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Abstract. Meunpong P, Takuathung CN, Rianthakool L, Yingdee J, Kaewgrajang T, Sriarkarin S, Jumwong N, Sangvisitpirom P,
Chonlapap N, Chumsangsri T. 2026. Generalized additive models vs. traditional models for teak biomass estimation in Northern
Thailand. Biodiversitas 27 (1): d270119. https://doi.org/10.13057/biodiv/d270119. Accurate estimation of aboveground biomass is
essential for carbon accounting and sustainable management of teak (Tectona grandis) plantations, yet traditional allometric equations
may not capture nonlinear variation in stem form and crown biomass allocation. We developed and evaluated generalized additive
models (GAMs) incorporating internal stem geometry (mid-height and mid-diameter) using destructive sampling of 30 trees (n = 30)
from managed teak plantations in northern Thailand. Model performance was assessed using leave-one-out cross-validation (LOOCV)
and compared with a conventional log-linear DBH-only allometric model. The GAM substantially outperformed the traditional allometric
model, reducing prediction error by approximately 44% (RMSE = 28.47 kg vs. 51.28 kg) and increasing predictive accuracy (R? = 0.975
vs. 0.918). GAM smoothers revealed interpretable nonlinear effects for DBH and mid-height, while mid-diameter was penalized toward
linearity. Residual diagnostics indicated adequate model fit, and sensitivity analysis showed that GAM performance was robust to
changes in smoother complexity. Branch biomass exhibited lower deviance explained but moderate LOOCV accuracy. Leaf biomass
showed low predictability due to inherently high biological variability. Monte Carlo simulations propagated tree-level uncertainty to
plot-level biomass. The GAM produced substantially narrower 95% confidence intervals (0.91-1.85 t ha*) than the allometric model
(1.76-4.14 t ha'), indicating improved stability for operational carbon assessments. These results demonstrate that flexible modeling
approaches incorporating internal stem geometry can significantly enhance both accuracy and precision of teak biomass estimation.
Generalized additive models provide a robust alternative to traditional allometries, particularly where nonlinear stem structure
influences biomass allocation, and offer clear advantages for plantation-scale carbon accounting and sustainable forest management.
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INTRODUCTION understanding its carbon sequestration potential, optimizing

forest management, and participating in climate mitigation

Teak (Tectona grandis L.f.) is one of the most
commercially important and ecologically significant tropical
hardwood species, prized worldwide for its exceptional
timber quality, durability, and resistance to decay (Fuseini
et al. 2025). Native to Southeast Asia, it has been widely
planted across tropical regions globally, making it a
cornerstone of high-value forestry, plantation economics,
and sustainable timber production (Stewart et al. 2021;
Kollert et al. 2024). Beyond economic importance, mature
teak stands contribute to habitat structure, microclimate
regulation, and biodiversity support, particularly for understory
plants, epiphytes, insects, and bird communities that utilize
the multi-layered canopy architecture (Harikrishnan et al.
2012; Woods et al. 2019). In Thailand, teak plantations
play an essential role in national forestry programs, rural
livelihoods, and carbon sequestration initiatives. Therefore,
accurate estimation of teak biomass is crucial for

programs such as REDD™ (Kenzo et al. 2020).

The foundational approach to biomass estimation in
forestry has been the use of allometric equations, which
relate tree dimensions, most commonly diameter at breast
height (DBH), total tree height (H), and wood density (p),
due to their simplicity and minimal data requirements
(Chave et al. 2014; Vorster et al. 2020). In teak, allometric
equations have been developed across multiple regions,
including Thailand (Ounban et al. 2015; Kenzo et al. 2020),
India (Buvaneswaran et al. 2006), Costa Rica (Cordero and
Kanninen 2003), and Ecuador (Aguilar et al. 2019). Although
widely adopted, these traditional equations often assume
fixed parametric relationships and may not adequately
capture nonlinearities in tree growth, variation in crown
structure, and site-specific differences in stem form. In
recent years, the forestry and ecological modeling community
has increasingly recognized the limitations of rigid allometric
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equations, particularly for biomass components such as
branches and leaves, which exhibit high structural variability
(Henry et al. 2011; Picard et al. 2015). Crown architecture
in teak can vary substantially with topography, stand
density, silvicultural treatments, and competition for light
(Cordero and Kanninen 2003). These factors influence biomass
allocation patterns and introduce nonlinear relationships
that traditional power-law allometries may not represent
accurately. Furthermore, destructive sampling, the basis for
allometric equation development, is costly and labor-intensive,
and is typically conducted on small sample sizes, underscoring
the need for flexible modeling approaches that can
generalize across diverse plantation conditions. Generalized
additive models (GAMs) offer a flexible, semi-parametric
alternative for biomass estimation. GAMs use smoothing
functions to model nonlinear relationships between biomass
and predictor variables, without requiring a predetermined
functional form (Wood 2017). Their capacity to handle
complex, nonlinear effects makes them especially suitable
for representing tree allometry, taper variation, and crown-
related biomass. Incorporating internal stem geometry,
such as mid-height and mid-diameter, may further improve
predictive performance by capturing variation in bole shape
and tapering, attributes particularly relevant for teak, which
exhibits diverse stem forms across management regimes
(Choochuen et al. 2021; Salekin et al. 2021; Pokhrel et al.
2024).

