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Abstract

While remote sensing can be an effective tool in building a forest inventory, field measurements and model fitting can be both expensive
and challenging. One strategy to reduce forest inventory costs is to leverage forest inventory models fitted to a different population
(external models), although the effectiveness of external models is poorly understood. One concern is that models may predict well
to the sample data, but poorly to the population—which is termed ‘overfitting’. The effect of overfit may be especially problematic
in attempts to predict for a different population (a forest area not covered by any sample plots). Assessing overfit is difficult and
its consequence for estimation are not well understood, especially in the context of prediction using external models. This study
assesses how overfitting affects model-assisted forest inventory estimation when using internal and external models. We used field
and remotely sensed data (Sentinel-2 images and airborne laser scanning data) from two forest areas in Finland. We evaluated four
modeling approaches: ordinary least square regression (OLS), random forest, k-nearest neighbors, and gaussian process regression.
Both analytical and bootstrap variance estimators were used to evaluate model-assisted estimation performance. Internal models,
especially OLS, were the most affected by model overfitting, leading to bias in the population means and underestimation of variance.
Estimates using external models provided unbiased means and realistic intervals except in the case of deliberate excessive overfitting.
The bootstrap variance estimator was found to be more robust to overfit than the analytical variance estimator for the internal model,
but was not helpful for the external model. Internal models should be parsimonious to generalize well to the population and avoid bias.

The bootstrap estimator of variance is recommended for internal models, especially if there is concern about model overfitting.

Keywords: remote sensing; machine learning; forest mensuration; forest inventory

Introduction

Remotely sensed data are a valuable source of auxiliary informa-
tion in forest inventories. Many common forest attributes (e.g.
above-ground biomass, timber volume, forest cover) are highly
correlated with remotely sensed information and can be effec-
tively predicted from models that link the two data sources (Mal-
tamo et al. 2021). Collecting field plot data can be time consuming
and costly, but the information from a small number of field plots
can be linked with wall-to-wall remotely sensed data for cost-
efficient generation of maps and estimates of attributes such as
basal area, volume, biomass, and carbon over large areas. Airborne
laser scanning (ALS) is a technology based on light detection and
ranging (LiDAR) which collects 3D data of the forest structure. The
derived metrics were found to have higher explanatory capacity
for common forest attributes than other auxiliary data sources
(Maltamo et al. 2014). ALS data are, however, more expensive and
data acquisitions are far less frequently repeated compared to
Earth observation satellite (EOS) datasets. EOS missions provide
repeated measurements from the same area over a period of
days or weeks. For this reason, EOS data are traditionally used
in forestry (Hadi et al. 2016; Halperin et al. 2016; dos Reis et al.

2018; Li et al. 2020) even though their EOS based predictions are
generally not as accurate as ALS based predictions (Latifi et al.
2012; Fassnacht et al. 2014; Xu et al. 2018).

Use of auxiliary remotely sensed data in sampling inventories
is a growing area of research (Kangas et al. 2018; Fassnacht et al.
2023). The model-assisted framework is a popular design-based
approach to integrate remotely sensed data with plot-based field
measurements for the estimation of forest inventory attributes.
In design-based inference, the statistical properties of estimators
are based on the sampling distributions inferred through the
combination of sample design and estimators; model-assisted
estimators, which are a group of design-based estimators, use
models to leverage auxiliary information alongside sample plots
(Sarndal et al. 1992, Chapter 6). Model-assisted estimation may
rely on a model fit from the target population or may use a model
obtained from another source (Stahl et al. 2016). In both cases
the data from field sample plots are used to train a predictive
model and estimate sampling variation. The term ‘train’ will be
used hereon referring to the model building process (i.e. model
fitting using a set of predictors and given dataset).

In the case of simple random sampling without replacement
(SRSyor) and auxiliary data available from the entire population,
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the model-assisted mean estimator is the sum of model pre-
dictions for all pixels across the area divided by the number of
pixels (i.e. the synthetic estimator) plus a correction term based
on the mean of model residues. As the pixel-wise predictions are
considered fixed quantities, the estimated variance is due to the
sample design and the model residue. When the field sample
plots used to train the model are independent of the ones used
to compute the residues in correction term, the model is referred
to as external model, otherwise, it is known as internal model. In
this definition the external models might even be trained using
another sample of the target population if this sample is not used
in computation of the correction term (McRoberts et al. 2022).
Thus, the field samples used for calibration and the ones used
to compute the correction term might or might not be from the
same geographic area, and the sample data of the correction
term is the only one requiring probabilistic sample. While model-
assisted estimators are unbiased when using external models,
the unbiasedness in case of internal models occurs in asymptotic
conditions, i.e. large sample datasets (Sarndal et al. 1992, Chapter
6.6). Hence, increasing the sample size (i.e. the number of field
plots) in model-assisted estimators is expected to not just reduce
the estimated variance but also reduce chances of bias.

