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Abstract

Accurate estimation of timber volume and above-ground biomass in terms of variance reduction is essential for
sustainable forest management and for the estimation of above-ground carbon. This study evaluated the
performance of the Model-assisted estimator (MAE) across different functional forms, given a single continuous
auxiliary variable derived from Sentinel-2A, and a model that regards the treatment as a categorical variable,
compared to the Horvitz-Thompson estimator (HTE) in its simple form. Eight models (linear, generalized, and
nonlinear) were analyzed using a quasi-systematic field sampling scheme in a managed temperate forest in
Puebla, Mexico. The Green Normalized Difference Vegetation Index (GNDVI) was selected as an auxiliary variable
using regularization methods (LASSO and Elastic Net, with cross-validation as the selection criterion). The
population means estimated using MAE were consistent across models and comparable to the Horvitz-Thompson
estimator. Significant differences in relative efficiency were observed in both volume and above-ground biomass
estimations when analyzing the variance of MAE relative to the HTE. For harvestable volume, the model using
GNDVI and silvicultural management achieved a 37.65 % reduction in variance; for above-ground biomass, the
reduction was 30.21 %. The findings show that model-assisted estimation significantly improves accuracy without
compromising unbiasedness.

Keywords: Horvitz-Thompson estimator, quasi-systematic sampling, Sentinel-2, ecosystem services, variance,
forest volume and biomass.
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Resumen

La estimacion precisa, en términos de reduccion de la varianza, del volumen maderable y la biomasa aérea es
fundamental para el manejo forestal sostenible y la estimacion de carbono aéreo. Este estudio evalud el
desempefio del Estimador asistido por modelos (MAE, por sus siglas en inglés) al considerar diferentes formas
funcionales cuando se dispone de una Unica variable auxiliar continua derivada de Sentinel-2A y un modelo que
considera el tratamiento como variable categoérica respecto al Estimador Horvitz-Thompson (HTE, por sus siglas
en inglés) en su version simple. Se analizaron ocho modelos (lineal, generalizados y no lineales) bajo un esquema
de muestreo en campo cuasi-sistematico en un bosque templado con manejo forestal de Puebla, México. El Indice
de Vegetacion de la Diferencia Normalizada Verde (GNDVI, por sus siglas en inglés) fue seleccionado como variable
auxiliar mediante procedimientos de regularizacidon (LASSO y Elastic Net, criterio de seleccion validacidon cruzada).
Las medias poblacionales estimadas mediante MAE fueron consistentes entre modelos y comparables con el
Estimador de Horvitz-Thompson. Se observaron diferencias importantes en eficiencia relativa tanto en la
estimacion de volumen, como de biomasa aérea cuando se analiza la varianza de MAE respecto a HTE. Para
volumen maderable, el modelo con GNDVI y el tratamiento silvicola logré la reduccion de varianza de 37.65 %;
en tanto que en la biomasa aérea fue de 30.21 %. Los hallazgos demuestran que la estimacion asistida por
modelos incrementa significativamente la precisién sin comprometer el insesgamiento.

Palabras clave: Estimador Horvitz-Thompson, muestreo cuasi-sistematico, Sentinel-2, servicios ecosistémicos,
varianza, volumen y biomasa forestal.

Introduction

Reliable estimates of forest attributes such as timber volume and above-ground
biomass are essential for sustainable management, carbon accounting, and
ecosystem monitoring (Hu & Sun, 2022). The accuracy of these estimates enables
assessment of carbon stocks and productivity, as well as the development of

strategies to mitigate climate change (Zadbagher et al., 2024).

Traditionally, forest inventories have used systematic probability sampling with a
random start and design-based estimators, such as the Horvitz-Thompson estimator
(HTE) (Horvitz & Thompson, 1952), which ensures unbiasedness under appropriate
inclusion probabilities. However, variance estimation proves intractable or unstable
in systematic or quasi-systematic designs that are common in operational inventories
such as the USDA’ FIA program; therefore, approximations based on simple random

sampling are frequently used.
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Although in theory the Horvitz-Thompson estimator has favorable properties, it can
exhibit high variance in heterogeneous populations (Stahl et al., 2016). To mitigate
this limitation, model-assisted estimation incorporates auxiliary information available
for the entire population, combining predictions with weighted residuals (McConville et
al., 2020), whereby design-unbiased and potentially more efficient estimators can be

obtained when the auxiliary variable is predictive (McRoberts et al., 2006).

