0.16 * pOCON — 0.13 * ARID_TOT + B = factor(dSPECpg) + Z BiX: @)
i

Where BAcorrected is the prediction of the model, factor(dSPEC_PR) represents a coefficient B
assigned to each species, which is only applied when that species is the dominant one in the stand.
Other predictors are also present in the model but are not explicitly displayed in the formula due to
their lower relative importance ); 8;X;. Results are shown in Table 5.

Non-Linear Model

Out of all the non-linear models tested, the quadratic regression model produced the best results.
Equation (8) displays the optimized quadratic base on the same approach as the linear model.

BAcorrected = —24.92 + 834.14 * Rpp,, + 23.68 * RRDIDH2 —0.73 x Hep g5 + 0.14 ¥ pOCON — 3.14
* TMOYgps + 0.55 * TMAX,y + 0.40 * ARIDyor + 2.02 % LATITUDE
+ factor(dSPEC_PR) + ZﬁiXi
- 8)
L

Where BAcorrected is the prediction of the model, factor(dSPEC_PR) represents a coefficient B
assigned to each species, which is only applied when that species is the dominant one in the stand.
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Other predictors are also present in the model but are not explicitly displayed in the formula due to
their lower relative importance ); 8;X;. Results are shown in Table 5.

H20 AutoML Model

The H20 AutoML function does not provide a detailed description of the best resulting model
because its primary goal is to automate the model selection and tuning process rather than to generate
interpretable model outputs. The best-performing model often corresponds to a Stacked Ensemble,
which combines multiple base learners (e.g., GBM, DRF, DNN, GLM) to maximize predictive
accuracy. This ensemble model integrates the predictions of several algorithms through a meta-
learner, making the internal structure complex and not easily summarized in a single set of equations
or coefficients.

The leaderboard indicates that the Stack Ensemble Model achieved the highest performance
among all AutoML candidates, followed by GBM, and outperformed DRF, DNN, and GLM. Results
for the best model are presented in Table 5 under H20 AutoML.

For all three modeling approaches, the best performance for shade-tolerant species was achieved
by training models exclusively on data from shade-tolerant deciduous stands, using the same input
variables.

3.3.2. Comparing Models Performance: New Approaches vs. Initial Model

Table 5. New Modelling approaches performances using the stepwise variable selection, compared to the LIDAR

Dendrometric Map, for all commercial species and shade-tolerant species.

Approaches All the Commercial Species Shade-Tolerant Species
N MAE Bias R? I2ER N MAE Bias R? I2ER
(m?/ha) (m?/ha)
LiDAR Dendrometric Map 2560 5.47 -0.02 45.61% 4559% @ 515 6.03 270 26.58% 13.37%
H20 AutoML 2560 4.78 -0.05 59.75% 59.64% : 515 513  0.01 31.18% 31.01%
Linear 2560 5.03 0.06 5593% 55.81% ; 515 521  0.03 30.99% 30.80%
Quadratic 2560 5.06 -0.30 54.62% 54.41% ; 515 520  0.03 30.60% 30.43%

Table 5 shows that the H2O AutoML method achieved the best overall performance across both
groups. For all commercial species, r2r increased from 45.59 % (LDM) to 59.75 %, with MAE reduced
from 5.47 m?/ha to 4.78 m?/ha and bias remained close to zero (-0.05). For shade-tolerant species, r%er
improved from 13.37 % to 31.01 %, MAE decreased from 6.03 m?/ha to 5.13 m?/ha, and bias was also
minimized from 2.70 m?/ha to 0.01 m?/ha. Linear and quadratic models also provided considerable
improvements, with the linear model performing slightly better for both all commercial species and
shade-tolerant species.

In order to further improve model performance, subsequent evaluations were conducted using
the other variable subsets with the H20 AutoML, the best-performing modeling approach.

