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Accurate estimation of forest growing stock volume (GSV) at fine spatial scales is
essential for sustainable management, carbon accounting, and local decision-making.
However, traditional inventories often lack sufficient sampling density for small areas.
This study evaluates two small-area estimation (SAE) approaches: the Empirical Best KEYWORDS

Predictor (EBP), based on a nested-error linear regression model, and the Mixed-Effects forest inventory; remote
Random Forest (MERF), using multi-source remote sensing data. The analysis was sensing; small-area
conducted in the Vallombrosa Nature Reserve (ltaly), integrating field measurements estimation; mixed effects;
from 101 plots with auxiliary variables from Sentinel-2 and airborne LiDAR. Both random forests
methods estimated mean and total GSV across 658 forest stands, many lacking direct

observations. Performance was assessed via spatial cross-validation, and uncertainty

was quantified using root-mean-square error (RMSE). Results show that MERF out-

performed EBP in predictive accuracy, achieving higher R* (0.67 vs. 0.37) and lower

RMSE (151 vs. 202 m*® ha—"). MERF produced more stable uncertainty estimates with

improved coverage. While both methods yielded comparable total GSV, EBP exhibited

greater sensitivity to model assumptions. Conversely, MERF effectively captured non-

linear relationships and handled multicollinearity, despite reduced interpretability and

higher computational demand. Overall, findings highlight the advantages of integrating

machine learning with mixed-effects modeling for SAE under sparse sampling.

Introduction

Forests are a fundamental element of climate change mitigation and biodiversity conservation efforts, and
monitoring them is crucial to promoting sustainable management, carbon accounting, and the evaluation
of ecosystem services. Traditional national forest inventories (NFIs), such as those implemented in many
European countries, typically rely on sparse ground plot networks and purely design-based inference
techniques (Tomppo et al., 2008; McRoberts et al., 2009). While these approaches enable unbiased
estimates of forest parameters at national or regional levels, they are generally inadequate for generating
reliable (i.e. with errors below the maximum tolerance) data at smaller administrative or ecological units,
such as municipalities or protected areas, due to limited plot density.

As decision-making processes become more decentralized and spatially detailed, there is an increasing
need for forest information at local levels, along with reliable uncertainty estimates. This need arises at two
related levels. On the one hand, countries require robust estimates of forest variables (e.g. growing stock
volume, carbon stocks) for their international reporting obligations under frameworks such as the
UNFCCC, LULUCF, and REDD+. These estimates must explicitly quantify uncertainty, in line with
the IPCC's good-practice guidelines. On the other hand, subnational actors, such as municipalities,
regions, and forest managers, require reliable, detailed spatial data to support operational decisions and
policymaking. Local estimates and maps of forest resources are essential for several forest activities,
including management, conservation, risk assessment, and quantifying ecosystem services. Local forest
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management plays a crucial role in sustainable land-use planning, as it provides the foundation for
balancing ecological, economic, and social objectives at the landscape scale. Accurate knowledge of
growing stock volume (GSV) and above-ground biomass (AGB) is fundamental in this context, as it
directly informs decisions on harvesting intensity, timing, and the spatial allocation of interventions. By
quantifying the available forest resources, forest managers can ensure that harvest levels remain within
sustainable limits, avoiding overexploitation while optimizing economic returns. Moreover, reliable GSV
estimates support the design of silvicultural treatments, the planning of infrastructure such as forest roads,
and the assessment of carbon stocks and ecosystem services. Here, aggregated statistics alone are
insufficient; spatially explicit, fine-scale data, preferably linked to measures of reliability and confidence,
should be the standard. Addressing both needs simultaneously requires estimation frameworks that
combine the statistical rigor of forest inventories with the spatial detail and coverage of remote sens-
ing data.

To address the limitations of traditional inventory methods, the concept of Enhanced Forest Inventories
(EFI) has been developed, combining ground measurements with comprehensive remote-sensing data
using model-based techniques (White et al., 2025). EFI methods have shown their ability to produce
detailed forest attribute maps, such as GSV or AGB, by utilizing the predictive capabilities of satellite and
airborne data (e.g. Landsat, GEDI, LiDAR), often employing regression or machine learning algorithms
(Chirici et al., 2020; Vangi et al., 2021; Saarela et al., 2015).

However, a key challenge remains: while predictive maps provide detailed spatial information, they
rarely include reliable uncertainty estimates at aggregated levels (Saarela et al., 2020). Simply aggregating
pixel-based predictions across small areas does not yield valid estimates, as it overlooks spatial model bias
and fails to account for sampling error. To address this problemSmall-Area Estimation (SAE) provides a
rigorous statistical framework. Originating from official statistics (Molina & Rao, 2015), SAE techniques
have been adapted for forest inventory applications to generate unbiased and accurate estimates in
domains with few or no field plots (Breidenbach & Astrup, 2012; Goerndt et al., 2013; Magnussen &
Breidenbach, 2017). SAE methods can operate at the unit or area level. Traditional SAE methods rely
heavily on model-based approaches that “borrow strength” across areas by exploiting auxiliary informa-
tion. Among these, the Empirical Best Predictor (EBP) under unit-level mixed models—most commonly
the nested-error linear regression model (Battese et al., 1988)—has long served as a benchmark due to its
solid theoretical foundation, design-consistent properties, and relatively straightforward implementation.
However, its reliance on strict linearity, normality, and homoscedasticity can limit its efficacy in complex
ecosystems (Molina & Marhuenda, 2015). Forestry applications are frequently characterized by high-
dimensional remote sensing covariates, non-linear structural interactions, and spatial heterogeneity. Under
these conditions, the rigid parametric assumptions of classical EBP risk model misspecification, potentially
leading to biased domain estimates and deflated predictive efficiency (Rojas-Perilla et al., 2020).