Within this context, the availability of Sentinel-2 imagery has advanced the estimation
of forest variables on a large scale (McRoberts et al., 2006). Vegetation indexes,
particularly those in the red and near-infrared bands, show a high correlation with
structural attributes, which allows for the use of models such as linear regression,

additive models, and machine learning techniques (Khan et al., 2024).

However, in Mexico, particularly in managed forest areas, there is limited evidence
on how model choice affects the efficiency of the Model-assisted estimator (MAE) from
a design perspective, especially when only a single auxiliary variable is available.
Therefore, this study evaluates the performance of different models in estimating
volume and biomass using an MAE approach, with an emphasis on variance reduction,
compared to the Horvitz-Thompson estimator in a quasi-systematic sampling

context.
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Materials and Methods

Study area

The study was conducted in a managed forest in the Emiliano Zapata ejido,
Chignahuapan municipality, state of Puebla, Mexico. This forest is characterized by
the presence of pine trees (Pinus ayacahuite Ehrenb. ex Schlitdl., Pinus teocote
Schied. ex Schltdl. & Cham., Pinus greggii Engelm. ex Parl., Pinus pseudostrobus
Lindl.), firs (Abies religiosa (Kunth) Schltdl. & Cham.), oaks (Quercus rugosa Née,
Quercus crassifolia Bonpl., Quercus laurina Bonpl.), and, to a lesser extent, other
broad-leaved trees (Alnus acuminata Kunth, Arbutus xalapensis Kunth). Field data
were collected in late 2023 on a forest property managed with the Silvicultural
Development Method (SDM) and the Mexican Method for the Management of Irregular
Forests (MMOBI). The SDM included the following silvicultural treatments: thinning
(T), release cutting (RC), and regeneration cutting (RGC), carried out in 2016, 2014,
and 2014, respectively. The MMOBI study examined the selective logging (SL)
treatment implemented in 2016. The total sampled area covered approximately 102
ha (Figure 1).
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Figure 1. Quasi-systematic sampling design in the study area.

A total of 102 circular sampling units were established using a quasi-systematic sampling
design, with a theoretical spacing of 100 m between plots (Figure 1). Each sampling unit
covered 1 000 m2. Based on the methodology defined for the National Forest and Soil
Inventory (Comisidn Nacional Forestal [Conafor], 2017), all trees within each plot with
a diameter at breast height (DBH) above 7.5 cm were measured, using a 95-cm model
Mantax Blue Haglof® aluminum caliper and a model 283D Forestry Suppliers® diameter
tape; total height (m) was measured with a model PM-5a Suunto® clinometer. In

addition, the species of the measured individuals was recorded.
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Field estimation of the timber volume and biomass

The timber volume and above-ground biomass of each tree were calculated using
species-specific allometric equations previously developed for the study region. Based
on the species identified in the field, the equations were taken from the following
sources: Avendano-Hernandez et al. (2009), Soriano-Luna et al. (2015), Diaz-Rios et

al. (2016), Arias-Téllez and Garcia-Martinez (2017) and Correa-Diaz et al., (2025).

The volume and total biomass per plot were obtained by aggregating the individual
tree estimates for all the species found in each sampling unit. Based on the totals for
each sampling unit, the HTE and MAE estimators were applied to obtain estimates of
the average timber volume and average above-ground biomass per sampling unit (1

000 m? circular plot).

Supplementary data derived from Sentinel-2

The auxiliary data were obtained from Sentinel-2A multispectral images (October-
November 2023) retrieved via the Google Earth Engine. Scenes with a cloud cover <5 %

were selected, and cloud and shadow masking were applied (Khan et al., 2024).