Despite the potential of GAMs and other flexible
models, their application in teak biomass modeling remains
limited, and few studies have rigorously compared them
against traditional allometric approaches using robust
validation frameworks such as leave-one-out cross-validation
(LOOCYV). Furthermore, little is known about how these
modeling choices affect plot-level biomass and uncertainty
propagation, both of which are critical for carbon stock
assessments and sustainable forest management. This gap
is particularly relevant in northern Thailand, where teak (7.
grandis) plantations occur across diverse topographic and
management conditions that influence stem form, crown
architecture, and biomass distribution. Therefore, we evaluate
(1) tree-level predictive performance of GAMs relative to a
DBH-only allometric model, and (ii) how these differences
propagate to plot-level biomass uncertainty using Monte
Carlo simulation. Using detailed destructive sampling and
leave-one-out cross-validation, we assess model performance,
robustness, and implications for carbon accounting and
sustainable forest management in teak plantations. Incorporating
internal stem geometry into a flexible generalized additive
model yields more accurate and stable estimates of teak
aboveground biomass than a DBH-only allometric equation.

MATERIALS AND METHODS

Study area and sampling design

Tree biomass data were collected within 17-18 year old
teak (7. grandis) plantations spaced at 4 x 4 m in Lampang
Province, northern Thailand (18.26655° N, 99.75982° E).
Elevation within the study area ranges from 300 to 700 m
above sea level (masl), with long-term average temperatures

of 14-36°C. Annual precipitation averages 1,055 mm, with
most rainfall occurring from May to October (Electricity
Generating Authority of Thailand 2024). The Lampang
teak plantations are representative of managed teak systems
in northern Thailand in terms of stand age, spacing,
silvicultural practices, and environmental conditions, while
recognizing that the single-site design limits broader
geographic generalization. Twelve permanent 40 x 40 m
plots were established across the plantation to capture
variation in slope position (upper, middle, lower) and stand
structure (thinned and unthinned), and served as the full
inventory frame for stand-level measurements. All trees
within each plot were measured for diameter at breast
height (DBH) using a diameter tape, and total height was
measured using a hypsometer (Haglof Vertex 5). From
these plots, 30 trees were selected for destructive sampling
and stratified into three DBH classes (<10 cm, 10-15 cm,
>15 cm) to ensure adequate representation across the whole
diameter range present in the stand. The sampling target
was 8-12 trees per class, resulting in 12 small trees (<10
cm), 11 medium trees (10-15 c¢cm), and seven large trees
(>15 cm). Destructive sampling was conducted in five plots
(T1F1, T1F2, T1F3, T2F2, and T2S3) for operational
reasons, resulting in a total destructively sampled area of
0.8 ha (5 % 0.16 ha).

