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However, because NFI survey years may not match the required reporting years, techniques for updating
NFI-based estimates are necessary.

The main aim was to develop an unbiased method to update NFI estimates of mean growing stock vol-
ume (m3/ha) using models to predict annual plot-level volume change, and to estimate the associated
Annual volume change uncertainties. Because the'ﬁnal largg area volume estimates were based on plot-level model predigti(')ns
Annual volume increment rather than field observations, hybrid inference was necessary to accommodate both model prediction
Growth model uncertainty and sampling variation. Specific objectives were to compare modelling approaches, to assess
Uncertainty the utility of Landsat data for increasing model prediction accuracy, to select the most accurate method,
and to compare model-based and design-based uncertainty components. For four monospecific forest
types, data from the 2nd and 3rd Spanish NFI surveys together with site variables and Landsat images
were used to construct models to predict NFI information for the year of the 4th NFI survey. Data from
the 3rd and 4th surveys were used to assess the accuracy of the model predictions at both plot-level
and large area spatial scales.

The most accurate method used a set of three models: one to predict the probability of volume
removals, one to predict the amount of removed volume, and one to predict gross annual volume.
Incorporation of Landsat-based variables in the models increased prediction accuracy. Differences
between large area estimates based on plot-level field observations for the 4th NFI survey and estimates
based on the model predictions were minimal for all four forest types. Further, the standard errors of the
estimates based on the model predictions were only slightly greater than standard errors based on the
field observations. Thus, model predictions of plot-level growing stock volume based on field and satellite
image data as auxiliary information can be used to update large area NFI estimates for reporting years for
which spectral data are available but field observations are not. Finally, variances of means are under-
estimated unless hybrid inferential methods are used to incorporate both model prediction uncertainty
and sampling variation. For the two forest types for which the two sources of uncertainty were of the
same order of magnitude, the under-estimation was non-negligible.

© 2017 Elsevier B.V. All rights reserved.
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1. Introduction

Recent decades have seen an increasing demand for forest infor-
mation, at least partially in response to international agreements
such as the Kyoto Protocol adopted in 1997. International organi-
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resources, the sustainability of forest practices and the role of for-
ests in the carbon cycle (Vidal et al., 2016). This increasing demand
is reflected not only in the number of parameters for which esti-
mates are requested but also in the increasing frequency of
required reports. For example, FAO’s Forest Resources Assessment
(FRA) assesses the world’s forests at 5- to 10-year intervals, while
the UNFCCC requires annual reports (Ellis and Moarif, 2015).

National forest inventories (NFI) are the primary sources of
information for producing reliable forest-related estimates with
associated measures of uncertainty for basic forest attributes of
which growing stock volume and forest area are the most common
(Tomppo et al., 2010; Vidal et al., 2016). However, because many
NFIs were designed with re-measurement cycles longer than the
required reporting frequencies, the use of NFI data for responding
to the requirements would entail either a revision of NFI protocols
(Fridman et al., 2014) or use of prediction techniques to extrapo-
late NFI-based estimates to the assessment years. As an example,
the question of how much woody biomass is available in Europe,
which is relevant not only for developing realistic targets for the
use of renewable energy sources but also to develop climate
change mitigation strategies, is frequently addressed using empir-
ical growth models (Cienciala et al., 2008; Barreiro et al., 2016).

Not all countries, especially those in the Mediterranean region,
have well-developed projection systems with models applicable at
national scales for all their forest types; more typically the models
are restricted to specific species in highly productive regions
(Barreiro et al., 2016). Moreover, reliable projections should take
into account not only gross annual increment but also additional
components such as natural losses and fellings (Tomter et al.,
2016). In Europe, fellings are frequently predicted using past esti-
mates of removals or scenario analyses (Salas-Gonzalez et al.,
2001; Barreiro et al.,, 2016; Tomter et al., 2016) which may or
may not accurately reflect future conditions (Nabuurs et al., 2007).

When lengths of inventory re-measurement cycles exceed
required reporting frequencies, as is the case for the Spanish NFI
(SNFI) for which plots are only re-measured every 10 years, satel-
lite data can be useful for predicting forest changes during the
intervening years (Gonzalez-Alonso et al., 2006). Satellite sensors
such as Landsat provide valuable information for a wide variety
of ecological applications (Cohen and Goward, 2004). Indices calcu-
lated from satellite spectral data have been instrumental in the
development of modelling frameworks for detecting harvests
(Healey et al., 2006) and forest changes (Hayes and Cohen, 2007)
and for estimating biomass and other stand variables (Lu et al.,
2004; Boisvenue et al., 2016).