To reduce temporal variability, a mean composite was created from the filtered
dataset. Five widely used vegetation indices were calculated for this composite: NDVI
(Normalized Difference Vegetation Index), GNDVI (Green Normalized Difference
Vegetation Index), EVI (Enhanced Vegetation Index), MSAVI (Modified Soil Adjusted
Vegetation Index), and SIPI (Structure-Insensitive Pigment Index) (Besic et al.,
2025). The average values per plot, obtained through spatial interpolation, were used

as auxiliary variables in the models.
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Auxiliary variable selection

Exploratory analyses were conducted to assess the relationship between forest attributes
and spectral indexes using scatter plots and histograms. Due to the slight nonlinearity and
strong asymmetry in volume and biomass, Spearman's rank correlation coefficients were

applied to assess monotonic relationships (Dhiman & Kumar, 2025).

The high correlation among the indices indicated multicollinearity; therefore,
regularization techniques (LASSO and Elastic Net, using cross-validation for selection)
were applied to select a parsimonious auxiliary variable (Valbuena et al., 2017). Both
methods consistently identified the GNDVI as the most informative predictor.

Comparative analysis of models

The analysis was based on the simplified version of the Horvitz-Thompson estimator
(HTE), which uses simple random sampling estimators, even though the data were
collected in a quasi-systematic manner (Frank & Monleon, 2021). For comparative
purposes with respect to the HTE, the Model-assisted estimator (Stahl et al., 2016)
was utilized, initially considering two generalized linear models, one generalized

additive model, and four explicitly nonlinear models in its prediction term (Table 1).

10
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Table 1. Models used (MAE) in the comparative analysis.

Model type Model structure

Generalized linear Distribution: y,~Normal(n,0?), E(y,)=u,, var(y,)=0?
model (LIM) with

Linear predictor: n,=B,+pB,X;
normal distribution P ni=Bo+BXi

Liaison role: n,=y;, identity link

Generalized linear TR . _ 2 H,
model (GLM) with Distribution: y,~Gamma(a;B,); E(v,)= aiB,=u, var(y )=a o
Gamma distribution  Linear predictor: n,=B,+8,x;

Liaison role: n,=log(u;), log link

Generalized additive  Nictoibitian: v e Y. _ _z_u_,
model (GAM) with Distribution: y,~Gamma(a; B,); E(v,)= aiB,=u, var(y )=aB; -

Gamma distribution  Linear Predictor: n,=g,+f;(x;)
Liaison role: n,=log(u;),loglink
Schumacher (NL1)  y,=ePo*hi/Xit+g; , ~N(0,0°)
Exponential (NL2) y,=ePotbriive; , £~N(0,0°)
Potential (NL3) y,=ByxP1+g; , £~N(0,0%)

Inverse Michaelis- y=-L0 te ~N(0,02)
Menten (NL4) i

a;..n; B, ,oB1 = Coefficients of regression; u, = Population mean; 0? = Population
variance; € = Random error; y = Volume or biomass; x = GNDVI; x and y are

provided per sample unit.

Based on the observed dispersion in the volume-GNDVI and biomass-GNDVI ratios,
seven models were evaluated to analyze, in comparison to the HTE, the sensitivity
and behavior of model-assisted estimators with different functional structures; a
single continuous auxiliary variable was used: the GNDVI. Within this context, Y
represents the response variable (volume or biomass per sampling unit), while X
represents the predictor variable (GNDVI) (Table 1).

In addition, a generalized model (Stahl et al., 2016) was considered, including not

only the GNDVI but also the silvicultural treatment (CAT) as a categorical variable.

11
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Model fit assessment

Since the models included both generalized linear models and nonlinear models, the
following fit criteria were utilized: Root mean square error (RMSE), Mean absolute
error (MAE), Mean residual error (MRE), and pseudo-R?, as well as the Akaike
information criterion (AIC) and the Bayesian information criterion (BIC) (Gonzalez-
Rosales & Ortiz-Paniagua, 2022).

These metrics were not used as the sole selection criterion, but rather as tools to
characterize the behavior of the residuals, given that, within the context of model-
assisted estimation, the variance of the estimator depends directly on the residual

variability under the sampling design (Stahl et al., 2016).