These limitations have motivated the development of more flexible, data-driven approaches that can better
capture complex patterns while retaining the core idea of borrowing strength across areas. In the context of
estimating and mapping socio-economic indicators (i.e. poverty, income, inequality; Hobza & Morales, 2016),
as well as in the health care field (i.e. care-cost opportunity work) and policy settings, the Mixed-Effects
Random Forest (MERF) has emerged as a promising alternative (Hajjem et al., 2014; Krennmair et al., 2022),
demonstrating superior performance compared to classical SAE methodology, in both unit and area-level
frameworks. MERF combines the strengths of machine learning methods—specifically, random forests' ability
to model non-linearities and interactions without explicit specification (Breiman, 2001)—with the hierarchical
structure of mixed-effects models, which account for area-level heterogeneity through random effects. By
iteratively estimating fixed effects via random forests and random effects via mixed-model techniques, MERF
provides a hybrid framework that relaxes parametric assumptions while preserving the capacity to account for
hierarchical dependencies. However, despite the immense popularity of standard Random Forests in forestry,
their integration into SAE has historically been hindered by their inability to naturally account for such
grouped dependencies. This study addresses this gap by presenting the first application of MERF to forest
inventory management and introducing a data-driven framework capable of mapping localized forest
attributes, even in data-scarce zones. While recent modifications have successfully enhanced MERF's
performance—such as using PCA or rotation forests to address multicollinearity (Ananda et al., 2024)—its
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introduction to the forestry domain opens new methodological and practical avenues for interpretability,
uncertainty quantification, and computational efficiency.

These approaches are especially practical when auxiliary variables, such as canopy height models (CHM),
GEDI RH metrics, or spectral indices, are strongly correlated with the target variable. Recent studies highlight the
importance of generating not just estimates but also uncertainty maps, such as pixel-level RMSE or confidence
intervals (Saarela et al.,, 2020; Foody et al., 2003). This information is crucial for transparent reporting, model
validation, and making risk-informed decisions in forestry and land use. Furthermore, although high-quality
auxiliary data (such as Landsat, Sentinel-1, and Sentinel-2 composites) are becoming increasingly accessible, they
have not yet been fully integrated into design-based SAE at the forest stand level. Few studies have examined SAE
applications in the Mediterranean context (e.g. Galidaki et al, 2017; Mesquida et al, 2026), and, to our
knowledge, none have compared the EBP with the MERF framework in the forest sector.

This paper contributes to the growing literature on SAE by providing a comparative analysis of EBP and
MEREF in forest inventory, with particular emphasis on the trade-offs among model interpretability, flexibility,
and predictive performance. By highlighting the conditions under which each approach is most appropriate,
this study aims to clarify the role of modern machine learning methods within the established SAE paradigm.
Furthermore, this study aims to bridge the gap between advanced SAE methodologies and their practical
application in forest management. I introduce a reproducible approach to estimate GSV and its associated
uncertainty at the stand level using field plots and multi-source remote-sensing-based auxiliary variables.

Materials and methods
Study area

The study was conducted in the Nature Reserve of Vallombrosa (43.745 E, 11.562 N), located in the
Tuscany region, on the north-west side of the Pratomagno Massif (Italy) (Figure 1). The Nature Reserve of

[ Forest stand
4+ sampling plot

CHM (m)

50
0

0 750 1.500 m

Figure 1. Boundaries of the forest stands and distribution of the sampling field plot. In the background, the CHM (in m).
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Vallombrosa covers 1273 ha and ranges in altitude from 470 to 1447 m a.s.l.. The climate is temperate-
humid, with Mediterranean-type rainfall and a summer minimum. Mean annual temperature is 9.7 °C and
total annual rainfall is 1337 mm, with an average of 71.2 mm in the summer months (June-August). Parent
material is Oligocene sandstone of the “Macigno del Chianti” formation. The forest grows on sandy-loamy
or loamy soils with rich humus in the surface horizons and generally steep or very steep slopes. The
dominant forest species is silver fir (Abies alba Mill.) (664 ha), followed by European beech (Fagus
sylvatica L.). Traditionally, silver fir has been cultivated in pure stands in the Vallombrosa Forest for many
centuries, while European beech mainly originated from coppice conversion to high forest (Ciancio, 2009).
Other common forest species included Pinus nigra J.F. Arnold, Pseudotsuga menziesii (Mirb.) Franco,
introduced for experimental purposes, and Castanea sativa Mill., Quercus cerris L., Quercus pubescens
Willd., Ostrya carpinifolia Scop., and Fraxinus ornus L. The forest management plan for the period
2006-2025 (Ciancio, 2009) divided the Reserve into 658 forest stands (i.e. management units) homoge-
neous in species composition and environmental condition. The mean domain area is 1.9 ha, ranging from
0.15 ha to 13 ha. The Reserve Management plans are currently being revised in preparation for the next
management cycle (2026-2046). The next plan will guide the harvesting period, the maximum amount of
wood that can be removed from each forest stand, and will set the monitoring system for forest resources
and biodiversity. For this reason, detailed spatial information on GSV distribution and its uncertainty will
inform plan updating and intervention planning.