A feature of model-assisted inference (a design-based survey-
sampling approach) is that valid inference depends on the sample
design, not on the quality or correctness of the model (Sdrndal
et al. 1992, Chapter 6.7). A poorly specified model will not bias
estimation, so long as the probability of selection for each sample
unit is known and reflected correctly in estimation. However,
the efficiency of estimation (magnitude of variance) does depend
upon the quality of the model fit and its explanatory capacity.
Several factors work together to affect model fitness and explana-
tory capacity, such as the size and quality of the train dataset,
the choices of the modeling approach, hyperparameter settings,
and selection of predictor variables. As a general rule, the larger
the training sample size for a given sample design, the better the
model training and the more precise the population estimates
(Strunk et al. 2012; Saarela et al. 2015; Fassnacht et al. 2018; Hos-
seini et al. 2021). While sample size plays a role in estimation, the
variety of conditions sampled is also important to the generality
of the fit of a model and whether it can effectively predict across
the variety of the population (Goodbody et al. 2023b, 2023a). The
sensitivity of the fitted model to effects from sample design and
sampling intensity will vary by model type. Parametric models
such as ordinary least square (OLS) regression tend to require
smaller sample sizes for training (Cosenza et al. 2022a), while
machine learning type models such as k-nearest neighbors (kNN)
and random forest (RF) provide improved prediction precision
when trained with larger sample sizes (Fassnacht et al. 2014; Shin
et al. 2016; Cosenza et al. 2021). Semi-parametric models such as
splines are a compromise between the generalization ability of
parametric models and the flexibility of non-parametric models
(McConville and Breidt 2013). Breidt and Opsomer (2017) provide a
comprehensive review of model-assisted estimators analytically
derived for commonly used parametric, semi-parametric, and
non-parametric models.

Including a large number of poorly selected predictors can
result in poorly trained models and increased variability in
population-level estimates (Moser et al. 2017). One cause of
this phenomenon is model ‘optimism’ in which, due to the
randomness of the sample, some variables explain more variation
in responses for the sample than for the population at large
(Thoya et al. 2018). This optimism results in selection of variables
and estimation of parameters that result in larger than expected

errors for the population, which is referred to as overfitting
(Hawkins 2004). This is a common problem when using ALS data
in forest inventory because there are hundreds of predictors that
can be used, especially in combination with other remote sensing
attributes (Strunk et al. 2022).

When training semi-parametric and machine learning models,
there is further risk of overfit if the hyperparameters are over-
tuned to the data used for training (McRoberts et al. 2015). Even
with just a few predictors, semi-parametric and non-parametric
models can be too flexible to ensure good generalization outside
of the train dataset. Kangas et al. (2016) showed that model-
assisted inferences differed for parametric, semi-parametric, and
non-parametric models due to various levels of overfit and over-
turning. While overfit is a concern because the apparent errors
under-estimate actual performances, the overfit model may per-
form better than a simpler model that is not over-fit. For instance,
previous studies showed that there is a tendency towards overfit
by gaussian process regression (GPR) and kNN with random-
forest-based distance metric, but their prediction to non-observed
data was still effective (Cosenza et al. 2021, 2022a). In contrast, the
same studies showed that RF models can provide good predictions
without overfit even when dozens of predictors are used for
training. It was shown theoretically that overfit parametric mod-
els provide negatively biased estimates of sampling variation for
model assisted estimation (Massa et al. 2023), though itis not clear
what are the practical implications of overfit on model-assisted
estimation with different model types. Understanding this phe-
nomenon aids in the selection of effective modeling strategies in
forest inventories.

Bootstrap confidence intervals are one approach that has been
suggested to better quantify variation in the presence of optimism
and overfit (Thoya et al. 2018). The non-parametric bootstrap
(Efron 1983) is a flexible resampling approach to variance estima-
tion that has been proven effective for variance estimation in a
wide variety of applications (Gregoire et al. 2016; McConville et al.
2020). We therefore hypothesize that bootstrap technique might
reduce the overfit effect in model-assisted confidence intervals.

In this study we assess the effects of model overfit on model-
assisted forest inventory estimation. Specifically, we look at the:

1) relative performances of overfit versus non-overfit models,

2) sensitivity of internal models versus external models to
overfit,

3) sensitivity to overfit by model types and numbers of predic-
tors, and

4) performances of bootstrap versus analytical variance esti-
mators in the presence of overfit.

The modeling approaches considered in the analysis were: OLS,
RF, GPR, and kNN. Models were induced to overfit by increasing
the number of predictors in model training. Our investigation was
based on field measurements and auxiliary ALS and Sentinel-2
data from two study areas in the boreal forests of Finland.

Methods
Study area and field data description

We used two study areas in Finland. The first area is a 500 km?
study site near Pokka in northern Finland, and we use ALS data as
auxiliary information (‘Pokka-ALS’ study area) (Fig. 1). The second
study area is a 4.000 km? area in Southern Finland in which we
use Sentinel-2 data as auxiliary information (‘South-S2’ study
area). The boreal forests on these sites are primarily comprised of
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Figure 1. A map displaying the locations of the Pokka-ALS and South-S2 study areas.

four tree species including Scots pine (Pinus sylvestris L.), Norway
spruce (Picea abies [L.] H. Karst), Silver birch (Betula pendula Roth)
and Downy birch (Betula pubescens Ehrh). Other tree species only
comprise a small proportion of the forests (~3 per cent). Site
productivity decreases towards the northern part of the country,
with maximum growing stock volumes typically reaching ~500
m? ha~! in the South, and 300 m? ha~! in the North.

In the Pokka-ALS area we used field plots collected by the
Finnish Forest Centre in 2019 for an operational stand-level forest
management inventory. A total of 763 field plots were purposively

sampled (non-random), based on existing stand register data,
to cover the full variation in volume and species composition
that occurred at the site. The plot radii were either 9.00 or
12.62 m, depending on tree density. All trees with diameters
at breast height (dbh)>5 cm were calipered for dbh in cm to
the nearest one cm. For a sample of trees with dbh>5 cm on
each plot, heights were also measured and used to calibrate a
height-dbh model (Eerikdinen 2009). The height models were then
used to predict heights for all trees. Allometric volume models
(Laasasenaho 1982) were used to calculate the tree volumes, and
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Figure 2. ALS and S2 plot descriptions in their number of plots (n), minimum (min), mean, median (med), and maximum (max) volume (m? ha~1), and

volume standard deviation (sd).

then they were aggregated to the area level (m® ha=?). This data set
was labeled as ‘ALS plots’, as ALS metrics were used as auxiliary
data in this area (see below).