Assessment of MAE's performance regarding HTE

Using the HTE and MAE estimators, as mathematically defined by McConville et al.
(2020), the means for volume and biomass per sampling unit were calculated, along
with their respective variances. The HTE uses only field data, whereas the MAE
estimates the population mean by combining the average of the model’s predictions
for all units (N=1 089) with an adjustment based on the average of the residuals. The
performance of the MAE was evaluated against the HTE using the following criteria
(Dettmann et al., 2022):

12
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Relative efficiency (RE): RE = L& uae) (4

var(aurE)

Variance reduction: (VR): VR = (1 —-RE)100 (2)

Standard error (SE) of the estimator: SE =Var(a): (3)

Zy )y SE

Relative sampling error (RSE): RSE = —Z— %100 (4)

Where:
d = Population parameter estimation
Zy, = Critical value of the normal distribution for the confidence level.

Var = Variance

Variable selection and exploratory analysis were performed using SAS version 9.4
(SAS Institute Inc., 2024). Model fitting, as well as the calculation of model-based
estimators and their variances, were performed in R version 4.5.0 (R Core Team,

2025), using the mgcv and nls2 packages.

13
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Results

The inventory, comprising 102 sample plots, revealed a sample mean of 31.18 m?3 for
timber volume and 15 711 kg for above-ground biomass (AGB), both per sample plot
(green vertical line in Figure 2). Both variables exhibited positive asymmetry
(asymmetry coefficients of 0.78 for volume and 0.82 for biomass). The Gamma
distribution, which belongs to the exponential family, was found to converge rapidly
and provide the best theoretical fit for timber volume (AIC=819.85 and BIC=825.10);
it also proved to be an ideal candidate for biomass (AIC=2 056 and BIC=2 061)
(Figure 2).
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Figure 2. Distribution of the variables volume (m3) and biomass (kg) per sampling unit.
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Auxiliary variable selection

The correlation analysis revealed significant relationships between forest attributes and
all Sentinel-2 spectral indices. The timber volume showed a stronger correlation with
spectral data (mean=-0.51) than the biomass (mean=-0.42), suggesting that these
variables may be useful for predicting these forest variables at the sampling unit level.
The LASSO and Elastic Net regression procedures identified GNDVI as the auxiliary
variable with the greatest predictive power, and thus the greatest impact for both
parameters (the minimum cross-validation lambda for volume was 0.35 (log lambda=-
1.06) for LASSO and 1.46 (log lambda=0.38) for Elastic Net. Meanwhile, for biomass,
the value was 341.13 (log lambda=5.84) for Lasso and 682.26 (log lambda=6.25) for
Elastic Net. In this regard, the Spearman correlation coefficients were -0.52 between
volume and GNDVI, and -0.45 between biomass and GNDVI.

Comparative model fitting for timber volume and above-

ground biomass

With the exception of pseudo-R?, the seven models evaluated showed little difference

in performance when used to predict timber volume (Table 2).

15
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Table 2. Fitting parameters of the models evaluated for predicting harvestable volume.

Model RMSE MAE MRE Pseudo-R? AIC BIC

LIM  B,=232.75%* 11.76  9.58 0.001 0.29 798.4  806.28
B,=-291.18%*

GLM B, =9.661** 11.59  9.41 0.047 0.31 789.9  797.86
B,=-9.028**

GAM B =3.412%* 11.58 9.41 0.092 0.31 790.0  798.21
S(GNDVI)=1.12%%*

NLL  B,=-3.458** 11.52  9.34 0.039 0.31 794.1  802.02
B,=4.746 **

NL2 B =10.421** 11.56  9.36  0.055 0.31 794.7  802.66
B,=-10.136**

NL3  B,=2.330% 11.54  9.35 0.047 0.31 794.4  802.32
B,=-6.942 **

NL4  B,=3.304%* 11.49  9.34 0.002 0.321 793.52 801.396
B,=-0.580%*

RMSE = Root mean square error; MAE = Mean absolute error; MRE = Mean residual
error; AIC = Akaike information criterion; BIC = Bayesian information criterion.
Models: LIM = Generalized linear model with normal distribution; GLM =
Generalized linear model with Gamma distribution; GAM = Generalized additive
model with Gamma distribution; NL1 = Schumacher; NL2 = Exponential; NL3 =
Potential; NL4 = Inverse Michaelis-Menten. *Significant coefficients; **Highly

significant coefficients.