When NFI sample plot data are the only source of forest infor-
mation, design-based estimators are typically used (Stahl et al.,
2016). Because precision criteria often cannot be satisfied using
only sample plot data, auxiliary information in the form of remo-
tely sensed data are frequently used to enhance the estimation
process by reducing variances. Common approaches include using
models based on a combination of sample plot observations and
the remotely sensed auxiliary data to predict an attribute of inter-
est. These model predictions can then be used to construct strata
for use with design-based, stratified estimators or they can be used
directly with design-based, model-assisted regression estimators
(McRoberts, 2010; McRoberts et al., 2013).

When observations for the sample plot locations for the time
period of interest are not available, models are used to predict for-
est attributes for those locations. For such cases, uncertainties
associated with the model predictions should be incorporated to
ensure that the variance estimators are unbiased. Failure to
acknowledge and incorporate the uncertainties associated with
the model predictions is not uncommon, but of necessity leads to
under-estimating the variances of population parameters, which
may lead to poor decisions. Methods for incorporating uncertainty

from both modelling and sampling sources into variance estima-
tors for population parameters are characterized as hybrid inference
(Corona et al., 2014; McRoberts et al., 2016; Stahl et al., 2016). The
primary features of hybrid inference are a probability sample of
population units, but model predictions rather than observations
for the attribute of interest for those sample units. The models
are typically constructed using data either external to the spatial
region of the sample or, in the case of updating NFI estimates,
external to the temporal timeframe of the sample. Characterization
of these methods as hybrid inference arises from the need to use
model-based inferential techniques to estimate the component of
uncertainty due to the use of model predictions rather than obser-
vations, and design-based inferential techniques to estimate the
uncertainty component due to probability sampling rather than
conducting a complete census of the population.

The primary objective of the study was to develop an unbiased
method for updating estimates of NFI mean growing stock volume
(m?/ha) using models based on data from previous inventory
cycles to predict annual plot-level volume change, and to estimate
the associated uncertainties. The framework for the study was
hybrid inference to accommodate both the model-based and
design-based inferential components. Multiple prediction methods
based on field, climatic, topographic, and Landsat-based indepen-
dent variables were used to predict annual volume change, AV.
The specific technical objectives were i) to compare multiple
updating methods with respect to both plot-level prediction accu-
racy and large area estimates of future mean growing stock volume
and to select the most accurate method, ii) to assess the utility of
Landsat data for increasing model prediction accuracy and the pre-
cision of the population parameter estimator, and iii) to compare
the relative magnitudes of the model-based and design-based
uncertainty components.

2. Materials and methods
2.1. Data

2.1.1. Sample plot data

From its 2nd survey beginning in 1986, the Spanish National
Forest Inventory (SNFI) has been a continuous inventory featuring
a systematic sample of permanent plots located at the nodes of a 1-
km square grid and remeasured using an approximate 10-year
inventory cycle. Sample plots are concentric with 5-, 10-, 15- and
25-m radii for which diameters and heights of all trees with
breast-height diameters of at least 7.5, 12.5, 22.5 and 42.5 cm,
respectively, are measured. Allometric models are used to predict
individual tree volumes which are weighted to accommodate the
different concentric plot radii to predict total plot growing stock
volume and aggregated to produce plot-level growing stock vol-
ume estimates.

The analyses focused on four monospecific forest types located
in two Regions of Spain where the 2nd, 3rd and 4th SNFI surveys
have been completed (Table 1): Pinus halepensis Mill. in the Region
of Murcia and Fagus sylvatica L., Pinus sylvestris L. and Pinus radiata
D. Don in Pais Vasco (Fig. 1).

2.1.2. Auxiliary site data

For each plot, topographic slope (Slp, degrees) obtained from
1:25,000 topographic maps in raster format (IGN, 2003) was used
as a measure of terrain conditions. Mean annual temperature
(T, °C) and annual precipitation (P, mm) were obtained from raster
maps with a 1-km resolution for the Iberian Peninsula (Gonzalo
Jiménez, 2010). The Martonne aridity index (Martonne, 1926)
was calculated as M =P/(T+ 10) and was used as a measure of
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Table 1
SNFI field work years and Landsat image acquisition dates.
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Landsat images

SNFI's cycle Field work Path Row Sensor Acquisition date
Pais Vasco 2nd 1996 ETM+ 05/09/1999

3rd 2005 201 30 ™ 24/09/2003

4th 2011 ™ 26/06/2011
Murcia 2nd 1987 199 33 ™ 26/06/1987

3rd 1999 199 34 ETM+ 21/07/1999

4th 2010 ™ 11/07/2010

Forest types
I Fagus sylvatica

[ Pinus radiata
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Fig. 1. Location of the forest types in Spain.

climatic conditions. All auxiliary site data were assumed to remain
constant over time.