Field measurements and biomass determination

After felling, each stem was cut into 1 m segments from
base to tip. For each segment, upper and lower over-bark
diameters (D: and D2 cm) were measured perpendicular to
the stem axis with a diameter tape (0.1 cm), and segment
boundaries were recorded with a measuring tape (0.01 m).
Mid-height was the midpoint between boundaries, and mid-
diameter was the mean of D: and D.. Total height was
measured along the stem axis on the felled tree. DBH and
segment diameters were measured by the same trained
observer using calibrated instruments under a standardized
protocol; repeatability was not formally quantified but was
considered a minor limitation relative to biological
variability. Each tree was separated into stem, branches,
and leaves. Stem bolts (1 m) were weighed fresh and
subsampled for oven drying at 65°C to constant mass;
branches and leaves were similarly processed to estimate
moisture content and dry biomass following IPCC (2006).
Biomass was reported as tree-level dry mass (kg) and plot-
level aboveground biomass (t ha™'), with total aboveground
biomass computed as the sum of stem, branch, and leaf dry
biomass. Modeling variables included DBH, mid-diameter,
mid-height, and dry mass of each component.

Allometric model and generalized additive models
(GAM5)

A traditional log-linear allometric model was developed
following widely used formulations in tropical biomass
research (Chave et al. 2014). We focused on a DBH-only
allometry because it represents the operational baseline
model used in teak plantations. Preliminary analyses indicated
that including total tree height in the allometric model
resulted in only marginal improvements in predictive
performance, and height was therefore excluded to retain a
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parsimonious DBH-only baseline. The baseline model used
in this study was:

log(B) = o + Bilog(DBH)

Where B is the biomass component (total, stem, branch,
or leaf), models were fitted using the Im() function in R.
Predictions were back-transformed using the exponential
function and corrected for retransformation bias using
Duan’s smearing estimator (Duan 1983), ensuring unbiased
estimates on the original biomass scale.

In addition to the allometric model, we fitted generalized
additive models (GAMs) using log-transformed biomass as
the response variable. Predictors included DBH, mid-height,
and mid-diameter, allowing the models to capture internal
stem geometry and within-tree taper variation, thereby
improving the flexibility of biomass estimation. The GAMs
were calculated by using:

log(B)~ s(DBH) + s(mid-height) + s(mid-diameter)
Where s() denotes a thin-plate regression spline smoother.

GAMs were fitted to log-transformed biomass using a
Gaussian likelihood in the mgev package (Wood 2017). In
all models, log denotes the natural logarithm (In). Predictor
variables (DBH, mid-height, and mid-diameter) were entered
on their original measurement scales and were not
standardized, allowing direct interpretation of smoother
shapes in relation to observed tree dimensions. Model
summaries included effective degrees of freedom (edf),
deviance explained (%), and F-statistics for each smooth
term with significance of predictors (p<0.05). Predictions
were back-transformed to the original biomass scale with
bias correction applied where appropriate. A Gamma
regression with log link was also tested, but failed to
converge under LOOCYV due to zero and near-zero biomass
values, making the model unsuitable for this dataset.

Model validation: Leave-one-out cross-validation

Model performance was evaluated using leave-one-out
cross-validation (LOOCV) at the tree level (n = 30). In
each iteration, the model was refitted to 29 trees and used
to predict the held-out individual. Because all models were
fitted on the log-transformed scale, predictions were back-
transformed and bias-corrected using Duan’s smearing
estimator, and all performance metrics were calculated on
the original biomass scale. Predictive accuracy was
quantified using RMSE, MAE, and R?. GAMs were fitted
using restricted maximum likelihood (REML) with a basis
dimension of k = 6 for each smoother, and smoother
complexity was evaluated using effective degrees of
freedom (edf), where values near | indicate linearity and
larger values reflect increasing nonlinearity. REML penalization
automatically limited excessive smoothness, particularly in
the mid-diameter term.

Diagnostic evaluation

Model assumptions and goodness of fit were assessed
using standard diagnostic tools applied to the log-scale
residuals. These included residuals versus fitted values to
detect systematic trends, Q-Q plots to evaluate normality,

scale-location plots to assess potential heteroscedasticity,
and histograms to inspect residual symmetry. Heteroscedasticity
was formally tested by regressing squared residuals against
fitted values using an F-test. Although mild heteroscedasticity
was detected, the strong predictive performance under leave-
one-out cross-validation indicates that this variance structure
does not compromise model reliability. Smoothing adequacy
and basis-dimension choices were examined using the
gam.check function in mgcv. All diagnostic evaluations
were conducted in R using the mgcv and car packages.