Although there are certain similarities in the fitting criteria, the NL4 nonlinear (inverse
Michaelis—Menten) model had the lowest value for RMSE (11.490) and the highest for
pseudo-R? (0.321). Similarly, the GLM and GAM models, which incorporated the
Gamma distribution, had the lowest AIC values (789.9 and 790.0, respectively),
indicating a better fit compared to the linear model (LIM), which had the highest AIC
(798.4). This behavior was also observed with the BIC.

16
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Consequently, for the volume case, all models produced point estimates that were very
similar to one another across the GNDVI spectrum and close to the observed mean

obtained using the Horvitz-Thompson estimator (HTE), which was 31.18 m3 (Figure 3).
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Figure 3. Volume distribution versus GNDVI (left) and above-ground biomass

versus GNDVI (right), along with the curves from the evaluated models.

In the prediction for above-ground biomass, the results were consistent with the trends
observed for volume; /. e., the fitted values showed little variation. In this case, the
relatively highest AIC and BIC values were observed for GLM and GAM (Table 3).

17
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Table 3. Fitting parameters of the models evaluated for predicting above-

ground biomass.

Model RMSE MAE MRE Pseudo-R?2  AIC BIC

LIM  B,=86 838** 5063.57 4 024.07 0.000 0.21 2 035.54 2 043.42
B,=-102 748**

GLM  B,=13.999%* 5022.83 3984.25 11.39 0.22 2 036.00 2 043.88
B,=-6.284%*

GAM B, =9.648** 5000.37 3962.27 31.76 0.23 2 036.02 2 044.73
s(GNDVI)=1.316**

NLL B, =4.824** 4999.07 3984.82 10.59 0.23 2 032.93 2 040.80
B, =3.333%*

NL2 B =14.513%* 5014.41 3992.71 13.51 0.22 2 033.55 2 041.43
B,=-7.032 **x

NL3 B, =2 589.40%* 5006.31 3988.85 12.07 0.23 2 033.22 2 041.10
B,=-4.847**

NL4  B,=2257.397**  4984.17 3976.36 11.82 0.23 2 032.32 2 040.19
B,=-0.544%*

RMSE = Root mean square error; MAE = Mean absolute error; MRE = Mean residual
error; AIC = Akaike information criterion; BIC = Bayesian information criterion.
Models: LIM = Generalized linear model with normal distribution; GLM =
Generalized linear model with Gamma distribution; GAM = Generalized additive
model with Gamma distribution; NL1 = Schumacher; NL2 = Exponential; NL3 =

Potential; NL4 = Inverse Michaelis-Menten. **Highly significant coefficients.

In this case, the NL4 model performed best (RMSE=4 984.17), with AIC and BIC
values similar to those of the other models. The linear and generalized models
exhibited lower variability (Coefficient of variation [CV]=16 %) than the nonlinear

models (CV=18 %), with differences at the extremes.

Given the similar performance in MAE, the silvicultural treatment was included in the
GLM along with GNDVI, due to its high internal variability (CV up to 55.7 %). This

18



Revista Mexicana de Ciencias Forestales vol. 17 (96
Proyecto Estratégico Forestal (2026)

improved the fit (RMSE=11.011, pseudo-R?=0.377, AIC=786.361). Both predictors

were significant (p<0.05), resulting in treatment-specific models based on GNDVI.

The above-ground biomass was modeled using a GLM with silvicultural treatment
and GNDVI as predictors, given the high variability among treatments (CV up to
54 %). The model improved the fit (RMSE=4 770.92; pseudo-R?=0.30; AIC=2
032.5), and both predictors were significant (p<0.05). The model includes
treatment-specific indicator variables, allowing for differentiated estimates based
on the GNDVI (Figure 4).
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T1 = Thinning 1; T2 = Thinning 2; T3 = Thinning 3; RC = Release cutting; RGC =
Regeneration cutting; SL = Selective logging.