In the South-S2 area we used the Finnish National Forest
Inventory (NFI) plots from areas with a ‘forest’ designation (forest
land, poorly productive forest land or unproductive forest land)
that were measured between 2015 and 2019. The plots were
measured during the 12th (NFI12) and 13™ (NFI13) national forest
inventories, respectively (Korhonen et al. 2021). The sampling
design for NFI12 and NFI13 was a systematic cluster sample
with multiple cluster plot designs with 9 to 15 plots. The cluster
plots are fixed radius plots for which all trees with dbh > 95 mm
are measured up to a distance of 9 meters from the plot center
and trees with dbh >45 mm are measured up to a distance of
5.64 meters from the plot center. Small trees with dbh <45 mm
are measured using a relascope with a basal area factor of
1.5m? ha~'. The diameter at breast height was measured and tree
species was determined for each measured tree and a sub-sample
of the trees from each plot were selected as volume sample trees
by weighing the sampling probability with the basal area of a tree.
Individual tree volumes were predicted using allometric models
described in the Supplementary file S1 of Korhonen et al. (2021).
Tree level attributes were projected forward to a common date, 31
July 2019, using the approach described by Mékisara et al. (2022).
Plot centers were positioned with Topcon HiPer SR GNSS receivers
using 20-min occupations at a minimum height of 2 m above
ground followed by differential correction with the objective to
have less than one meter of positioning error for 95 per cent of
plots. The total number of plots used in this area was 5561 and
they are referred to as ‘S2 plots’ since S2 auxiliary data were used
in this area (see below). A summary of both ALS and S2 plots is
given in Fig. 2.

Remotely sensed data

Airborne laser scanning data for the Pokka area were collected
in July 2019 using a Riegl VQ-780i scanner from ~2600 m flying
height above ground level. The scanner operated at 1064 nm and
could record up to eight echoes per pulse, resulting in a pulse
density of 0.8 pulse m~2. ALS data were downloaded from the
Finnish National Land Survey’s open database (https:/www.

maanmittauslaitos.fi/paikkatiedon-tiedostopalvelu). The LAS-
tools software (https://rapidlasso.com/) was used to normalize the
heights into above ground level, remove noise echoes, and extract
the echoes located within field plots. Our in-house scripts in R
environment (R Core Team 2023) were used to calculate a suite
of common ALS metrics, which were used as predictor variables
in volume modeling. We conducted a preliminary screening to
exclude metrics having low variations (coefficients of variation
lower than 5 per cent of the mean) or high-correlation with
each other (coefficients of determination, R?, higher than 95 per
cent). We clustered metrics having R? > 95 per cent and selected
the metric with the highest explanatory capacity to be used as
candidate predictors. These resulted in 35 candidate metrics of
ALS data which are described in Table 1.

In the South-S2 area, we used Level-1C product of Sentinel-
2A satellite imagery collected by the satellite on August 6, 2019.
The Level-1C images are orthorectified and pixel values represent
top-of-atmosphere reflectance. After cloud masking, we consid-
ered all bands, except BO1 (Coastal aerosol), BO9 (Water vapor)
and B10 (Cirrus), and included 10 vegetation indices as potential
auxiliary variables in model fits and predictions (Table 2). Plots
were populated with the band mean values of 3 x 3 pixels around
plot centers, and the plot band values were used to compute the
vegetation indices. All 20 candidate S2 metrics had coefficient of
variation higher than 5 per cent and correlations lower than 95
per cent with each other.

Modeling

Four modeling approaches were considered in our analysis: ordi-
nary last squares (OLS) regression, k-nearest neighbors with dis-
tance derived from random forest (kNN), Gaussian process regres-
sion (GPR), and random forest (RF).

OLS-model, also known as multiple linear regression, is the
most traditional modeling approach and is efficient (requires only
a small number of observations to train), simple, and broadly used
and understood. In general, OLS models generalize well when
trained using a few predictors, but tend to overfit as the number
of predictors increases (Hawkins 2004). For this reason, it was used
as a reference approach in our analysis. OLS model using square
root transformation of the response is common to avoid issues
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Table 1. Candidate ALS predictor variables
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Type ALS Metrics*

Distribution moments
DPercentiles

Canopy densities
Others

£.do.s, f d2, f ds, f d10

f_hkurt, f_hskew, [_hkurt, [_hmean, |_hskew, f_hmean, f_intkurt, f_intmean, f_intskew, L_intkurt, |_intmean, I_intskew
f_h30, f_h70, f_h90, 1_h70, 1_h90, f_int10, f_int30, f_int70, L_int10, L_int30, L_int70

f_hmax, f_hmed, f_hstd, f_intmed, |_hmax, [_hstd, [_intmed, [_intstd

*The prefix f and | indicate the use of first-of-many and single echoes, and last-of-many and single echoes, respectively; the h, int, and d followed by a number
indicate height metric, intensity metric, and density metric, respectively; the number indicates the i-th percentile or the height in meters (for density metric);
the statistic indicators are the kurtosis (kurt), skewness (skew), maximum (max), mean (mean), median (med), and standard deviation (std)