Field data

In this study, field data from 101 circular sampling plots with a radius of 13 m were used. Field data were collected
as part of a systematic, unaligned sampling design with a 1-ha hexagonal grid, stratified on a high-resolution
canopy height model acquired in 2015 (see details in paragraph 2.4.2). We selected plots measured in the winter
seasons of 2015/2016 to best match the remote sensing data and produce a single-year GSV map. Within each
plot, tree species, diameter at breast height (DBH), tree height, and age were measured and aggregated at the plot
level. From structural variables (i.e. DBH and height), growing stock volume (GSV) was computed using species-
specific allometric equations developed within the Italian NFI field survey framework (Tabacchi et al., 2011). Only
79 of 658 forest stands (~12% of the total) have at least one sample plot, with a median of one and a maximum of
four plots. Table 1 reports field measurements, grouped by dominant species. This study used GSV plot-level data
to estimate the total and mean GSV indicators for all forest stands in the management plan, along with their
uncertainties (mean squared error [MSE] and root mean squared error [RMSE]).

Forest mask

To ensure reliable results in small-area GSV estimation, a forest mask was needed to restrict the estimation
to forest areas. The forest mask produced by D’Amico et al. (2021) and further updated for the reference
year 2020 (D'Amico et al., 2023) was used, which closely mimics the standard forest definition used by the
Italian NFI and the FAO, and is also used by the Vallombrosa Reserve management plan.

Remote sensing variables

SAE relies on a statistical model that links field observations to auxiliary variables available at the unit level,
i.e. over the entire area of interest (often referred to as wall-to-wall). RS variables meet this fundamental

Table 1. Average structural information at the dominant species level.

Dominant species DBH N BA H GSV AGE
A.Alba 29.5 835.8 34 224 8174 87.6
C.Sempervirens 27.7 1509.4 5.0 20.0 945.1 92.0
F. sylvatica 252 882.2 26 19.0 604.9 117.5
F. Excelsior 123 3264.2 29 125 4223 62.0
P. abies 26.9 811.3 3.7 18.7 9126 102.0
P. nigra 134 28113 3.0 9.7 355.7 62.0
P. menziesii 471 554.7 45 293 1194.8 89.2
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criterion and are usually globally available, offering high spatial and temporal resolution. In this study, a
total of 13 RS variables (hereinafter referred to as predictors), mostly derived from the Sentinel-2 mission,
were used to fit the nested-error linear regression and random forest models for the EBP and MERF
methods, respectively.

Sentinel-2-based predictors

All S2 surface reflectance level 2 images acquired over the study area from the Google Earth Engine archive
(Gorelick et al., 2017) from 1% April to 30t September 2015, with less than 50% cloud cover (White et al,,
2014), were used. The S2 cloud probability dataset (Shi et al., 2022) was used to mask all pixels with a cloud
probability of 65% or higher (Parisi and Vangi, 2023). From each image, six spectral bands were retained
(red, green, blue, nir, swirl, and swir2) and five vegetation indices (VIs) were computed (Table 2), resulting
in a total of 11bands per image (6 original bands + 5 VIs). A cloud-free summer composite mosaic for each
band and VI using the medoid method (Kennedy et al, 2018) was constructed. The Medoid pixel
compositing algorithm seeks to construct the final image using pixels whose surface reflectance values are
as close as possible to the median derived from the entire image collection. The distance from the median
was calculated via the Euclidean distance.

ALS-based predictors

The airborne laser scanning (ALS) dataset was obtained from a survey conducted in May 2015 using a RIEGL
LMS-Q680i LiDAR system (Horn, Austria) and a DIGICAM H39 RGB and CIR optical sensor, both installed on
an Eurocopter AS350 B3 helicopter. The mission was flown at approximately 1100 m above ground level, at 70
knots, with 30% overlap between adjacent flight lines. The LiDAR system collected full-waveform data with an
average point density of 10 points per square meter. Georeferencing of the ALS data was performed in the
WGS84 UTM32N coordinate system by refining flight trajectories with Global Navigation Satellite System
(GNSS) and Inertial Measurement Unit (IMU) data acquired from two Italtopos network base stations (Giannetti
et al., 2018). Standard preprocessing steps—such as outlier and noise removal, classification of ground and non-
ground returns, and height normalization—were performed using LAStools (version 240220; Gilching,
Germany). Subsequently, digital terrain and digital surface models (DTM and DSM) were generated at a 1 m
spatial resolution, and the canopy height model (CHM) was derived by subtracting the DTM from the DSM.

Auxiliary predictors
To complement the set of Sentinel-2 + ALS-based predictors, the elevation from the DTM and the position
(X and Y coordinates) were added. These predictors are strictly related to the position of each unit (i.e.
pixel), and incorporating them allows the model to capture part of the spatial structure through the fixed
effects component. Although this approach does not fully model spatial dependences, it provides a simple
and effective way to mitigate spatial autocorrelation when more complex spatial models are not adopted.
Each predictor was produced at a 10 x 10 m resolution. Within each sampling plot, the mean values for
each predictor in the set were computed.

Methods

The empirical best predictor estimator
The benchmark estimator for the stand-level mean GSV was the EBP, as described by Molina and Rao
(2010) and Molina and Rao (2015).

Table 2. List of vegetation indices used as predictors, along with their formulation and source.