2.1.3. Auxiliary remotely sensed data

Landsat imagery corresponding to the years of the SNFI surveys
were used, although image and plot measurement dates differed
slightly for the Pais Vasco Region because of image unavailability
and the failure of the Landsat scan line corrector (Table 1). All
Landsat imagery was radiometrically calibrated, atmospherically
and topographically corrected, and areas with cloud cover were
removed (Goslee, 2011). For atmospheric correction, the modified
dark object subtraction method introduced by Song et al. (2001)
was used. Topographic correction used the C-correction method
(Teillet et al., 1982) with the slope smoothing as recommended
by Riafio et al. (2003).

Multiple vegetation indices that have been reported as useful
for forest studies were calculated from the Landsat spectral
responses for years corresponding to the SNFI surveys (Lu et al.,
2004; Hall et al., 2006; Healey et al., 2006). However, preliminary
analyses indicated strong multicollinearity among the spectral
measures. Therefore, only the two indices most correlated with
both volume increment and volume removals were used: band 5
(B5), and the normalized vegetation index (NDVI) (Tucker, 1979).

2.1.4. Datasets

For each forest type, two datasets were constructed. Dataset 2-3
consisted of the plot-level volume observations, auxiliary site data,
and both Landsat B5 and NDVI for plots measured in both the 2nd
and 3rd SNFI surveys. In addition, for each sample plot j, the annual
observed volume change AV,3; was calculated. Further, as per
Martin (1982), the volume changes were disaggregated into the
gross annual volume increment, IV,3 (m® ha ' year ') and total
volume removals between the two SNFI surveys, VR, (m? ha™1),
due to both natural losses and felling:

Vi—Vy o VR
Aty3 2 Aty

AVy3 = IV (1)
where V5 and V3; were the observed volumes for plot j at the 2nd
and 3rd SNFI surveys, and At,; is the number of years between sur-
veys. Data for the j=1,...,ny; plots represented in dataset 2-3
were used to construct models for predicting volume change using
one of the five methods described in Section 2.3.

Dataset 3-4 was constructed in the same manner as dataset 2-3,
except all data corresponded to the 3rd and 4th SNFI surveys
instead of the 2nd and 3rd SNFI surveys. Models constructed using
dataset 2-3 were applied to data for the j=1, ..., n3, plots repre-
sented in dataset 3-4. In particular, the data from dataset 3-4 to
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which the models were applied were plot-level data from the 3rd
SNFI survey, auxiliary site data which did not change between sur-
veys, and Landsat B5 and NDVI for years corresponding to both the
3rd and 4th SNFI surveys. The models and the dataset 3-4 data

were used to predict volume changes @34j and the corresponding

updated plot-level volume estimates, V4,-, from the plot-level
observations for the same plots for the 3rd SNFI, V3;:

Vg =V + AAV34j - Atsy;, (2)

where Aty is the number of year between the 3rd and 4th SNFI sur-
vey re-measurements for plot j. Dataset 3-4 was also used for val-
idating the results by comparing predicted plot-level volumes with
corresponding observations for 4th SNFI. In addition, large area esti-
mates based on the model predictions were compared to similar
estimates based on 4th SNFI plot-level observations. Of importance,
although data from the 3rd SNFI cycle were included in both dataset
2-3 and dataset 3-4, some plots represented in dataset 2-3 were
not represented in dataset 3-4 and vice versa. The differences were
larger for the forest types in the Pais Vasco Region, where about the
80% of plots in dataset 3-4 were represented in dataset 2-3 but
about the 50% of plots in dataset 2-3 were not represented in data-
set 3-4. For the Murcia Region the plots differing between datasets
were less than 10%. This was a consequence of changes in forest
lands, difficulties in locating the permanent sample plots estab-
lished during previous NFIs cycles and, in the case of the Pais Vasco
Region, budget problems due the economic crisis that forced reduc-
tion in the number of sample plots during the 4th SNFI. Plot infor-
mation for the four forest types is summarized in Table 2.