Figure 4. Volume (left) and biomass (right) estimated using a GLM that includes

GNDVI and silvicultural treatment.
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Efficiency and accuracy gains (MAE vs. HTE)

Overall, the MAE outperformed the HTE in all of the model structures evaluated. The
average RE value for MAE relative to HTE, considering all seven models, was 0.6897;
that is, on average, regardless of the evaluated model, the variance of MAE was 68.97
% of the variance of HTE, resulting in an average reduction in volume variance for MAE
relative to HTE of 31.03 %. The NL4 model showed a 32.17 % reduction in variance,
slightly higher than the other models, indicating a 6.93 % decrease in the relative
sampling error. The average volume figures for MAE and HTE are virtually identical, at

31 m3 per plot, which is equivalent to 310 m3 per hectare (Table 4).

Table 4. Estimates of harvestable timber volume per sampling unit and variance

values for each evaluated model.

Estimator Model Mean Variance RE VR (%) SE RSE (%)

HTE Control 31.18 1.74 1 1.321 8.30
MAE LIM 30.74 1.24 0.714 28.64 1.115 7.10
MAE GLM 30.78 1.20 0.691 30.91 1.098 6.99
MAE GAM 30.80 1.20 0.690 31.03 1.097 6.98
MAE NL1 30.74 1.19 0.683 31.66 1.092 6.96
MAE NL2 30.74 1.19 0.687 31.29 1.095 6.98
MAE NL3 30.74 1.19 0.685 31.54 1.093 6.97
MAE NL4 30.75 1.18 0.678 32.16 1.088 6.93

RE = Relative efficiency; VR = Variance reduction; SE = Standard error; RSE = Relative

sampling error. HTE = Horvitz-Thompson estimator; MAE = Model-assisted estimator.

In the case of above-ground biomass, the relative efficiency of MAE compared to HTE
was 0.7706, resulting in an average reduction in variance of 22.94 % when the seven
models were considered together. The NL4 model achieved an accuracy gain of 23.84
%, slightly higher than the other models, resulting in a relative sampling error of 5.95
% (Table 5).

20
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Table 5. Biomass estimates per sampling unit and variance values for each

evaluated model.

Estimator Model Mean Variance RE VR (%) SE RSE (%)
HTE - 15711.14 292 983.16 1 541.002 6.749
MAE LIM 15 557.05 230081.39 0.786 21.389 479.668 6.043
MAE GLM 15 570.64 226 393.25 0.774 22.649 475.808 5.989
MAE GAM 15 579.67 224 365.16 0.767 23.342 473.672 5.959
MAE NL1 15 555.26 224 256.23 0.766  23.379 473.557 5.967
MAE NL2 15 554.68 225633.55 0.771 22.909 475.009 5.985
MAE NL3 15554.96 224 905.47 0.768 23.157 474.242 5.980
MAE NL4 15 553.80 222920.90 0.762 23.835 472.145 5.950

RE = Relative efficiency; RV = Variance reduction; SE = Standard error; RSE = Relative

sampling error. HTE = Horvitz-Thompson estimator; MAE = Model-assisted estimator.

Although the average estimates per plot (1 000 m2) were similar (15 711.14 kg for
HTE and 15 560.87 kg for MAE), the accuracy of the MAE varied substantially among
the seven evaluated models. In the model-assisted approach, variance reduction
depends on the model’s explanatory power; in the absence of predictive power, the

MAE converges to the HTE in efficiency.

The generalized model incorporating GNDVI and silvicultural treatments showed the
highest relative efficiency (62.4 % for volume and 69.8 % for biomass), which
corresponds to reductions in variance of 37.65 % and 30.21 %, and sampling errors of
6.6 % and 5.7 %, respectively (Table 6). The standard error confirmed its superiority
under the conditions evaluated. Although models based solely on GNDVI showed similar
performance, the combined inclusion of quantitative and qualitative variables resulted in

substantial improvements over the estimator based exclusively on field data.
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Table 6. Relative efficiency and variance reduction for the GLM model that accounts
for GNDVI and silvicultural treatment (CAT).

Variable Mean Variance RE VR (%) SE RSE (%)
Volume 30.950 1.088 0.624 37.649 1.043 6.606
Biomass 15647.160 204 255.187 0.698 30.213 451.946 5.662

RE = Relative efficiency; VR = Variance reduction; SE = Standard error; RSE =

Relative sampling error.