Table 2. Candidate S2 predictor variables

Metric*

Equation/bands

Reference

blue, green, red, rel, re2, re3, nirl, nir2, swirl, swir2

B2, B3, B4, BS, B6, B7, BS, BSA, B11, B12 -

srl B8/B4 (Jordan 1969)

sr2 B4/B5 (Chappelle et al. 1992)

sr3 B6/B3 (Gitelson and Merzlyak 1994)
dvi B8-B4 (Richardson and Wiegand 1977)
ndvi (B8-B4)/(B8 + B4) (Rouse et al. 1974)

gndu (B8-B3)/(B8 +B3) (Gitelson and Merzlyak 1998)
rendi (B7-B5)/(B7 + B5) (Gitelson et al. 2003)

sapi B8A/(B3"B5) (Datt 1998)

reci (B6/BS) -1 (Gitelson et al. 2003)

nbri (B8-B12)/(B8 +B12) (Garcia and Caselles 1991)

*First red edge (rel); second red edge (re2); third red edge (re3); first near infra-red (nirl); second near infra-red (nir2); first short wave infra-red (swirl); second
short wave infra-red (swir2); simple ratio 1 (sr1); simple ratio 2 (sr2); simple ratio 3 (sr3); difference vegetation index (dvi); normalized difference vegetation
index (ndvi); green ndvi (gndvi); red-edge normalized difference index (rendi); scatter-adjusted pigment index (sapi); red-edge chlorophyll index (reci);

normalized burn reflectance index (nbri).

regarding heteroscedasticity and residue normality. Besides, this
transformation has been demonstrated to improve model predic-
tion performance in Finland (Kotivuori et al. 2016), so we use it
here as well (1). To correct for bias in the back transformation
of the predictions, the mean squared error (%) of the trained
model was added to the predictions (2) (Gregoire et al. 2008). Since
model-assisted inference does not require the model to be correct,
possible violation of OLS assumptions (e.g. multicollinearity, het-
eroscedasticity, non-normally distributed residues, etc.) were not
accounted here. We applied OLS according to Equations (1) and (2)

VY =B0+BiXi+ -+ BpXp + ¢ 1)

A N2
§=(V3) +o @
where y and y are the observed and predicted volumes (m? ha=1);
B; is the model parameterj=0, 1, ..., p; x; is the predictor variable
i=1,2, ..., p; ¢ is the random error; and o2 is the model mean
squared error.

The RF model is a set of regression trees that composes the
prediction by averaging the many tree predictions (Breiman 2001).
Each treeis built using a bootstrap sample of the observations and
one-third of the randomly selected predictors (default setting) at
each splitting node. This resampling process reduces chances of
biasing the prediction without increasing the variance. Here the
RF models were built using the randomForest package (Liaw and
Wiener 2002) with the number of trees set to 200 for faster pro-
cessing while the other hyperparameters were set to the package
default.

GPR is a kernel-based learning algorithm that uses jointly mul-
tivariate Gaussian (‘normal’) distributions with hyperparameters
estimated from the train data (Rasmussen and Williams 2006).
The properties of the train data are used to estimate the prop-
erties of the kernel which informs pointwise predictions. GPR is

commonly used with an omni-directional Gaussian kernel, which
in spatial modeling is referred to as a radial basis function:

k(x,x) = exp (—ny—x’”z). (3)

The kernlab package (Karatzoglou et al. 2004) was used to
estimate kernel hyperparameters with the default, and a starting
value of 0.1 for hyperparameter y.

The kNN approach is a non-parametric machine learning algo-
rithm that has been used extensively in forestry (e.g, Tomppo et al.
2008; Chirici et al. 2016). Predictions with kNN are made by finding
the observations in the train dataset that are most similar to the
target with respect to its auxiliary data, i.e. the nearest neighbor(s)
in ‘feature space’. A prediction is then made by assigning the
attribute value(s) of nearest neighbor(s) from the train dataset to
the target. The distance metric used to find nearest neighbor(s)
among training observations, the number of neighbors (k) and
the interpolation method when k > 1 are the primary kNN hyper-
parameters. Euclidean distance and inverse-distance weighting
of about five neighbors is a common hyperparameterization for
this method (McRoberts et al. 2017). A kNN distance metric that
is obtained using RF proximity is also common in the literature
(Hudak et al. 2008; Latifi et al. 2010; Packalén et al. 2012). Although
Cosenza et al. (2021) found kNN to overfit to the train data, they
also found that it generalizes well to independent validation data.
For this present study, kNN was used with random forest distance
metric as implemented in the yalmpute package (Crookston and
Finley 2015)—please see the R package documentation for more
details about RF proximity. We used k=5 nearest neighbors and
inverse-distance weighted average of the nearest neighbors for
the kNN predictions. The number of random forest trees used for
distance computations was set to 200 and the other hyperparam-
eters were set to the package defaults.
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Studies on remote sensing augmented forest inventory report a
wide variety of numbers of predictors, e.g. from two (e.g. Cosenza
et al. 2022b) to dozens (e.g. Cosenza et al. 2021). To assess the
impact of the differences in numbers of predictors on overfit and
efficiency, models were fit with numbers of variables that repre-
sent both extremes and typical fitting conditions. Specific num-
bers of predictors included (i) two predictors, which are unlikely
to overfit but may lack some explanatory power (‘non-overfit
models’), (ii) five predictors, a typical number but with some risk
of overfit (‘realistic models’), and (iii) all predictors (35 in ALS data,
and 201in S2 data) which, as suggested by Cosenza et al. (2021), has
a high chance of overfit (‘overfit models’). These exact numbers
of predictors alone are not particularly informative, but together
provide unique insights into model performances under different
fitting conditions.