2.2. Hybrid inference for mean growing stock

When only model predictions rather than observations are
available, unbiased variance estimators of population parameters
must incorporate the uncertainty of the model predictions. Hybrid
inference is increasingly recognized as the statistically correct
approach for estimating the variances of population parameters
under this condition. Four key features characterize hybrid

Table 2
Summary of the SNFI data.

inference: (1) a probability sample of population units for which
only auxiliary information, not observations of the response vari-
able, are available; (2) a model based on the auxiliary information
to predict the response variable for the sample units; (3) a design-
based estimator of the population parameter using the model pre-
dictions for the sample units; and (4) both model-based and
design-based inferential methods to estimate the variance of the
population parameter estimator. For this study, the probability
sample consisted of the plot locations for the 4th SNFI survey;
the auxiliary information included dataset 2-3, the site data, and
Landsat B5 and NDVI; the models were as described in Section 2.3;
and both the model-based and design-based inferential methods
were incorporated into variance estimators as described below.

For each forest type, the mean population volume for the 4th
SNFI survey was estimated using predicted volumes V,; obtained
using Eq. (2) as:

. Vi 1 & —~
Ity = % = H—MZ(W}‘ + AV3yj - Atzy)), 3)

Jj=1
Methods for predicting AAV34]- are described in Section 2.3. Of
importance, because data for the 4th SNFI survey were assumed

to be as yet unavailable, AAV34]- had to be predicted using data from
previous SNFI surveys.

An unbiased estimator of the variance of ji4, Var(fls), must
incorporate uncertainty from three sources: (i) the uncertainty

due to using model predictions, AV 345, Tather than observations,
AVs4;, for volume change between the 3rd and 4th SNFI surveys,
(ii) the uncertainty due to using a probability sample rather than
a complete census of the population for the 4th SNFI cycle, and
(iii) the covariance between estimates for the first two sources as
a result of using at least some of the same plots as sources of data
for constructing the models as were used to apply the models,
although the data for the two purposes were acquired at different
times.

Because of the complexities involved with estimation of the
three uncertainty components, a replicated Monte Carlo bootstrap

Dataset 2-3: Plots re-measured in 2nd and 3rd

Dataset 3-4: Plots re-measured in 3rd and 4th SNFI's cycles

SNFI's cycles
Vs, VRy3 \ AVy3 \'A VR34 V34 AV3, A

Fagus sylvatica n 299 178

mean 140.7 8.0 4.2 34 1713 6.9 3.8 2.6 186.9
48,248 has sd 80.9 20.6 29 39 94.7 16.8 2.8 39 99.2

min 0.0 0.0 -0.6 -16.8 5.6 0.0 -0.8 -19.5 1.2

max 407.3 154.9 17.6 17.6 478.3 137.1 11.6 11.3 540.1
Pinus sylvestris n 105 65

mean 124.0 9.6 4.6 35 158.6 10.0 43 2.6 174.3
15,365 has sd 76.2 18.4 3.7 4.2 96.6 24.8 3.1 4.9 96.0

min 2.3 0.0 0.4 -8.0 15.7 0.0 0.8 -20.5 21.7

max 397.1 90.5 16.6 15.3 474.0 1414 14.2 11.8 449.1
Pinus radiata n 609 474

mean 154.1 313 149 11.5 207.0 42.4 15.2 8.1 255.6
129,062 has sd 157.9 66.4 8.3 11.9 1731 100.2 9.0 21.7 181.6

min 0.0 0.0 0.0 -63.3 0.0 0.0 -0.6 -141.9 0.0

max 896.6 569.6 44.1 43.7 878.2 851.3 56.4 53.1 925.6
Pinus halepensis n 909 945

mean 18.6 2.6 0.8 0.6 26.2 23 1.0 0.8 35.2
246,512 has sd 19.9 8.2 1.0 1.1 25.2 6.8 1.0 1.1 29.7

min 0.0 0.0 -0.8 -8.0 0.0 0.0 -0.7 —4.4 0.0

max 1313 111.2 6.5 6.1 143.8 72.4 4.7 4.7 181.1

Vs, V3 and V, - volume (m>/ha) at 2nd, 3rd and 4th SNFI's cycles respectively, VR,3 and VR34 - volume removals (m3/ha), IV,3 and V34— Gross volume increments (m3/
(ha-year)), AV,3 and AV34- Annual volume change (m3/(ha-year)) between 2nd and 3rd SNFI's cycles and between 3rd and 4th SNFI's cycles, respectively. n - Number of plots