VI Formula Reference
Normalized difference vegetation NDVI = (NIR-R)/(NIR + R) Jénsson et al. (2018)
index
Normalized burnt ratio NBR = (NIR-SWIR)/(NIR + SWIR) Roy et al. (2006)
Enhanced vegetation index EVI = 2.5(NIR—RED)/(NIR + 6RED—7.5BLU) + 1 Bajocco et al. 2019
Wetness (TCW) 0.1509 Blue + 0.1973 Green + 0.3279 Red + 0.3406 NIR — 0.7112 SWIR_1 — Zhang et al., (2002)
0.4572 SWIR_2
Greeness (TCG) —0.2848 Blue — 0.2435 Green — 0.5436 Red + 0.7243 NIR + 0.0840 SWIR_1 — Zhang et al. (2002)

0.1800 SWIR_2
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The notation used in this study follows that of Kreutzmann et al. (2019), who developed the R package
emdi that implements the EBP. The same notation is used by Krennmair (2022), who developed the R
package SAEforest, which implements the MERF algorithm. As demonstrated by Molina and Rao (2015),
in the case of linear parameters (i.e. any parameter that can be expressed as a linear combination of unit-
level responses), the EBP estimator is equal to the Empirical Best Linear Unbiased Predictor (EBLUP)
estimator. Since Battese et al., (1988), Molina and Rao (2015), and most R packages that implement
EBLUP rely on a simplified version in which unit-level auxiliary data are replaced by their domain means
(area-level model), I opted for EBP implemented in the emdi package instead, to make full use of the
available unit-level auxiliary information.

The finite population of size N (here the total number of pixel in the study area) is denoted by U and
partitioned into D domains (the forest stand in this study) U;, U, ... Up of sizes Ny, N,, ... Np, where
i=1,., D refers to an i domain and j=L.., Njto the jth pixel in a domain. From this population, a
random sample of size n is drawn. This leads to nj,..., np observations in each domain. If n; =0, the ith
domain is not in the sample. The target variable is denoted y;;.

The EBP model is the nested error linear regression (NER) model (Battese et al., 1988), which allows
incorporation of both fixed and random effects to account for variability within and between domains.
Additionally, it enables the use of unit-level (i.e. pixel-level) data, unlike area-level models (e.g. the Fay-
Herriot model). The model is often used in finite-population models, as in this study (Sugasawa &
Kubokawa, 2020). The NER model is expressed as:

T(y’]) = X,'J'Tﬂ + u; + eij (1)

where T(y,-j) is the Box-Cox transformation of the dependent variable measured at the unit-level (pixel-

level), x;; is a p-vector of known covariates, with p the number of covariates, 8 is a p-vector of unknown
fixed effects (the coefficient of regression), and u; and e;; are area-specific random effects and unit-level
error terms, respectively. The underlying assumptions are that the random effect and the error term are
mutually independent and distributed as u; ~ N(0, 0,%) and ejj ~ N(0, 0.%). It is worth noting that, since u; is
a domain-specific random effect and thus common to all the observations in the same domain, its variance
0,? is often referred to as the “between” component of variance, in contrast to g,> the “within” component.

Since the model assumes normality and homoscedasticity of the random effects and error terms, a
transformation can be applied to relax these assumptions. The Box-Cox transformation is among the most
widely used in practice, as the logarithmic transformation is a special case. The distribution of GSV volume
within a sampling field dataset is already known to be right-skewed, both at the local and national level

(Chirici et al., 2020; Vangi et al., 2021), so the data were transformed using the Box-Cox transformation
defined by:

—(y"fﬂ)l A#0
T(}’l]) = A ’ (2)
log (yij +5), A=0

where A is an unknown transformation parameter; since the Box-Cox transformation needs positive
values, s is a shift parameter that guarantees the non-negativity assumption. Both A and s are estimated via
the restricted Stransformation by inspecting Q-Q plots and using the Shapiro-Wilk (SW) and
Kolmogorov-Smirnov (KS) tests (depending on the sample size). At the same time, homoscedasticity
was evaluated by examining the skewness and excess kurtosis of residuals. Skewness and excess kurtosis
values < |2| are considered acceptable for homoscedasticity (George & Mallery, 2010; Gravetter &
Wallnau, 2014).

In model (2), the coefficients 8 and the variance components u; + e; are estimated via the REML

estimator. The EBP of small area parameters is computed as:

6582, = E [ (Y) |y ] (3)
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where Y; = (y1,...,yn) are the unit values (both sampled and non-sampled), yj; are s observed sample

values in the i'" domain, V= ([2, 0,2, 6,2)) are model parameter estimates, h(-) is the functional form of the
target parameter (linear or non-linear). In this study, the parameters used were the mean and the total,
respectively defined as:

L ¢N
W= ﬁiz]‘:l Jij

N
5= 2 Y

Monte Carlo approximation can be used to generate synthetic populations for the target variable, both
for in-sample and out-of-sample domains, given x;; and \j, as explained in Kreutzmann et al. (2019). For
more detailed information about the algorithm, refer to Kreutzmann et al. (2019), Molina and Rao (2010),
and Molina and Marhuenda (2015). The small-area parameter for the i domain is estimated by averaging
the Monte Carlo replicates' parameter.

The MSE is estimated via a semi-parametric wild bootstrap procedure, described in detail by
Kreutzmann et al., (2019, Appendix A) and Rojas-Perilla et al. (2020). Wild bootstrap not only takes
into account the uncertainty derived from the transformation, but also protects against *‘mild” departures
from normality after using transformations” (Rojas-Perilla et al., 2020, p 123).

To express the estimator's uncertainty on a meaningful scale, the square root of the MSE was computed,
yielding the RMSE. The RMSE was also reported relative to the total and mean GSV for each stand,
expressed as a percentage (RMSE%).