The predictors for non-overfit and realistic models were
selected from the pool of all possible predictors using the
simulated annealing routine proposed by Packalén et al. (2012).
The routine has been used in many works (Cosenza et al. 2021;
Hardenbol et al. 2023) and it is a stochastic search algorithm that
minimizes a cost function, in this case the relative root means
square error (RMSE%, 4). In our case, the variable selection was
conducted using kNN trained using Euclidean distance metric,
k=5 neighbors, and 1000 iterations. The same selected variables
for each overfit condition were used for all four model types (OLS,
RF GPR, and kNN).

n Y
RM%%:lw*y*ﬁZEQ%—&L @

where y; and ¥; are, respectively, the observed and predicted
volume (m* ha=?!) forploti=1,2, ...,n;and yis the observed mean
volume (m3 ha=') from all of the sample plots.

Sensitivity to overfit was assessed with a subsampling cross-
validation routine repeated 100 times for each dataset, modeling
approach, and overfit condition. In each repetition, a sample of
n=200 observations was drawn without replacement from the
full dataset, where the ALS dataset had 763 observations and
the S2 dataset had 5561 observations. The subsample of 200 was
then split into two ‘folds’ of 100 observations each: one fold for
training and the other for testing. This train data size (100 obser-
vations) was selected to represent a typical sample size for forest
inventory with ALS projects when the budget for data collection
is constrained, and also matches the sample size used for Monte
Carlo sampling simulations described in the next section (Section
2.4). The trained model for 100 plots was used to predict values
for both trained and testing folds, and the observed and predicted
values were pulled together across iterations to compute training
and testing RMSE% values. We expect non-overfit conditions to
have smaller differences between the RMSE% values computed
for testing and train datasets than the overfit conditions.

Estimation

A resample simulation approach, independent of the sensitivity
simulation described above, was used to assess the effects of
model overfit on forest attribute estimation. In this routine the
full samples from study areas, ‘Pokka-ALS’ (763 observations)
and ‘South-S2’ (5561observations), were treated as the population
with values known for all individuals, so the true population
means are also known (please see Fig. 1). A total of J=10000
iterations of resamples were taken for each dataset, modeling

approach and overfit condition to estimate population parame-
ters for four scenarios: (I) models trained to the population dataset
(internal model), (II) internal models with a bootstrap variance
estimator, (III) models trained to an external dataset (external
model), and (IV) external models with a bootstrap variance esti-
mator. In each iteration j, a random sample without replacement,
s}, of n=100 observations was drawn from the original dataset
to represent the external data used to train the external models
(scenarios III and IV). The remaining observations (i.e. 663 obser-
vations in Pokka-ALS and 5461 observations in South-S2) were
used to represent the target population, S;, and draw the random
sample, s;, of n=100 observation without replacement (i.e. the
internal sample). The random sample, s;, was used to train the
internal models (Scenarios I and II) as well as to estimate the
population mean, ji;, and standard error, SE (fi;) = /Var (), for
all scenarios. The workflow of each iteration for all scenarios is
shown in Figs. 3a. We choose the sample size of 100 observations
because it reflects a common scenario in which budget for data
collection is constrained; machine learning approaches are also
susceptible to overfit in cases of small train datasets.

Population means were estimated for all scenarios using the
model-assisted estimator in (5). When applied to a model trained
to an internal sample (internal model), the formulation in equa-
tion (5) is referred to as a regression estimator, and when used
with an external model it is referred to as the difference estimator
(Sarndal et al. 1992, Chapter 6). Because the formulae are the
same for internal and external models, only the sources of the
models change, we use the term ‘model-assisted estimation’ to
refer generically to both regression and difference estimators.

n

fi= g 29+ > i), 5)

i=1

The model-assisted estimator j; is defined for a sample s;
composed of i=1, ..., n observations, where y; and §; are the
observed and predicted values for the unit population or the
sample, and there are N elements in the target population.

In Scenarios (I) and (III), the analytical model-assisted variance
estimator (6) was used. In both cases, the variances were com-
puted using the sample, s;.

(: 3)M )

n N m-1

In Scenarios II and IV the variances were estimated using a
bootstrap variance estimator with nyee = 100 iterations, which is
a resample with-replacement simulation approach. This means
that the j-th original resample with 100 observations (s;) is resam-
pled again with replacement 100 times. For the bootstrap estimate
of internal models (Scenario II), the resample s; of 100 units was
resampled with replacement in each b-th iteration to obtain and
a new sample s, that also consists of n=100 units. The b-th
bootstrap sample was used to refit the model, which was used
to compute the b-th bootstrap mean fiy(7) by predicting for the
entire target population (i.e. 663 plots in Pokka-ALS and 5461
plots in South-S2) and the b-th bootstrap sample (sp) (Fig. 3b). The
bootstrap variance, vps (fij), was then computed using (8), which
is the variance of many bootstrap regression-estimates of the
mean (McRoberts et al. 2011). In the bootstrap routine for external
models (Scenario IV) the external models were not refit. Instead,
the external model was used to predict for the target population
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Figure 3. Iteration workflows for the estimation using internal and external models (a), and the bootstrap iteration for the internal (b) and external (c)
model. Subscripts ‘int’ and ‘ext’ indicate, respectively, the mean estimator using internal and external models, while subscripts ‘an’ and ‘bs’ indicate

analytical and bootstrap estimator of variances, respectively.

and compute the synthetic estimator in (7) while a b-th bootstrap
sample (n=100) of the target population, s;, was used to compute
the correction term (Fig. 3c). As for Scenario II, the 100-bootstrap
means, i, were then used to compute variance using (8) for the
j-th original resample in the routine.