represented in each dataset.
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approach (Efron and Tibshirani, 1994), similar to that described by
McRoberts et al. (2016), was used to estimate Var(jt). For each
replication, r=1,...,10,000, a bootstrap resample the same size
as the original sample was randomly drawn with replacement
from dataset 2-3. The models were refit to the data from each
bootstrap resample of dataset 2-3 and applied to a bootstrap
resample of dataset 3-4 which was also same size as the original
4th SNFI survey sample but randomly drawn with replacement.
For each replication, an estimate fij, was obtained. The overall
bootstrap estimator of the population mean was,

LSy

*+=70,000 ° @

with variance estimator as,

S — )

Var (js) = 10,000 ()

Graphs of the bootstrap estimates of the means and variances
versus number of replications showed that 10,000 replications
were sufficient for the estimates of both the means and the vari-
ances to stabilize.

An estimate of the uncertainty due to the modelling component
was estimated separately by using bootstrap resamples from data-
set 2-3 to refit the models but using only the original dataset 3-4
when applying the models. Similarly, an estimate of the uncer-
tainty due to the sampling component was estimated separately
by using only the original dataset 2-3 to fit the models but using
bootstrap resamples of dataset 3-4 when applying the models.

2.3. Methods for predicting annual volume changes

Five methods were used to predict annual, plot-level, volume
change for years subsequent to the year of the last NFI field work.

2.3.1. Mean annual volume change for the previous SNFI cycle
The first method for predicting volume change was the method
currently used by the SNFI. For each forest type, annual plot-level

volume changes AV34 were predicted using the mean of the

observed volume changes, AV,3, over all permanent plots mea-

sured for both the 2nd and 3rd SNFI cycles:

— 1 & (V3 — Vy)

AV;=AVy =—) 29/ 6
! 57 ny ; Aty3 ©
Note that thej=1, ..., ny3 plots represented in dataset 2-3 used

for estimating mean annual volume change could be different than

the plots represented in dataset 3-4 to which the mean is used as a

prediction of annual plot-level change. This approach was desig-

nated method A.

2.3.2. Annual volume change models

The second method for predicting annual plot-level volume
change between the years t and t + At used simple linear models
constructed using data for the previous two SNFI surveys:

AVj = ao + a1Gyj + a;Hoy + asdg; + asSlp; + asM; + g; (7)

where G;, Ho, and dg, were respectively plot basal area (m? ha™!),
dominant height (m), and quadratic mean diameter (cm), for the
first of the two surveys, Slp was topographic slope (degrees) and
M was the Martonne aridity index, the latter two of which were
assumed to be constant over time, and a,,...,as were coefficients
to be estimated. This approach was designated method B.

With the aim of improving model prediction accuracy, variables
obtained from the Landsat spectral data were also considered as

predictors. Because years for the SNFI field work and the Landsat
imagery differed for some forest types (Table 1), Landsat B5 and
NDVI for both the first and last years of the SNFI cycles were con-
sidered separately as independent variables rather than as band
differences or ratios. This approach using linear models and spec-
tral response variables was designated method B + L.

Models were fit using plot data for dataset 2-3. Independent
variables were incorporated into the model if they statistically sig-
nificantly improved the quality of fit of the model as assessed at
the o = 0.05 significance level using the F-test based on the extra
sum of squares principle (Ratwosky, 1983). The models were then
applied to data for plots represented in dataset 3-4 to predict

annual plot-level volume change. Adjusted R?, denoted Rﬁdj, is a
modification of R? that accounts for the number of predictor vari-
ables and was used as a measure of the goodness of fit of the mod-
els to the data. Note that, unlike R?, Rﬁdj may decrease when an

additional predictor variable is included in the model.