The mixed-effect random forests estimator
In Equation (1), the term xijTﬁ models the conditional indicator (i.e. the mean) of y; given x;;, but can be
substituted with the general form f (x;)- While f is a linear mixed model in EBP, in MERF, f is a random

forest model. The original procedure for estimating f , 4, 6%, and 6%, was developed by Hajjem et al.
(2014) for random forests and called the Expectation-Maximization (EM) algorithm, which alternates
between estimating the non-linear fixed effects and the random effects. The MERF algorithm, adjusted by
Krennmair and Schmid (2022), fits Equation 4 by iteratively estimating: 1) the forest function, assuming
the correctness of random effects; 2) the random effect part, assuming the correctness of the out-of-bag
(OOB) prediction of the random forest. Given for any small area i:

)/i = f(X,) + Ziui + g (4)

where f(X;) represents any parametric or non-parametric function that expresses the conditional mean of
y: given X; (random forest in the case of MERF), and Z;u; is the linear part that captures the random
effects. The iterative algorithm works as follows:

1) Setb =0 and 4 =0

2) Set b = b + 1. Update f(X)(b and G, as follow:
&y =y 7 Loy
b. Estimate f (O with random forest using y,,* as the dependent variable and X as covariates
c. Get the OOB prediction from f Ow)

A 00B OB
d. Fit a linear mixed model with no 1ntercept for f(X)py :y= f (X)(b) + Zu b + €
e. Extract the variance component 6 e,(b) and the variance-covariance matrix H(b) of £ and estimate the
00B

random effects by Up) = H(b)Z U(b)71 (y - f(X)(b) )
3) Repeat step 2) until convergence is reached. In this study, the convergence criterion is a marginal
change in the generalized log-likelihood (GLL) of less than le ™ as already used by Krennmair and
Schmid (2022) and Ananda et al. (2024)
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The estimation of the variance component ¢2, was naive and thus could not be considered a valid
estimator for the variance of the unit-level error . Consequently, this estimator was corrected for bias to
obtain the residual variance 62, from the random forest model through the bootstrap approach proposed
by Mendez and Lohr (2011).

A non-parametric random-effect block (REB) bootstrap is used to estimate the area-level MSE,
following the formulation proposed by Chambers and Chandra (2013). The REB bootstrap ensures that
the variability of residuals within each area is captured. The iterative algorithm for fitting equation (4) and
the bootstrap MSE estimator are described in detail in Krennmair and Schmid (2022).

MERF was shown to be robust to model misspecification under EBP, particularly in the presence of
non-Gaussian error structure and complex interactions among covariates.

Note that, since RF does not assume normality and normally distributed residuals, Equation (4) was
fitted without applying the Box-Cox transformation used in the EBP approach.

The SAEforest R package was used to fit the MERF algorithm, and the number of bootstrap iterations
for MSE estimation was set to 200, while keeping the default values for the RF hyperparameters (ntree =
500 and mtry = 3).

Validation

Both the NER and the RF model were evaluated using a buffer leave-one-out cross-validation (BLOOCV)
scheme with the R package blockCV (Valavi et al., 2018), which creates evenly spatially distributed training
and test sets (Figure S2), considering a buffer of a specified distance (ideally, the range of spatial
autocorrelation) around each observation. Each fold is generated by excluding observations within the
specified distance of each testing point, ensuring robust validation in the presence of possible spatial
autocorrelation. The buffer distance (the range over which observations are independent) was determined
by constructing the empirical variogram, a fundamental geostatistical tool for measuring spatial auto-
correlation. The empirical variogram models the structure of spatial autocorrelation by measuring
variability between all possible pairs of points (O'Sullivan & Unwin, 2010).

Models were evaluated using the mean R%, RMSE, and RMSE% across the BLOOCV iterations:

n (= )
RMSE = M (5)
n
RMSE% = R]V_ISE 100 (6)
i

where y, j., i are the i'™ observation of the dependent variable, the i prediction, and the mean of the
observations, respectively; n represents the number of observations.

Results
Model performance

The final NER model yielded a marginal R of 0.52 and a conditional R of 0.78 (including the random
effect) on the training set. After back-transforming the data to the original range, the BLOOCYV yielded an
R? of 0.37 and an RMSE of 202 m” ha™" (RMSE% = 28.9). The optimal A and shift parameters for the Box-
Cox transformation, estimated via the REML approach, resulted in A =0.45 and shift = 0, respectively.
Normality of residuals, both for fixed and random effects, was assessed using the SW and KS tests, and by
inspecting the QQ-plot (Figure S1). All tests indicated normality (p <0.05). Homoscedasticity was
evaluated by calculating the skewness and excess kurtosis of fixed and random residuals. Since skewness
was 0.01 and 0.2 and excess kurtosis was 2.65 and 2.4 for fixed and random residuals, respectively,
homoscedasticity was confirmed.

The MERF model achieved an R* of 0.7 on the OOB observations. On the BLOOCV, the model
achieved an R? of 0.67 and an RMSE of 151 m> ha™!, corresponding to 21.7% of the mean observed GSV.
Figure 2 reports the results of the BLOOCYV for both models, comparing predicted versus observed values.
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Figure 2. Scatterplots of predicted versus observed values (in m® ha™'") for EBP (left panel) and MERF (right panel)
resulting from the BLOOCV.

Small area estimation

EBP estimation of mean GSV at the stand level ranged between 297 and 1821 m’ ha™' with an average
value of 767 m> ha™', while the mean GSV for MERF was between 350 and 1261 m> ha™' with an average
of 761 m® ha™". The total GSV ranged from 181 and 219 m® (minimum) to 8695 and 9995 m® (maximum)
for EBP and MERF, respectively. The average total GSV was 1768 and 1783 for EBP and MEREF,
respectively.

The RMSE for the mean GSV varies from 54 to 1768 with a mean of 198 m® ha™! (EBP) and from 51 to
197 with a mean of 155 m> ha™' (MERF).

To evaluate the model reliability across individual management units, the empirical 95% confidence
intervals for each domain prediction was constructed (i.e. 1.96*RMSE). The observed GSV mean of the
plots in each sampled domains fell within these corresponding 95% prediction intervals for 66 out of 79
domains when utilizing the EBP framework, and for 77 out of 79 domains when utilizing the MERF
framework (Figure 3).