Furthermore, a relative efficiency of 0.624 indicates that, using the GLM-CAT Model-
assisted estimator, a sample of approximately 64 units (102x0.624=64) would be
enough to obtain a variance in the harvestable volume estimate equivalent to that
achieved with a sample of 102 units under the estimator based on simple random
sampling. In a similar way, when estimating above-ground biomass, a relative
efficiency of 0.698 suggests that the MAE estimator assisted by the GLM-CAT model
requires only approximately 71 sampling units (102x0.698x71) to achieve the same

variance under a simple random sampling scheme with 102 units.

Discussion

A procedure was established to identify the operational approach that minimizes
waste and maximizes efficiency in terms of reducing variance in the timber and
biomass inventory. A key finding was the stability of the population mean estimates
per sampling unit across the LIM, GLM, GAM, NL1 through NL4, and GLM-CAT models,
confirming that model-assisted estimators remain unbiased and consistent with

respect to the design, regardless of the model specification (Stahl et al., 2016).
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The integration of data from multiple sources improves the carbon storage estimates,
particularly in complex regions (Matiza et al., 2023), while advanced techniques such
as neural networks or transformers enable the capture of spatial and spectral
dependencies, thereby reducing errors in structural attributes (Tanase et al., 2025).
Nevertheless, the robustness observed in this study reinforces the applicability of the
MAE in operational contexts, where the exact specification of the model is not
guaranteed and accuracy depends more on data quality than on the model itself
(Ameztegui et al., 2022).

The GNDVI proved to be an effective auxiliary variable, given its high sensitivity to
chlorophyll content (Gitelson et al., 1996). The observed values, ranging from 0.64 to 0.76,
are consistent with healthy vegetation conditions and comparable to those reported in

studies that have used this index to detect stress conditions (Zhang et al., 2025).

In terms of efficiency, the GLM-CAT model (GNDVI plus silvicultural treatment)
showed the greatest reduction in variance for volume (37.65 %), while nonlinear
models, such as Schumacher’s (NL1) and the potential model (NL3), did not show
substantial improvements. For above-ground biomass, the maximum reduction,
though less significant (30.21 %), was also achieved using GLM-CAT, suggesting a
weaker relationship with the GNDVI. This result confirms that efficiency gains depend
more on the strength of the relationship between the auxiliary variables than on the
complexity of the model (Stahl et al., 2016).

Although a Gamma distribution was found to yield better AIC and BIC values, from a
design-based perspective, the choice of distribution affects precision (reduction in
variance) but not the exact estimates. The observed reductions in variance, ranging
from 30 % to 37 %, are significant when considering a single auxiliary optical variable.
However, they are lower than those reported in studies using LIDAR data, which
provide greater explanatory power (McRoberts et al., 2006). For example, McRoberts
et al. (2013) described reductions of more than 80 % using LiDAR data, while
Breidenbach and Astrup (2012) found relative efficiencies ranging from 0.35 to 0.87.
Similarly, Zhao et al. (2024) reported relative efficiencies of 0.73 in annual biomass

estimates using Sentinel-2 data.
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The pseudo-R? values of 0.38 for volume and 0.30 for biomass are consistent with
previous studies in temperate forests using spectral indices as predictors (Hernandez-
Ramos et al., 2020; Lopez-Serrano et al., 2021). Overall, the findings confirm that
model-assisted estimation improves efficiency without compromising design-based
validity. Future research should assess stability in finite samples and explore the
integration of multi-source data and advanced techniques, in line with current trends
in forest monitoring (Besic et al., 2025; Stahl et al., 2016).

Conclusions

The comparative analysis confirms that the Model-assisted estimator (MAE)
outperforms the Horvitz-Thompson estimator (HTE) regardless of the model
specification used. However, evidence suggests that incorporating a Gamma
distribution (using GLM or GAM) or employing specific nonlinear forms (NL4) yields
the greatest gains in accuracy because it reduces variance when using a spectral
index such as GNDVI and silvicultural treatment. These models effectively reduce the
sampling error to approximately 6.9 %, which renders them a cost-effective

alternative to inventories that rely solely on intensive fieldwork.
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