2.3.3. Annual volume increment and volume removals models

The third method used a set of multiple models for each forest
type to predict gross annual volume increment [V; and total vol-
ume removals VR; between year t and t + At:

log(IV; 4+ 1) = ag + a; log(G,j + 1) + a; log(Ho, + 1)
+ aslog(dg,; + 1) + asSlp; + asM; + g, 8)

Because of the large number of zero-valued observations for VR;,
a condition characterized as zero inflation, this variable was pre-
dicted in two steps. First, a logistic model for the probability of a
removal greater than 0, Pyz-o, Was constructed as:

logit(Pvgs0) = ao + a1 log(G,; + 1) + a; log(Ho, + 1)
+ as log(dg,; + 1) + a4Slp; + asM; + g;, 9)

and, second, a linear model for the volume removed was con-
structed as:

log(VR;) = ao + a; log(Gy) + a; log(Hoy) + as log(dgy)
+ asSlp; + asM; + & (10

The models of Egs. (8) and (9) were fit using data for all plots
represented in dataset 2-3, whereas the model of Eq. (10) was fit
using only the subset of plots with removals greater than 0. Natural
logarithmic transformations of the original variables were neces-
sary to normalize distributions of residuals and to reduce
heteroscedasticity. When transforming back to the original scales,
the bias induced by the logarithmic transformation was corrected
using the Beauchamp and Olson (1973) coefficient.

As previously, the statistical significance of the contributions of
independent variables for increasing the quality of fit of the models

to the data was assessed at the o= 0.05 significance level. Rgdj and

Nagelkerke-R? (Nagelkerke, 1991) were used as measures of qual-
ity of fit for the linear and logistic models, respectively. For future
reference, this approach is designated method C.

In the same manner as for method B, the Landsat B5 and NDVI
variables were considered for use as independent variables. In this
case B5 corresponding to both the first and last years of the respec-
tive SNFI cycles, was used as a predictor of removals (Egs. (9) and
(10)) while NDVI, also for the first and last years of cycles, was used
as predictor of annual volume increment (Eq. (8)). This approach
was designated method C + L.

The models were applied to data for plots represented in data-
set 3-4 to predict annual plot-level volume change as:

AV; =1V, At;— VR;, (11)
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where the volume removals \71\2j were 0 for plots with predicted
probability Pyg.o less than 0.5 (Eq. (9)) and estimated with Eq.
(10) for the other plots.

2.4. Model prediction accuracy

The accuracies of the prediction methods were assessed at two
levels. First, a plot-level assessment was based on residuals calcu-
lated for each plot, j, as the difference between V,4; and Vs j where
V4 is obtained using one of the methods described in Section 2.3.
The distributions of residuals were summarized for each forest
type and method using mean error (ME), mean absolute error
(MAE) and root mean square error (RMSE):

_ S (Vi — V)

ME s ., (12)
Vi — Vi
MAE:ZJ:”nZ 41|7 (13)
and
S (Vg — Vi)’
RMSE — Zij=1\"4 — V4) (14)

Niyg — 1

where ns4 is the number of sample plots represented in dataset 3-4
within the forest type. Note that ME, MAE and RMSE were calcu-
lated using dataset 3-4, not dataset 2-3 which was used to con-
struct and fit the models.

Second, inferences for estimates of u, in the form of a confi-
dences intervals were calculated as ji4 & t; 4SE(jts), where the

standard error was calculated as SE(fls) = 4/ \7a\r(,a4). Although
model prediction accuracy is important, the models are just inter-
mediate steps enroute to the inference. Therefore, for each forest
type and method, confidence intervals at the 0.95 significance level
were also calculated for jis. The confidence interval half-widths as
expressed by t;_, - SE(fl4) were compared as means of assessing the
relative accuracies of the prediction techniques. In addition, the
confidence interval based on just the 4th SNFI plot observations
was calculated as a means of assessing the degree to which preci-
sion is lost by using model predictions, V4j, rather than observa-
tions, V4, when estimating p,. Finally, uncertainties due to the
modelling and sampling components were compared using their
respective standard errors: SEy(fts) and SEp(jLs).

3. Results
3.1. Model prediction accuracy

3.1.1. Model prediction accuracy for the calibration data (dataset 2-3)
In general, inclusion of the Landsat variables B5 and NDVI in the

B +L and C+L models produced an increase in Rﬁdj. For the annual

volume change models (Eq. (7)), method B produced only small Rﬁdj
values, ranging from 0.0065 for Pinus radiata to 0.2414 for Pinus
sylvestris (Supplementary Table 1), but always increasing when
the Landsat variables were incorporated. For the broadleaf forest
type, Fagus sylvatica, the increase due to the Landsat variables
was very slight although statistically significant. For this forest
type, only the Landsat variables for the 2nd NFI survey contributed
to statistically significantly improving the quality of fit of the
model to the data with the result that no Landsat variables repre-
senting the final conditions were included in the model. For the

other forest types, the increase in Rﬁdj when including Landsat

variables was between 0.10 and 0.15 which, although small in
absolute terms, still represented a large relative increase.