Monte Carlo uncertainty propagation

To propagate tree-level prediction uncertainty to plot-
level biomass, we used a residual-based Monte Carlo
simulation for both the GAM and the DBH-only allometric
model. For each of 5,000 iterations, log-scale residuals
were resampled with replacement and added to the model
linear predictor to generate simulated log-biomass values,
which were then back-transformed using Duan’s smearing
estimator. Simulated tree biomass values were summed
within each 40 x 40 m plot (0.16 ha) and converted to t ha'.
The 2.5th and 97.5th percentiles of the simulated distributions
were used as empirical 95% confidence intervals, and
interval widths were compared between models.

Sensitivity to smoother complexity

To evaluate sensitivity to smoother flexibility, GAMs
were refitted with basis dimensions k = 4, 6, and 8.
LOOCYV metrics (RMSE, MAE, R?) were compared across
models to determine whether the choice of k influenced
predictive stability or introduced unnecessary flexibility.

RESULTS AND DISCUSSION

Tree-level model performance (LOOCYV)

Leave-one-out cross-validation (LOOCYV) revealed apparent
performance differences between the traditional DBH-only
allometric model and the GAM (Table 1). The allometric
model yielded RMSE = 51.28 kg, MAE = 29.39 kg, and R?
= 0.918, whereas the GAM that incorporated DBH, mid-
diameter, and mid-height achieved substantially higher
predictive accuracy (RMSE = 28.47 kg, MAE = 16.62 kg,
R?=0.975). These results indicate that internal stem geometry
reduced prediction error by approximately 44% relative to
the DBH-only allometry. From component-level performance,
stem biomass showed strong predictability (R? = 0.955),
whereas branch biomass exhibited moderate accuracy (R? =
0.883), reflecting higher biological variability in crown-
related components. Leaf biomass had very low predictability,
with negative LOOCV R2? (-10.76), indicating no predictive
skill beyond using the mean and reflecting its small
magnitude and inherently high biological variability. These
patterns are consistent with the low deviance explained for
branch and leaf models on the log scale and support the
interpretation that crown-level biomass is more variable
than stem biomass. This discrepancy arises because deviance
explained is computed on the log scale and is strongly driven
by trees with tiny branch or leaf masses, while LOOCV R?
reflects predictive accuracy on the original scale in absolute
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biomass units. Despite their higher biological variability,
branch and leaf components still exhibited meaningful
predictive structure, although with greater unexplained
variance than stem or total biomass. Bias correction affected
LOOCYV performance metrics differently across models. For
the DBH-only allometric model, naive back-transformation
without correction underestimated prediction error, whereas
applying Duan’s smearing estimator increased RMSE and
reduced R? to more realistic values. In contrast, GAM
performance metrics changed negligibly after bias
correction, reflecting lower residual variance and greater
robustness to retransformation (Table 2). Because both

GAM and allometric models were fitted under a common
Gaussian likelihood, AIC values were computed on a
consistent scale. However, AIC evaluates relative likelihood
fit rather than predictive accuracy and can be sensitive to
distributional assumptions. Accordingly, LOOCV metrics
provide the primary basis for comparison in this study, and
these consistently favored the GAM. Although AIC results
showed the same model ranking, they were not used as the
principal selection criterion (Tables 3 and 4).

Figure 1 shows the relationship between observed total
biomass and LOOCV-predicted values for both the DBH-
only allometric model and the GAM. Predictions from the
GAM were more tightly clustered around the 1:1 line,
indicating closer agreement with observed values across
the biomass range. In contrast, the allometric model
exhibited greater scatter and systematic under- and over-
prediction at lower and higher biomass values, respectively.
These visual patterns are consistent with the LOOCV
accuracy metrics, where the GAM achieved a substantially
lower RMSE (28.47 kg vs. 51.28 kg) and higher R? (0.975
vs. 0.918) than the allometric model. Together, these
results confirm that the GAM provides more reliable
predictions for individual trees and better captures the
nonlinear biomass-stem geometry relationships present in
the dataset. Branch and leaf biomass were more challenging
to predict than stem or total biomass, a pattern that aligns
with biological expectations. These components exhibit
inherently greater variability because they are strongly
influenced by crown architecture, competition, pruning
history, and site-specific micro-environmental conditions
that are not fully captured by DBH, mid-diameter, or mid-
height (Ounban et al. 2015; Ruiz-Blandon et al. 2025). As a
result, traditional power-law allometries tend to underperform
for these components, and even flexible models such as
GAMs explain only modest deviance on the log scale.
GAMs achieved moderate LOOCV accuracy for branch
biomass but very low accuracy for leaf biomass, consistent
with their higher biological variability and the challenges
of predicting small-mass components from trunk-based
measurements. Future improvements will likely require
predictors that more directly characterize crown structure,
such as crown radius, crown length, or live-crown ratio, or
remote sensing proxies from UAV photogrammetry or
LiDAR, which have been shown to improve biomass

estimation for crown-dominated components in other tropical
forest systems (Soraya et al. 2025).