3.3.3. Testing the variable selection impacts on the best performing model (H20 AutoML)
To select the inputs for automatic machine learning, a comparison between metrics selection

approaches was conducted and is presented in Table 6.

Table 6. Variable Selection Results: Comparison of performance for Boruta, Stepwise, and Lasso Methods with
Different Number of Inputs.

Method  Number of Inputs 2R
Stepwise 25 59.64%
Boruta 16 59.3%

25 59,65%
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42 59,48%
Lasso 16 58.54%
25 59.56%
43 59.69%

Based on the results presented in Table 6, using only 16 input variables is insufficient to
maximize the explained variance, while increasing the number of inputs beyond 25 does not lead to
a significant improvement in predictive accuracy. No significant differences in performance were
observed between the feature selection methods. The stepwise method with 25 selected variables was
therefore chosen to generate the final model. This configuration provides performance comparable
to both the 25-variable Boruta subset and the 25-variable Lasso subset, with the added advantage that
all 25 inputs were retained by the stepwise method, whereas Boruta and Lasso retain 42 and 43
variables, respectively, without providing additional predictive gain.

3.3.4. Testing Best Model with best variable selection

A graphical representation illustrating the correction's impact using AutoML on the distribution
of data, comparing observed and predicted basal area in shade-tolerant deciduous, is depicted in

Figure 5.
Initial Model With AutoML Correction
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Figure 5. Observed stand basal area as a function of the stand basal area predicted by initial model (a) and the

corrected one following H20 AutoML method (b) in shade-tolerant deciduous situations.

We observe that the results are centered on the 1:1 line in the Auto ML corrected model;
however, the data points are still widely scattered around this line, highlighting the lack of accuracy.

Results for each stand type show the improvement from the initial model to the best model
(Table 7). The test dataset is used for the comparison, which represents 20% of the total data, ensuring
trustworthy results by using data that was not part of the model training.

Table 7. Performance Results of the Initial LIDAR Parametric Model and the best model issue with H20
AutoML Correction on the Test Data by Stand Type.
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Initial Model Best Model

Stand type N Bias MAE RMSE R? r’;k | Bias MAE RMSE R? 12ER
Shade-tolerant 515 | 2.70  6.03 745  26.58% 13.37% 0.01 5.13 6.64 31.18% 31.01%
deciduous

Shade- 624 | 096 5.31 707  46.78% 4551% 042 481 6.37  55.88% 55.69%
intolerant

deciduous

Coniferous 1421  -143 533 770  53.88% 51.56% @ -0.28 4.64 6.43  66.89% 66.24%
All 2560  -0.02 547 750  45.61% 45.59% -0.05 4.78 6.46  59.75% 59.64%
commercial

Improvements were observed across all categories, with the most significant corrections seen in
shade-tolerant deciduous stands in terms of bias, MAE and r2er. Coniferous species received the most
significant correction in terms of RMSE and R2. Despite the improvements, shade-tolerant deciduous
stands still exhibit a lower performance indicator than the other stands in the initial model.

4. Discussion

This project has provided essential confirmation that ALS-based approaches, such as the LDM
developed by the Quebec government's forest inventory program, still require refinement before they
can be extended to temperate forests with complex stands, like those in the southern regions of
Quebec. In particular, shade-tolerant deciduous stands have been identified as the main challenge
requiring further research and development. The incorporation of geolocalized data independent of
ground samples, together with the original metrics of the LDM, combined with the use of automated
machine learning, has led to notable improvements. Although these enhancements have not yet
yielded competitive precision for shade-tolerant deciduous stands, the approach developed in this
project opens a new avenue for generating data that can be integrated with future advancements in
the field. The approach adopted in this project lays the foundation for leveraging automated machine
learning to fully exploit the potential of large datasets and incorporate new inputs derived from
recent advances in forest remote sensing.