. 1. 1 .
Mb=ﬁz i+HZ(Yib_Yib) 7)
io1 io1
v (/l) _ = (llb - /:Lboot)2 (8)
bs 1 b1 Npoot — 1

where,

/:Lboot = w

Npoot
i is the i-th observation of the target population; yi, and ¥, are
the observed and estimated values i of the b-th bootstrap sample
(sp in Scenario II, or sj in Scenario IV); fip is the b-th bootstrap
mean; Npeot 1S the number of bootstrap iterations; fipeot iS the
general average bootstrapped means.

The averages of the estimated means, i = Z‘g 45/], and the
averages of standard errors computed with both analytical and
bootstrap variance estimates, SE (i) = Z; SE () /], were used
as the final simulation result. The estimated population means
were then compared with the true population mean (utre) of each
dataset using BIAS% (9), while the standard errors were compared
to the empirical standard errors, ESE (ﬁ)) (10). The ESE works
as a proxy of the standard error of different sampling strategies
(Gregoire and Valentine 2007), so it is used as benchmark when
assessing analytical and bootstrap variance standard errors. We
provide tables having all the final estimates as supplementary
material, though the result descriptions will be conducted based

on graphs of the confidence intervals (CIs) computed using the
general equation (11). We also conducted a graphical assessment
of the convergence of the averages across iterations.

BIAS% = 100% x 2 ; a ©)

ESE (ﬁ) -

Cl=ji£1.96 \/Var (p) (11)

where i = Z% f5/] is the mean of resample simulation regression

(10)

mean estimates; / and Var (f1)are the estimates for the population
mean and variance; the 1.96 is the Z-score at ~5 per cent of
probability.

Results
Model accuracies and overfitting

While overfit models were trained using all candidate predictors
of each site (Table 1 and 2), the selected predictors for ALS data
were f_h90 and f_d2 for non-overfit models, and f_hmed, f_intskew,
f.d10, I_hstd, and L_intstd for realistic models. For S2 data, the pre-
dictors for non-overfit models were blue and sr1, and for realistic
models were rel, swirl, sr2, reci, and nbri.

As general pattern, both train and test errors (RMSEs) were
consistently lower for all model types in ALS data than in S2 data
(Fig. 4). Besides, train errors reduced as the number of predic-
tors increased for all modeling approaches. These errors ranged
between 13 and 33 per cent for ALS data and between 28 and
63 per cent for S2 data, with highlight for overfit RF models
with the lowest train errors in both datasets. Nevertheless, these
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Figure 4. Model accuracy. Lower and upper labels indicate train and test RMSEs, respectively.

patterns were not followed by the test errors. In both datasets
the test errors were comparable or reduced when the number of
predictorsincreased from 2 to 5 (between 27 and 34 per centin ALS
data, and between 62 and 70 per cent in S2 data); but there were
cases where these errors increased abruptly when all predictors
were used for training. This was noted for OLS in both datasets
(test errors of 51 per cent in ALS data and 81 per cent in S2 data),
and GPR in ALS data (38 per cent). Overfit GPR in S2 data had
comparable errors as the other model conditions, and the same
was noted for overfit RF and kNN in both datasets.

Population estimates

Final estimates of the simulation are available in the Supplementary

table and depicted in Fig. 5 with the confidence intervals. Most
models, especially external models, produced nearly unbiased
population mean estimates (BIAS <0.5 per cent in magnitude).
Nevertheless, some internal models derived biased estimates
particularly when overfit models were used. Overfit OLS models
biased the population mean by —1.3 per centin ALS data and — 2.5
per cent in S2 data, while overfit RF biased S2 mean estimates by
—1.1 per cent. kNN models biased the mean estimates for 52 data
in all overfit conditions (BIAS between —2.9 and — 2.2 per cent).
Confidence intervals computed using empirical estimates
were in general similar across model types and scenarios for
each dataset with ESEs ranging between 2.4 and 3.4 m? ha~!
for ALS, and between 9.3 and 10.9 m® ha~! for S2 data (please
see Supplementary Table 1). Comparable values were found for
the estimates using analytical and bootstrap estimators in most
cases. However, while intervals for analytical estimates were
slightly lower than the others in internal models, in external
models we found no clear difference between them. The intervals

for overfit OLS computed using ESE were considerably larger
in both datasets, and they differed the most among estimators
when internal models were used. For instance, while analytical
estimates for internal overfit OLS produced rather small intervals
in ALS data (SE=14 m® ha! and CI=91.3+2.7 m? ha~1), boot-
strap estimates were overly increased and produced unrealistic
intervals (SE=45 m® ha~! and CI=91.34+89 m? ha™'). A similar
pattern was noted for internal overfit GPR in both datasets,
though in lower magnitude. Internal RF models had also overly
reduced intervals using analytical estimators in all overfitting
conditions and datasets, but those produced using bootstrap
were comparable to the empirical ones. There were no strong
differences among intervals for kNN models in both datasets.
The model runs for ALS and S2 data had considerable variation
in mean estimates in the first 2500 iterations, but the variation
tended to stabilize after 5000 iterations (Figs. 6 and 7). Following
the above-mentioned results, the most erratic estimates were
found for overfit OLS computed using internal models and boot-
strap, or external models. This shows that overfit OLS models fail
drastically when the auxiliary data of target population differs
even slightly from those of the train data. The other modeling
approaches seem to be more resilient to this problem.