GAM smoothers

The GAM smoothers (Table 5) showed moderate
complexity, with effective degrees of freedom (edf) between
3.51 and 3.60 for DBH and mid-height, indicating nonlinear
but well-penalized relationships. Mid-diameter displayed
an edf = 1 and a non-significant p-value (p = 0.7106),
meaning that the smoothing penalty shrank this term to
near-linearity and minimized its influence on the model.
This indicates that the GAM did not overfit the data and
that the inclusion of mid-diameter was not detrimental
because the REML procedure automatically penalized
unnecessary curvature. DBH and mid-height remained
highly significant predictors of biomass (p<0.001).

The structure of the GAM smoothers provides insight
into how different stem attributes contribute to biomass
prediction. DBH and mid-stem height exhibited moderate
nonlinear effects, with effective degrees of freedom (3.51-
3.6), confirming that these variables contain meaningful
curvature that improves predictive accuracy. In contrast,
mid-stem diameter displayed an edf =1 and was not
statistically significant (p = 0.7106), indicating that the
REML smoothing penalty shrank this term toward linearity
and effectively minimized its influence on the model. This
adaptive penalization is a key advantage of GAMs, and
potentially useful predictors that can be included without
risking overfitting, because unnecessary complexity is
automatically penalized (Marra and Wood 2011; Wood
2017). The strong significance of DBH and mid-height (p <
0.001) underscores their dominant role in explaining
variation in biomass, while the minimal contribution of
mid-diameter suggests that stem form information is
captured primarily through DBH and vertical stem position.
Overall, the pattern of smoothers demonstrates that the
GAM is both flexible and parsimonious, capturing essential
nonlinear structure without introducing superfluous model
complexity.

Table 1. Model validation using LOOCV (n = 30 trees)

RMSE MAE )
Model (kg) (kg) R
Allometry (log DBH) 51.28 29.39 0.918
GAM (DBH + mid 28.47 16.62 0.975
geometry)

Table 2. LOOCV predictive performance for biomass components
using GAMs

Component RMSE (kg) MAE (kg) R?

Stem 27.66 17.89 0.955
Branch 18.93 12.60 0.883
Leaf 8.83 3.82 -10.76




MEUNPONG et al. — GAM vs allometric models for teak biomass 5/9

Table 3. Effect of bias correction on LOOCV performance metrics for total aboveground biomass

Model Bias correction RMSE MAE R2

Allometric (DBH-only) No (exp only) 47.989 27.742 0.929
Allometric (DBH-only) Yes (Duan smearing) 51.277 29.386 0.918
GAM (DBH + mid geometry) No (exp only) 25.739 16.230 0.979
GAM (DBH + mid geometry) Yes (Duan smearing) 25.777 16.218 0.979

Table 4. Akaike Information Criterion (AIC) values for the DBH-
only allometric model and the geometry-informed GAM fitted to
log-transformed total aboveground biomass

Model AIC
Allometric (DBH-only) -13.00246
GAM (DBH + mid geometry) -39.53434

Table 5. Estimated degrees of freedom (edf) and significance of
GAM smoothers for total tree biomass

Smooth term EDF Ref.df F-value p-value
s(DBH) 3.51 4.10 13.65 0.000011
s(mid-diameter) 1.00 1.00 0.14 0.7106

s(mid-height) 3.60 4.26 8.00 0.000397

Note: Smooth terms were considered statistically significant at
p<0.05
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Figure 1. Observed vs LOOCV-predicted total aboveground
biomass for the DBH-only allometric model and the GAM