Table 3 summarizes the results for the mean (in m> ha™') and total (in m®) GSV, along with their
respective RMSEs, for both EBP and MERF.

Figures 4 and 5 show the mean GSV value at the forest stand level (left panel) and its standard error
(right panel) for EBP and MEREF, respectively (Figures S3 and S4 in the Appendix show the total and their
respective RMSE for EBP and MERF), while Figure 6 shows the distribution of mean and total GSV, along
with their RMSE and RMSE%.

The RMSE of the mean GSV decreases with increasing plot count within the domain, but not linearly
(Fig. S4), for both methods. In contrast, the RMSE of the total GSV varies with the domain dimension
rather than with the number of sampling points. Overall, the RMSE of MERF for mean and total shows a
narrower distribution around the mean than EBP.

A positive relationship between GSV and its RMSE is observed in mean and total estimates for both
methods, but with significant differences between the two approaches (Figure 7). EBP shows a higher
standard deviation and a steeper regression line. Furthermore, several outliers are observed for high GSV
values (over ~1200 m> ha™"), with RMSE% approachin 100%. In contrast, MERF shows a more compact
point distribution and a much shallower slope. The RMSE remains relatively stable across the entire GSV
range, with lower variability and fewer extreme outliers than observed for EBP.

Discussion

Direct estimates of mean and total GSV at the forest stand level are limited to sampled domains and,
therefore, unavailable for all areas of interest. The use of model-based SAE methods that incorporate unit-
level auxiliary information enables extending predictions to non-sampled domains while improving overall
estimate precision compared to direct estimators or even to area-level mixed models, such as the
Fay-Herriot model (Fay III & Herriot, 1979). Numerous forestry studies have demonstrated the advantage



10 e E. VANGI

344 — e *—1 e 641 e

5221 - 649 ——————

5211 H—— 522 e

4331 ey 536 ———t——9

3341 e 6571 ——a—

511 He——e— 6581 NP

3714 el 5261 -y @

3661 ———e 6531 1

452 e 6521 e

3601 ey 6641 e

4341 Fe=%—— 5321 =g 1

3681 ey 6551 gt

431 H=—— 6561 —See—r—

3561 et 552 (= —

4401 e 5581 ——)

3501 — — 6591 =e—te——

353 = 5381 ———i

361 oy 554 — e OBS
£ 18] vty 5291 =
2446- —sre 661 —ese—r1 +~ EBP
o 4381 a8 542 ——e—0— —e MERF
0 4201 ——yt—t—1 5281 e

3751 e 6661 ———y

3481 g 663 s

3491 =g=— 5371 e

3761 e 6601 [ S

3691 a== == 6621 —p—

3461 = 5411 e

449 re— 5561 H-6—e—H

441 H—ete—ri 6651 —ae—

3721 ——, 546 —a—

3421 et | 5331 et

4434 —8-——1 5431 —te—

4281 ey 525 —we—

3731 T S —— 547 [P ——

3571 = = 551 .

3551 Ee—8——, 5391 Sy

4351 H—8— 5231 -

374 = 5341 e |

429 H—@e— 5401 H—2eo—i—

o o o o o o
B S 3 B g 3
Mean GSV Mean GSV

Figure 3. Estimate of mean GSV (in m* ha™') and its RMSE at the domain level obtained with EBP and MERF. The black
dot represents the mean GSV from the observed sampling point.

Table 3. Results for mean and total GSV and their respective RMSE for EBP
and MERF models.

Mean GSV Total GSV
SAE RMSE SAE RMSE
EBP min 297 54 1814 43
mean 767 198 1768 470
max 1821 1768 8695 4119
sd 225 126 1237 463
MERF min 351 51 219 48
mean 761 155 1783 366
max 1261 197 9995 2736
sd 110 25 1257 275

of using indirect or composite estimators over direct, design-based estimators (e.g. Breidenbach et al.,
2018; Ver Planck et al., 2018; Mauro et al., 2017; Frank, 2020; Georgakis et al., 2025; see also the review by
Dettmann et al., 2022). The resulting maps reveal gradients and clusters of forest volume that would not be
observable using sampled data alone, highlighting the practical value of SAE methods in forest inventory
and management. Given the skewed distribution of GSV, model misspecification was a potential concern
when using standard linear mixed models. For this reason, both the EBP approach with dependent variable
transformation and the MERF model were considered appropriate alternatives for handling non-normal
data, as confirmed by the results of the assumption tests.

The comparison between EBP and MERF highlights important differences in predictive performance,
robustness, and suitability for SAE of GSV. While both approaches enable the extension of estimates to
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Figure 4. Map of mean GSV (left panel, in m* ha™") and its RMSE% (right panel) using the EBP estimator at the forest
stand level.

non-sampled forest stands and provide comparable estimates of total GSV, their behavior differs subs-
tantially in terms of accuracy, variability, and stability across domains.

The NER model showed a moderate explanatory power on the training data, with a marginal R* of 0.52
and a conditional R* of 0.78, confirming the importance of random effects in capturing hierarchical
variability. However, this improvement did not fully translate into predictive performance, as indicated by
the lower BLOOCV R? (0.37) and relatively high RMSE (202 m® ha='; 28.9%). Although the Box-Cox
transformation ensured compliance with model assumptions, these statistical properties did not yield
strong generalization performance. This suggests that, despite being well-specified, the NER model is
unable to capture complex, non-linear relationships under heterogeneous forest conditions(May et al.,
2024). Moreover, multicollinearity in the training dataset may inflate the variance of the regression
coeflicients, thereby affecting unit-level predictions and the variance component of the MSE estimator
(Molina & Rao, 2015).