When assessing the LDM model's precision in predicting plot basal area across different stand
types, it yielded R? values of 53.4% in coniferous stands, 45.2% in shade-intolerant deciduous stands,
and only 24.6% in shade-tolerant deciduous stands. The low R? in the latter indicates a weak
correlation between the predicted and observed basal area. Although shade-tolerant deciduous
stands have the lowest R?, the RMSE is higher in coniferous stands, this suggests that while the model
captures overall trends better in conifers (higher R?), individual plot predictions for conifers are more
variable, leading to larger absolute errors.

Further analysis revealed that dominant species composition significantly affects BA prediction
accuracy, consistent with previous studies [23-25]. Stands dominated by sugar maple and yellow
birch showed particularly poor performance, with R? values of 22.6% and 24.3%, and overestimations
of 4.4 m?/ha and 2.4 m?/ha, respectively. The 1%er of -17.7% for the sugar maple indicates that the
LiDAR model performs worse than a trivial baseline, due to systematic overestimation of BA. This
result highlights a clear performance issue of the model in this forest type. Stands dominated by white
cedar also performed poorly, with an R? of 27.1% and an underestimation of 6.6 m?/ha. This bias
contributes to the higher RMSE observed in conifer stands. These species-specific biases highlight the
importance of considering species composition in the model.

Given that other studies have reported R? values exceeding 90% for basal area estimation [19,20],
we examined the relationship between ground observations and predictions graphically to identify
potential weaknesses in the model. The model appears resistant to predicting values above 35 m?/ha,
suggesting a saturation effect driven by model constraints that limit overestimating basal area at the
pixel level. While this limitation may be beneficial for large-scale estimations, it restricts accuracy at
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the plot level, suggesting that the 5m x 5m data provided by the LDM is not well-suited for fine-scale
predictions where higher variability in BA is typically observed.

To complement the species information already considered in the LDM, an alternative metric -
the proportion of basal area covered by species- was tested alongside LDM inputs, geospatial climate
variables, and location coordinates. Six variables were consistently identified as most important
across all input selection methods: R_RDI_DH, H_CLASS, dSPEC_PR and pOCON, TMOY_GRS and
LATITUDE. Among these, R_RDI_DH and H_CLASS confirmed their strong relationship with BA,
whereas species-related metrics such as dSPEC_PR and pOCON emphasize the role of species
composition and help explain the poor performance of the LDM in cedar-dominated stands [67].
Specifically, the former captures species-specific height-to-diameter ratios, while the latter reflects
structural divergence in stands such as cedar. Climatic and geographic variables (TMOY_GRS,
LATITUDE) further demonstrate how environmental conditions shape forest structure. Conversely,
the rejection of redundant predictors such as TMOY_AN illustrates the model’s ability to prioritize
the most informative variables.

Integrating these variables into the three modeling approaches improved the results. For shade-
tolerant species, the initial R? of 26.6% increased to 31.2% (AutoML), 31.0% (linear regression), and
30.6% (quadratic regression). For all commercial species, the initial R? of 45.6% improved to 59.8%,
55.9%, and 54.6% under AutoML, linear regression, and quadratic regression, respectively. Given its
superior performance, the AutoML modeling approach was selected for the subsequent analyses. The
results showed that using 16 input variables was insufficient to achieve optimal accuracy, whereas
increasing the number of inputs beyond 25 did not yield substantial gains. No significant difference
was observed between the model selection methods. In the comparison between AutoML (25
splitwise-selected variables) and the LDM model (Figure 5), the elimination of the prediction plateau
at 35 m?/ha in the AutoML outputs suggests that this approach better captures stand dynamics and
reduces systematic bias. The closer alignment of predicted versus observed values with the 1:1 line
further indicates an improved capacity to generalize across conditions. However, despite the gains
observed in shade-tolerant deciduous stands, model precision remains limited compared to the
performance levels achieved in coniferous and shade-intolerant deciduous stands, underscoring the
persistent challenges of modeling heterogeneous forest structures.