Residual diagnostics

Model diagnostics indicated that the GAM provided an
adequate representation of the relationship between tree
attributes and total biomass. Figure 2 shows that the residuals
were centered around zero with no visible structure, trend,
or curvature across the fitted range, suggesting that the
model captured the mean response appropriately. The Q-Q
plot (Figure 3) demonstrates that the residuals closely
followed the theoretical normal distribution across the
central quantiles, with only mild deviations in the lower

and upper tails. Such behavior is typical for biomass
datasets modeled on the log scale, where smaller and larger
trees often contribute slightly heavier-tailed residuals.
Additional diagnostic plots, including the scale-location plot
and the residual histogram (Figure 4), showed no severe
violations of model assumptions. The scale-location plot
indicated a modest decline in variance with increasing
fitted values, an expected pattern for biomass data. The
histogram confirmed that residuals were approximately
symmetric and free of extreme outliers. A regression-based
test for heteroscedasticity detected a significant relationship
between squared residuals and fitted values (F = 12.35, p =
0.0015), but this effect was mild and did not produce
problematic patterns in the diagnostic plots. Collectively,
these results indicate that the GAM residuals were well-
behaved and exhibited no patterns suggestive of
misspecification. The strong cross-validation performance
(LOOCYV R?=0.975) further supports the robustness of the
model despite minor heteroscedasticity, which is typical of
biomass datasets.

The GAM substantially outperformed the DBH-only
allometric model, consistent with previous studies showing
that flexible regression methods better capture nonlinear
biomass-structure relationships than parametric allometries
(Zianis et al. 2005; Henry et al. 2011; Goodman et al.
2014). This improvement indicates that internal stem
attributes, particularly mid-stem height, provide meaningful
information beyond DBH alone. The GAM smoothers
revealed moderate nonlinearity in DBH and mid-stem
height effects, while mid-stem diameter was penalized
toward linearity, demonstrating appropriate smoothing
through REML (Wood 2017) and no evidence of overfitting.
Diagnostic plots supported model adequacy, residuals
exhibited no structural patterns, Q-Q plots showed acceptable
normality, and only mild heteroscedasticity was observed,
an expected feature of log-transformed biomass data
(Picard et al. 2015). This variance pattern is common in
biomass datasets and does not invalidate model predictions
given the strong cross-validation performance. Given the
strong LOOCV performance, this variance structure does
not compromise predictive reliability. These findings highlight
the potential of flexible modeling approaches to improve
biomass estimation in plantation forestry. Internal stem
measurements require more effort than DBH alone, but
analogous structural information can increasingly be
derived from terrestrial and airborne LiDAR, enabling
integration of GAM-based models into operational inventories
(Dassot et al. 2011; Soraya et al. 2025). For applications
requiring rapid biomass assessments, height-inclusive
allometries may serve as a practical compromise between
accuracy and measurement cost (Chave et al. 2014).
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Bias-correction effects

Because models were fitted on the log scale, we
evaluated the impact of back-transformation. Without
correction, the GAM produced biased, systematically low
predictions and an artificially small training RMSE of
15.87 kg. After applying Duan’s smearing estimator, RMSE
recovered to the correct LOOCV value of 28.47 kg. This
demonstrates the necessity of bias correction and ensures
accurate comparison of model performance. A Gamma
regression with log link was fitted for completeness, but
LOOCY failed due to numerical divergence (infinite RMSE),
likely caused by zero or very small dry-weight biomass
components, which violate the distributional assumptions
of the Gamma model.cv (Gamma model evaluated under
cross-validation). This further supports the suitability of the
log-GAM with smearing correction and confirms that bias
correction was essential for valid model comparisons.

Sensitivity analysis of smoother basis dimension (k)
Sensitivity analysis showed that GAM performance was
largely insensitive to the choice of smoother basis dimension.

Models fitted with k = 4, 6, and 8 produced nearly identical
LOOCV metrics (Table 5), indicating stable predictive
performance and no evidence of overfitting across reasonable
levels of smoother complexity. The close agreement among
k-values demonstrates that the GAM is not overly sensitive
to basis dimension and that the default configuration (k =
6) provides adequate flexibility without overfitting.