In contrast, the MERF model demonstrated consistently greater predictive performance, achieving R*
values of 0.70 (OOB) and 0.67 under BLOOCYV, along with lower RMSE (151 m’ ha™'; 21.7%). These
results indicate stronger generalization capability, likely due to MERF’s ability to model non-linear
relationships and interactions among predictors while accounting for hierarchical structure through
random effects. Furthermore, MERF is more robust to multicollinearity due to its underlying RF
model, which prevents variance inflation and ultimately yields more stable MSE estimates. Anand et al.
(2024) estimated per capita expenditure in Indonesia, demonstrating that MERF effectively handles
multicollinearity, especially in very small domains. This advantage becomes particularly relevant in forest
ecosystems, where structural complexity and environmental variability often violate the assumptions of
parametric models, and multicollinearity among remote sensing variables is common. Partial dependence
plot in Appendix (Fig. S5) reveals the complex, non-monotonic, non-linear relations between GSV and
almost all covariates, except for the CHM.
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Each dot represents a single domain (forest stand).

At the small-area level, both methods produced slightly overestimated overall mean GSV estimates (767
m® ha™" for EBP and 761 m® ha™" for MERF against an observed mean of 707 m> ha™"), but with different
distributions of the domain’s means. In particular, the RF predictions tend to cluster around the observed
mean, a phenomenon known as shrinkage towards the mean. This behavior is consistent with the
properties of random forest, which introduce implicit regularization through variance reduction via
ensemble averaging (Breiman, 2001; Hastie et al., 2009). Also, Krennmair and Schmid (2022) observed
the same effect when estimating total household per capita income in Mexico, using the MERF model. The
same phenomenon had already been observed in biomass and carbon mapping, confirming that the
shrinkage effect is not an emergent feature of this study. For example, Zhang et al. (2024) found that
regularized RF and quantile RF significantly reduce overestimation and underestimation compared with
vanilla RF. Mascaro et al. (2014) found that adding spatial context to RF improved tropical forest carbon
mapping. The reduction in prediction dispersion lowers the overall RMSE, but at the cost of reduced
ability to accurately represent extreme values. The shrinkage effect implies that the model underestimates
high GSV values and overestimates low ones, as suggested by the weak correlation between RMSE and
GSV. This is not a MERF-specific feature, despite being amplified by the RF implicit regularization; in
Kubokawa (2009) and Sugasawa's and Kubokawa’s (2020) reviews on SAE, the authors point out that
among the desirable properties of the EBLUP are the shrinkage function and the pooling effects, which
arise from the setup of random effects and common parameters in LMM, indicating the intrinsic shrinkage
behavior of the SAE framework.

The same effect is not observed in the total GSV estimate, which instead shows strong agreement with
the EBP method. This apparent discrepancy can be explained by the scale-dependent behavior of the
bias-variance trade-off. At the unit level, MERF reduces variance through ensemble averaging, resulting in
smoother predictions and a tendency to shrink extreme values toward the mean. When unit-level
predictions are summed to obtain area-level totals, individual over- and under-estimations tend to
compensate, and the variance reduction achieved by shrinkage dominates over the bias (Molina and
Rao, 2015), leading to more consistent total estimates. Future studies should focus on mitigating the
shrinkage effect of RF by exploring, e.g. post-hoc bias correction, hyperparameterization, and estimating
the conditional distribution rather than the mean, e.g. with quantile random forest regression.

More pronounced differences emerge when considering uncertainty measures. The RMSE associated
with MERF predictions is consistently lower and exhibits a narrower distribution (mean RMSE = 155 m’
ha™') compared to EBP (198 m® ha™"), indicating greater precision and stability. Additionally, the coverage
of observed values within the SAE confidence intervals is higher for MERF (77 out of 79 domains) than for
EBP (66 domains), suggesting improved reliability in uncertainty quantification. However, it is worth



14 e E. VANGI

noting that the size of small areas of interest plays a fundamental role in determining the precision of
estimates within the SAE framework. Although SAE techniques are designed to produce reliable estimates
at increasingly fine spatial resolutions, the number of sample plots available within each area (n;) remains
a critical factor. Specifically, the sampling variance of direct estimators is inversely proportional to ng,
implying that small sample sizes lead to high variability and unstable estimates. SAE methods mitigate this
limitation by leveraging auxiliary information; however, this introduces a trade-off between variance
reduction and potential model-induced bias. (Molina & Rao, 2015; Georgakis et al., 2025). In particular, in
unit-level methods such as NER models under EBP and RF under MERF, the MSE comprises sampling
variance, model variance, and parameter uncertainty. When n,;  is small, estimates rely more heavily on
model predictions, leading to stronger shrinkage and MSE dominated by model assumptions. As ny
increases, the influence of direct observations grows, reducing shrinkage and lowering MSE. Our study was
characterized by low coverage of the sampling domain (79 out of 658) and low sampling intensity within
domains, with a mean of 1 sampling point per domain and a maximum of 4, suggesting a strong
dependence of the estimate MSE on the model prediction. In turn, this dependency confirms the
goodness-of-fit of both models, given the relatively low RMSE obtained over the domains. Rahlf et al.
(2014) obtained similar performance (RMSE% = 18.2) in estimating timber volume within small forest
stands (1-3 ha) using the NER model, but with a higher sampling intensity of 5-7 plots per domain.