This research supports the MNRF’s efforts to identify optimal LiDAR-based approaches for
southern Quebec’s forest inventory. It confirms that the LDM requires further refinement to handle
structurally irregular, hardwood-dominated forests. The improvements made here offer guidance for
future aerial LIDAR applications in complex forest environments.

To enhance BA prediction in shade-tolerant deciduous stands, new structural variables must be
explored. Satellite imagery has shown mixed results [68-70], and canopy complexity remains a
challenge [71]. The height-BA relationship may be insufficient, prompting investigation into variables
like slope angle, stem size distribution [72], and vertical foliage profiles [73]. Promising LiDAR-
derived metrics include mean height filtered by intensity thresholds and leaf area density variation
[24,74]. With ongoing advances, species-level identification via aerial LIDAR may soon be feasible
[75,76], offering transformative inputs for models highly sensitive to dominant species.

This study faced several challenges that may have influenced model performance and
interpretation. A key limitation was the need to obtain a large volume of observed data
corresponding to MNRF validation plots, where GPS imprecision and human interpretation bias may
have introduced spatial and semantic errors. Despite the careful selection process of ground sample
plots, it was not possible to verify whether unrecorded disturbances (e.g., harvesting, windthrow,
etc.) occurred between the field data collection period and LiDAR acquisition, potentially degrading
the quality of the training dataset. Moreover, some variables used in the model were designed for
broad-scale applications and lacked the spatial specificity required for fine-scale plot-level
predictions. For instance, tree species composition percentages are currently derived from photo-
interpretation over sectors spanning several hectares. This coarse resolution may introduce
discrepancies when applied to 400 m? plots, where species composition can vary significantly. The
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available LiDAR dataset had already been transformed into predefined summary metrics, with a
single value per plot. This constrained the capacity to extract new structural information directly
from the point cloud. As a result, model improvements had to rely on external inputs independent
of LiDAR, such as climate variables or geolocation. Incorporating custom LiDAR-derived variables —
tailored to local canopy structure and vertical heterogeneity —could enhance the model’s sensitivity
to subtle structural variations. Another limitation stems from the use of automated machine learning
(AutoML), particularly the Stacked Ensemble Model, which does not provide interpretable model
parameters. While feature importance can be assessed, the internal logic of the ensemble remains
opaque. This reinforces the importance of careful input selection, as model transparency is limited.
Additionally, a common issue in machine learning regression models was observed: low values were
generally overestimated, whereas high values were underestimated [77]. To address this, the
Regression of Observed on Estimated values (ROE) method was applied to correct the bias [78], but
the improvements were marginal. This suggests that further investigation is needed to determine
whether H20's AutoML framework exhibits structural bias in extreme values.

In summary, the study has advanced our understanding of the link between stand type and
ALS-based model accuracy and highlighted potential improvements.

5. Conclusions

This study has demonstrated that shade-tolerant deciduous stands remain a major challenge for
airborne LiDAR-based approaches. Evaluating the LDM across three distinct stand types confirmed
that ALS-based models require improvement to accurately predict basal area in southern Quebec,
particularly in structurally complex hardwood-dominated forests. The incorporation of new
variables through both parametric models and automated machine learning led to notable
improvements, especially when using the H20 AutoML framework. However, the objective of
achieving precision levels for shade-tolerant deciduous stands comparable to those observed in
shade-intolerant deciduous and coniferous stands has not yet been met. Key input variables were
identified to improve the model, including species-specific basal area proportions, geolocation
coordinates, and meteorological metrics. These findings underscore the importance of input selection
and structural sensitivity in LiDAR-based modeling. Future research should prioritize enhancing
spatial alignment between field plots and LiDAR data, improving species composition inputs
through higher-resolution mapping, and investigating bias-correction techniques as well as model
interpretability in AutoML frameworks. These refinements are essential to strengthen the robustness,
precision, and scalability of LiDAR-based forest inventory models, particularly in heterogeneous and
species-diverse environments.
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