The GAM sensitivity analysis showed that varying the
smoothing basis dimension (k = 4, 6, 8) produced nearly
identical LOOCV performance (RMSE = 28.17-28.47 kg;
R2 = 0.9749-0.9754), indicating results were not driven by
smoother complexity. This stability likely reflects REML
penalization effectively limiting overfitting in a moderate
sample (Wood 2017), consistent with previous ecological
and forestry studies where GAMs are robust to reasonable
changes in k (Marra and Wood 2011). The weak dependence
on k also suggests the nonlinear patterns captured are
meaningful rather than artifacts, supporting the GAM as a
reliable model of biomass-stem geometry relationships in
this study.
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Plot-level biomass estimates from GAM and allometric
models

Monte Carlo uncertainty propagation further highlighted
the advantages of the GAM over the DBH-only allometric
equation. Across the five sampled 40 % 40 m plots, the
GAM produced substantially narrower 95% confidence
intervals for plot-level aboveground biomass (0.91-1.85 t
ha') compared to the allometric model (1.76-4.14 t ha),
despite producing similar mean estimates within plots (e.g.,
13.16 vs. 12.67 t ha' in T1F1 and 8.34 vs. 8.89 t ha™' in
T1F2) (Figure 5). Although spatial replication was limited, the
observed reduction in uncertainty reflects methodological
improvements of the GAM framework rather than site-
specific effects. The most significant reductions in uncertainty
occurred in T1F1 and T2F2, where the allometric CI widths
(3.09 and 4.14 t ha™', respectively) were more than twice
those of the GAM (1.55 and 1.62 t ha™).

Plot-level aboveground biomass estimates and associated
95% confidence intervals derived from Monte Carlo
simulation are summarized in Table 6. These results
demonstrate that the GAM not only improves predictive
accuracy at the tree level (LOOCV R? = 0.975) but also
enhances precision when uncertainty is propagated to the
operational scale of forest plots. The reduction in
uncertainty likely arises from the GAM’s ability to capture
nonlinear relationships between biomass and stem geometry
(Wood 2017), as well as its penalized smoothing framework,
which minimizes overfitting even with modest sample
sizes. Similar findings have been reported in studies showing
that flexible models incorporating stem form or crown
metrics yield more stable stand-level biomass estimates
than traditional allometries that rely solely on DBH (Chave
et al. 2014; Goodman et al. 2014; Picard et al. 2015). As
remote sensing technologies increasingly provide detailed
structural attributes such as height profiles and diameter
distributions, GAM-based approaches may offer more
accurate and reliable pathways for scaling biomass estimates
in plantation systems and tropical forestry contexts.
Propagation of prediction uncertainty from tree to plot
scale revealed that GAM-based estimates consistently
exhibited tighter distributions and reduced upper-tail variance.
The allometric model produced broader uncertainty bands
due to its lower accuracy at the tree level. These findings
demonstrate the operational advantages of GAMs for plot-
level biomass estimation. Overall, our findings demonstrate

that flexible regression approaches leveraging stem geometry
offer significant improvements in accuracy and precision
for biomass estimation in plantation forestry.

Accurately modeling aboveground biomass in tropical
species such as teak is essential for forest management and
carbon accounting. This study provides one of the first
direct evaluations of generalized additive models (GAMs)
against traditional DBH-only allometric equations for teak.
While conventional log-linear models remain widely used
due to their simplicity (Ledo et al. 2016; Vorster et al.
2020), their fixed form limits their ability to predict crown-
related components, which are strongly influenced by
architecture, competition, and silvicultural treatment (Ounban
et al. 2015; Ruiz-Blandon et al. 2025).

Table 5. Sensitivity of GAM performance to basis dimension (k)

Model RMSE (kg) MAE (kg) R’
GAM (k=4) 28.17 16.79 0.97539
GAM (k=6) 28.47 16.62 0.97488
GAM (k=28) 28.46 16.69 0.97488

H . DBH-only allometry
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Plot ID

Figure 5. Width of 95% confidence intervals (t ha™) for plot-level
aboveground biomass from Monte Carlo simulation (5,000
iterations)