The behavior of RMSE in relation to domain characteristics provides further insight. For both methods,
the RMSE of mean GSV decreases with increasing sample size, although not linearly, reflecting diminish-
ing returns from increased sampling intensity. In contrast, the RMSE of total GSV is more strongly
influenced by domain size than by the number of sampling points, emphasizing the role of spatial extent in
error propagation. A positive relationship between total GSV and RMSE is observed for both approaches;
however, this relationship is not observed for the mean estimate in the MERF approach, while it still exists
for EBP, which shows higher variability and several extreme outliers, particularly for high GSV values
(above ~1200 m*® ha~'), where RMSE% approaches 100%. This difference in behavior between EBP and
MEREF can be attributed to their underlying model structures: In the NER model, the back transformation
inherently links the variance of predictions to the magnitude of the estimated variable, leading to a
proportional increase in RMSE with both the mean and total estimates (Molina & Rao, 2010). In contrast,
MEREF does not impose a parametric relationship between the mean and variance, as prediction uncer-
tainty is driven by the residual structure of the random forest and random effects. Consequently, the RMSE
of the mean does not necessarily increase with the magnitude of the estimate, although the RMSE of totals
still scales with the population size (domain’s area) due to aggregation. It should be noted, however, that
EBP has a mathematically proven estimator of MSE, firmly grounded in statistical theory. At the same
time, the non-parametric bootstrap scheme of MERF remains an active area of statistical research
regarding its theoretical consistency in small domains (Krennmair & Schmid, 2022).

From a modeling perspective, a key distinction lies in how predictors are treated. The EBP approach
requires explicit model specification and variable selection, whereas MERF benefits from the implicit
variable selection of random forests, enabling it to identify relevant predictors, capture complex interac-
tions, and reduce preprocessing steps. While this improves predictive performance, it also introduces a
trade-off in interpretability (Krennmair and Schmid, 2022). Nonetheless, interpretability is often less
important than estimate precision in the SAE framework. Interpretability can be partially recovered
through diagnostic tools such as variable importance and partial dependence analysis, as well as explain-
able AI methods such as SHapley Additive exPlanations (SHAP) (Strumbelj et al., 2010). However, it must
be noted that the computational time required to fit the MERF model was more than six times that of the
EBP, especially due to the complex non-parametric bootstrap scheme for RMSE estimation and the
bootstrap-based adjustment of the residual variance in RF. For large-scale applications, computational
intensity can become an issue, which could be partially mitigated by parallelizing the bootstrap scheme.

Overall, the results confirm that model-based SAE methods substantially enhance the estimation of
forest attributes at fine spatial scales. While the EBP framework remains theoretically robust and
interpretable, its predictive performance is limited in complex and highly variable forest environments.
The MERF model, by combining the strengths of machine learning and mixed-effects modeling, provides a
more accurate, stable, and reliable alternative for GSV estimation. These findings support the adoption of
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machine learning-based approaches in forest inventory, particularly for handling non-linear relationships,
heterogeneous conditions, and low-intensity sampling coverage.

Limitation and future direction

Forest variables are inherently spatial. While SAE models include area-level random effects, traditional RF and
NER models do not explicitly model continuous spatial autocorrelation. To mitigate spatial autocorrelation,
we included the coordinates and altitude of the sampling points as predictors and evaluated the model using a
spatial block cross-validation approach. However, future studies should focus on integrating explicit spatial
models into SAE, for example, comparing the spatial empirical best linear unbiased predictor (SEBLUP,
Petrucci & Salvati, 2004a, 2004b) or the spatial empirical Bayes predictor (SEBP, Handayani et al., 2018) and
including Geographically Weighted RF or Spatial RF into MERF. Emick et al. (2023) proposed a Geostatistical
model-based estimator to account for spatial autocorrelation and to correct for bias, based on summaries of
Monte Carlo Markov Chain samples from Bayesian posterior distributions. Another possibility to relax the
NER model’s assumptions, particularly in the presence of multicollinearity or outliers, is to consider robust
estimation techniques, such as the estimators developed by Chambers et al. (2014) and further extended by
Schmid et al. (2016) to account for spatial correlation. On the other hand, Ananda et al. (2024) have already
used Principal Component Analysis and rotation forests in MERF to mitigate multicollinearity.

Regarding the indicators, while the mean is the gold standard in almost all SAE research, totals and
other indicators are often understudied, especially indirect indicators (indicators that are not in a linear
relationship with the unit-level predictions), such as the Gini index or quantiles, which may be interesting
parameters in biodiversity conservation studies.

Finally, an inherent limitation, and, at the same time, a notable feature of the study, was the large
proportion of unsampled domains and the small sampling size within domains (n,; < 4), which limited the
accuracy of the estimation in terms of RMSE, but highlighted the necessity of such approaches to deal with
real-world datasets, often with similar charateristics in the field of local forest management.

Conclusion

Small-area estimation has become an increasingly important research focus in forest inventory, primarily
because it enables model-based inference in small domains where limited sample data prevent reliable
estimates based solely on design-based methods, and secondly because of its inherent ability to provide an
assessment of the estimate via standard error or MSE estimation. While the EBP approach remains
theoretically sound and interpretable, its performance is constrained by complex, non-linear relationships
and multicollinearity in the training dataset. In contrast, the MERF model offers advantages in model
specification, affecting its predictive accuracy, robustness, and stability, providing more reliable uncertainty
estimates, albeit at the cost of increased computational demand and reduced interpretability. Both methods
exhibit inherent shrinkage effects that influence domain-level estimates but tend to balance out at aggregate
levels, resulting in consistent total GSV estimates. Ultimately, the findings highlight a trade-off between
theoretical rigor and predictive performance, supporting the integration of machine-learning-based
approaches into forest inventory practices and local management plans, especially in contexts characterized
by low sampling intensity and high environmental heterogeneity, thereby contributing to the ongoing
development of more robust SAE methods.
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