Discussion

Overfitting in internal models

Internal models were the most affected by model overfitting. The
population means tended to get biased when overfit modes were
used. This was not only noted mainly for OLS in both datasets
but also occurred with RF in S2 data. Furthermore, all overfit
models lead to overoptimistic estimates of variance when the
analytical estimator was used, i.e. the confidence intervals were
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Figure 5. Population estimates for ALS and S2 dataset using all model types, overfit condition, and estimation scenarios. Horizontal full lines indicate
the true population mean. Columns indicate population mean estimates for non-overfit (orange), realistic (green), and overfit (blue) models. Percent
numbers indicate the BIAS%. Vertical whiskers indicate the confidence interval computed using analytical (dashed), empirical (full), and bootstrap
(doted) estimators of variance. Numbers following the model names indicate the number of used predictors.

too narrow due to the overfit effect. Two reasons might explain
these results: the reduced sample size and the overfitting itself.
Studies using ALS data for large area estimates have shown that
the model-assisted estimates are biased when the sample size
is not sufficiently large (McRoberts et al. 2013). Therefore, it is
possible that the 100 observations used in our simulations could
be considered small when compared to the target population sizes
(663 and 5361 units for ALS and S2 data, respectively). Besides,
the internal overfit models had rather low residues (i.e. train
errors) for the correction term of the mean estimator and the
parametric estimator of variance. Thus, the sum of these residues
is not enough to correct the bias of the synthetic estimator, while
square residues are too low to provide conservative intervals. This
effect might also explain the overoptimistic intervals for internal,
overtuned models in Kangas et al. (2016).

Another interesting finding was that the unbiasedness of the
mean estimates was not necessarily linked to conservative esti-
mates of variance. This was apparent for kNN in ALS dataset, and
RF and GPR for both datasets. Although these models had a strong
tendency to overfit to the train data (Section 3.1), their estimates
are general enough to not bias the synthetic estimator, but at the
same time, produce reduced variances.

Overfitting and external models

Our results suggest strong evidence that the population estimates
using external models are not affected by the model overfitting.
The population mean estimates were unbiased independently
of the modeling approach and overfitting, and the estimated
standard errors were comparable to the empirical ones. These
results are in line with Kangas et al. (2016), who found unbiased
means and more realistic standard error estimates for external
models. The unbiasedness of the estimates using external models
was expected due to the intrinsic nature of the model-assisted
estimators (Sdrndal et al. 1992, Chapter 6). Nevertheless, our
results stress this principle in the case of overfit models. The
correction term of the mean estimator (5) capitalizes the model
bias even when the model is strongly overfit. Besides, although
the model might be taken as incorrect, it is still correlated with
the sample values. This allows for obtaining realistic values of the
population variances.

Overfitting and bootstrap estimator of variance

The bootstrap variance estimator led to estimates comparable to
both analytical and empiric estimators for non-overfit models in
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Figure 6. Evolution of estimates during simulations for ALS data. Average population estimates for non-overfit (orange), realistic (green), and overfit
(blue) models computed using analytical (full lines) and bootstrap (dashed lines) estimators. Full, straight gray lines in upper-line panels indicate the

true population mean. Please note the differences in y-axis ranges.

most cases, indicating that this strategy was consistently effec-
tive in our analysis. Moreover, there is strong evidence that the
bootstrap estimator of variance was effective to reduce the over-
fitting effect of internal models. This was clearly noted for the
OLSin S2 data, and kNN, GPR and RF models in both datasets. The
intervals computed using bootstrap estimator and overfit models
were in general more conservative and closer to the empirical
errors than those obtained using analytical estimator.

The overfit OLS model for the ALS dataset was however a
surprising exception. The estimated variances were many times
higher in this case, producing unrealistic confidence intervals.
Although some studies recommended using more bootstrap iter-
ations (McRoberts et al. 2011), using npeet =100 iterations but
repeating the simulation 10.000 times is likely to give rather stable
estimates. As shown in Fig. 4 as well as previous studies (Cosenza
et al. 2022a), the OLS models’ prediction errors increase abruptly
when the number of predictors is too high compared to the num-
ber of training observations. In this case, the reduced variability
of the individual bootstrap samples (i.e. the resample data, sp) in

ALS data likely contributed to the intensification of the overfitting
effects of the models and increased the errors when predicting to
the sample, s;. The fact that the RF, kNN, and GPR models had
better generalization even in case of overfitting prevented them
from suffering from this same effect in the bootstrap estimates.

The bootstrap estimator of variance for external models pro-
duced comparable estimates as the analytical estimator. There-
fore, using bootstrap to construct intervals would be disadvanta-
geous in this case because it is computationally more intensive
than the analytical estimator.

Overfitting across models and datasets

The overfit effect on population estimates was different across
models and datasets. The OLS model was taken as reference in
the analysis and shown to be the most sensitive to the overfit
effects. Such effect was highlighted when using a large number
of predictors compared to the number of training observations, a
particular case of ALS data. As also noted in Moser et al. (2017),
enhancing internal OLS models by increasing predictor variables
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Figure 7. Evolution of estimates during simulations for S2 data. Average population estimates for non-overfit (black) and overfit (red) models
computed using analytical (full lines) and bootstrap (dashed lines) estimators. Full, straight gray lines in upper-line panels indicate the true population
mean, while the full, straight gray and light red lines indicate the empirical standard error estimates for non-overfit and overfit models, respectively.

indiscriminately is detrimental for both the model-assisted mean
and variance estimates. In such cases, it is preferable to seek for
more conservative models.