Table 6. Plot-level aboveground biomass estimates (t ha™') and 95% confidence intervals derived from residual-based Monte Carlo

simulation for the GAM and DBH-only allometric model

PlotID GAM mean GAMIlow95 GAM high9S GAM width Allo mean Allo low95  Allo high9S  Allo width
T1F1 13.16 12.38 13.93 1.55 12.67 11.12 14.2 3.09
T1F2 8.34 7.65 9.01 1.35 8.89 7.44 10.38 2.94
T1F3 441 3.94 4.84 0.91 4.27 3.37 5.13 1.76
T2F2 6.97 6.11 7.73 1.62 8.71 6.66 10.8 4.14
T283 9.34 8.39 10.24 1.85 10.18 8.22 12.08 3.86
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GAMs, by contrast, flexibly model nonlinear relationships
using smoothing functions (Wood 2017), producing
substantially lower prediction error across biomass
components. Improvements were most pronounced for
branch and leaf biomass, which are components that simple
power-law equations often fail to represent, supporting
evidence from other forest systems that semi-parametric
models better capture canopy complexity (Mauro et al.
2020). Incorporating mid-diameter and mid-height further
enhanced model performance by capturing stem taper and
internal geometry, key traits distinguishing teak trees with
similar DBH but different structure (Salekin et al. 2021;
Pokhrel et al. 2024). These results highlight the value of
internal geometry for biomass estimation in species with
variable form and crown dynamics (Cordero and Kanninen
2003).

GAMs also improved operational relevance by
producing narrower plot-level uncertainty intervals in
Monte Carlo simulations, strengthening their suitability for
carbon accounting and inventory applications. Although
GAMs require more data and computational support than
traditional allometries, their gains in predictive accuracy and
uncertainty reduction demonstrate clear benefits. Mixed-
effects, ensemble, and Bayesian hierarchical models can
offer advantages in larger or more structured datasets
(Pinheiro and Bates 2000; Breiman 2001; Gelman and Hill
2007). However, our dataset included only five plots with
destructively sampled trees, providing insufficient replication
to reliably estimate random effects or hierarchical variance
components, and making ensemble approaches statistically
unstable under cross-validation when sample size is small
(Hastie et al. 2009). In contrast, GAMs provided strong
predictive performance under LOOCV and allowed
biologically interpretable nonlinear effects, consistent with
the strengths of penalized spline models in ecological
applications (Marra and Wood 2011; Wood 2017).

Future work with larger hierarchical datasets may
explore NLME or Bayesian models to enable multilevel
inference and propagate uncertainty across spatial scales. A
practical pathway for forestry applications may involve
using GAMs to identify key nonlinear relationships and
structural predictors, then translating these insights into
simplified parametric equations for field deployment. This
balance between accuracy and usability is important for
large-scale biomass estimation frameworks. However, our
study is limited by its modest sample size (n = 30) and
single-site focus. Future work should evaluate model
transferability across stands, age classes, and management
regimes, incorporate crown metrics or UAV-LiDAR
predictors, and explore hierarchical or Bayesian GAMs for
more comprehensive uncertainty propagation.

In conclusion, this study demonstrates that flexible
modeling approaches substantially improve aboveground
biomass estimation in teak (7. grandis) plantations
compared with traditional DBH-only allometric equations.
Using destructive sampling of 30 trees from managed
plantations in northern Thailand, the generalized additive
model (GAM) incorporating internal stem geometry markedly
enhanced tree-level predictive performance. Under leave-
one-out cross-validation, the GAM reduced prediction error

by approximately 44%, lowering RMSE from 51.28 kg to
28.47 kg and increasing predictive accuracy from R? =
0.918 to R? = 0.975. Model smoothers revealed significant
nonlinear effects of DBH and mid-stem height, while mid-
stem diameter was automatically penalized toward linearity,
indicating that the GAM captured essential structural
information without overfitting. This study is based on a
relatively small destructive sample size (n = 30) drawn
from a single plantation site and age class, which may limit
direct transferability of model parameters to other regions,
stand ages, or management regimes. Although leave-one-
out cross-validation provides a robust assessment of
predictive performance, the analyses remain correlational
and focused on stem-based predictors, which constrain the
predictability of crown-dominated components such as
leaves. Future research should evaluate the transferability of
GAM-based biomass models across broader environmental
gradients, stand structures, and age classes, and incorporate
explicit crown metrics (e.g., crown length, crown radius,
live-crown ratio) or structural data derived from UAV or
LiDAR platforms. Expanding sample size and spatial
replication would also enable hierarchical or Bayesian
GAM frameworks to represent multilevel variability better
and propagate uncertainty across tree, plot, and landscape
scales.
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