RF had overoptimistic confidence intervals in both datasets
whenever internal models were used. This might be explained by
the rather low train error found for this modeling approach, which
amounted to half of the test errors (Fig. 4). Differently from OLS,
RF cannot extrapolate the train data, so the train data must be
as representative as possible to ensure good generalization. For
instance, in a former study we showed that RF is mostly affected
by the size of the train data and that the train and test errors
can be very close if both data have the same distribution of the
response variable (Cosenza et al. 2022a). This data representativ-
ity was not ensured in the present study, and the fact the train
data size represents a much lower proportion for S2 than for ALS
data (2 and 13 per cent, respectively) might justify the biased
mean when the overfit internal model was used. This implies
that additional care should be taken when internal RF models are
used with small training samples. Default hyperparameters of RF

seem to perform rather well in many applications (Segal 2004),
so instead investing effort in tuning the RF hyperparameters
it is better to enhance the sampling strategies to collect more
representative sample and minimize estimation issues in case
of internal models. Example of such strategies can be seen in
Goodbody et al. (2023b, 2023a).

The internal kNN model with RF based distance metric can also
bias the estimates even when using just few predictors. Similar to
RF, kNN cannot extrapolate the predictions beyond those observed
in the train data, so using a larger and more representative sample
might also be beneficial. However, kNN hyperparameter tuning
has been shown to be effective to reduce overfitting and enhance
estimation (McRoberts et al. 2015), so this might also contribute to
remedy bias and overoptimistic intervals for internal kNN models.

GPR could effectively handle overfitting in both pixel-wise
predictions (Fig. 4) and model-assisted estimates (Fig. 5). Although
the train errors in GPR were rather low, the models were still able
to generalize well and provide good estimates. Differently from
kNN and RF and similar to OLS, GPR models can extrapolate the

$20Z J8quiBAoN zz uo 1senb Aq £89298//5509edo/ANSa10l/S601 0 | /I0p/3|o1e-aoueApe/Alsa.lol/woo dnoolwepeoe//:sdiy Woll papeojumod



12 | Cosenza et al.

predictions outside the train data but, differently from OLS, it is
less affected by high-dimensional datasets. Itis worth mentioning
that our implementation of GPR did not include any strategy to
avoid negative predictions. Although this would be relevant for
pixel-wise predictions (Varvia et al. 2019), it is less than an issue
for model-assisted population parameter estimates.

Some authors consider a model overfit when it violates the
principle of parsimony, i.e. when unnecessary predictors are
included or the modeling technique is too complex (Hawkins
2004). This seems to be the case of GPR, RF, and OLS, when internal
models trained using many predictions biased the estimation
(OLS and RF) and produced unrealistic intervals (OLS, RF, GPR).
Besides, RF and kNN models using RF distance metric might be
a too complex solution for building internal models for biomass
estimation when only small samples are available for training. In
all conditions of number of predictors, RF led to overoptimistic
intervals, while kNN produced biased estimates. Therefore, the
concept of parsimony must also be considered in estimation,
especially when using internal models.

Enhancing model accuracies by increasing the number pre-
dictors from 2 to 5 had no significant impact on the estimation
results in our study. In our simulations both means and variances
computed using realistic models (five predictors) were compara-
ble to those estimated using non-overfit models (two predictors),
but they were rather different from those of overfit models in most
cases. This indicates that using at least up to five predictors is a
good choice for building parsimonious models for estimation in
cases of small training samples. Strategies for variable selection
in case of model-assisted estimation can, e.g. be found in (Moser
et al. 2017).

Conclusion

This work assessed the effect of overfitting for different model
types (OLS, RF, kNN, and GPR) when estimating boreal forest
volume under model-assisted frameworks in four scenarios: using
internal models and analytical variance estimator of variance,
using internal models but bootstrap estimator of variance, exter-
nal model and analytical variance estimator, and external model
but bootstrap estimator of variance. Six conclusions can be drawn
from the work. First, model overfitting can cause serious effects
on population estimates when using internal models, especially
OLS. Second, there is no mandatory link between the bias of the
mean estimates and the underestimated variances in internal
overfit models. As noted for GPR and RF, it is possible to have
approximately unbiased estimates of population mean as well
as overoptimistic confidence intervals, whereas the opposite was
found for kNN. Third, the bootstrap estimator of variance is an
effective alternative to provide realistic estimates of variance
when internal models are used. It was also able to attenuate
overoptimism of confidence intervals computed using overfit
models, though caution is required when using parametric mod-
els. Fourth, population estimates obtained using external models
are not affected by model overfitting, so population estimates
are still unbiased and realistic confidence intervals can be con-
structed. Fifth, issues found in pixel-wise model predictions are
proxies of the issues found in the population estimates. Sixth,
enhancing model accuracy by increasing the number of predictors
have minor impact in estimation and might risk models to overfit
if this number is too large compared to the sample size.

The practical recommendation following these conclusions is
that model-assisted estimates can be computed using external
models and analytical estimator disregarding the suspicion

of model overfitting. When internal models are used, they
must be trained using representative datasets and tuned to
provide generalist predictions, i.e. using parsimonious models
(2-5 predictors) particularly in case of parametric models and
conservative hyperparameters in case of semi- or non-parametric
approaches. Comparing train and test errors using validation
or cross-validation is a good strategy to infer about model
generalization and might indicate issues in estimation. Once a
generalist (i.e. non-overfitted) model is produced, one can use it
to compute the estimates analytically if the population sample is
sufficiently large. If there is doubt about the representativity of
the sample or if the sample size is small, the bootstrap estimator
of variance can be used to construct more conservative and
realistic confidence intervals. Many of our remarks are likely
generalizable although this study was exclusively implemented
in boreal forests in Finland. Replication of the study in forest
plantations, temperate and tropical forests would further clarify
the role of overfitting effect in model-assisted forest inventories.
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