For method C, the Landsat variables that contributed to statisti-
cally significantly improving the fit of the models differed by forest
type (Supplementary Tables 2-4). For the annual volume incre-
ment models of Eq. (8), the models for all forest types included
NDVI for the 2nd NFI, for the 3rd NFI or both. For the logistic mod-
els of Eq. (9), B5 was included in the model only for Fagus sylvatica
and Pinus halepensis. For volume removals models of Eq. (10), only
the models for Pinus radiata and Pinus halepensis included the B5
variable.

The contributions of the Landsat variables were especially
remarkable for models for the Pinus halepensis forest type for
which the Landsat acquisition dates and the years for which SNFI
field work were conducted matched closely. For this forest type,
Landsat variables for both the first and final year of the SNFI cycle
always contributed to statistically significantly increasing the

quality of fit of the models to the data. Rﬁdj for the logistic model

of Eq. (9) increased from 0.23 to 0.41 and produced an increase
in accuracy from 79% to 84% for distinguishing plots without and

with removals. For the volume removal model of Eq. (10) Rﬁdj
increased from 0.19 to 0.42.

3.1.2. Model prediction accuracy for the accuracy assessment data
(dataset 3-4)

Table 3 summarizes the analysis of residuals for each forest
type resulting from applying the models to dataset 3-4. It has to
be noticed that, while the accuracy analysed in the last section
referred to annual volume changes, this table refers to mean errors
calculated for predicted volumes according Eq. (2). Therefore, the

small values of Ridj reported for the volume change models were
more important when calculating ME, MAE and RMSE for the forest
types with the greater values of volume increment and volume
removals as Pinus radiata (Table 2).

For all forest types, ME was greater for method A than for meth-
ods B and C. In addition, ME was always nearer 0 for methods B + L
and C + L which included the Landsat variables than for methods B
and C. Overall, method C + L produced the smallest MEs. In general,
for all forest types, methods B + L and C + L produced smaller MAEs
and RMSEs than the corresponding methods B and C. However, for
the Fagus sylvatica forest type, RMSE was 0.2 m>/ha greater for
method B +L than for method B; similar results were observed
for Pinus halepensis for which MAE and the RMSE were 0.6 and
0.3 m>/ha greater, respectively, for method B + L than for method
B. Also, for Pinus radiata, MAE was 1.2 m3/ha greater for method
C+L than for Method C, despite the clear reductions in ME and
RMSE. For purposes of clarification, we note that greater ME,
MAE, or RMSE for methods B + L or C + L than for B or C is possible
because the model was constructed for dataset 2-3 but applied to
dataset 3-4.

3.2. Inference

Population estimates of the mean (jits) and standard error
SE(j14) together with the components SEp(it4) and SEy (i), are
reported in Table 4. When comparing confidence intervals at the
1 — o= 0.95 confidence level, estimates of means for Pinus radiata
and Pinus halepensis obtained with method A were outside the con-
fidence interval constructed using only observations, V4, and sim-
ple random sampling estimators (Fig. 2). Further, method C+L
produced confidence intervals that were most similar to the latter
confidence intervals although the SEs were slightly greater.

In general, for all forest types, the largest values of SE(fl4) were
for methods B+L and C+L which included Landsat variables
(Table 4), although the differences relative to the other methods
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Table 3

Accuracy measures based on plot-level residuals between the observed and predicted volume for the 4th SNFI for the five methods described in Section 2.3.

Modeling approach Fagus sylvatica (178 plots)

Pinus sylvestris (65 plots)

ME MAE RMSE ME MAE RMSE
A 4.6 16.7 23.2 5.5 18.2 29.5
B 6.0 16.8 23.0 5.4 20.6 332
B+L 3.5 16.1 23.2 -1.1 203 32.6
C 23 16.6 235 -0.3 203 313
C+L 0.4 16.4 235 0.0 20.2 30.1

Pinus radiata (474 plots) Pinus halepensis (945 plots)

ME MAE RMSE ME MAE RMSE
A 20.2 71.0 129.9 -2.2 8.6 119
B 18.5 70.7 128.7 -1.5 8.0 115
B+L 4.2 703 124.5 -04 8.6 11.8
C 13.0 715 128.2 -1.4 8.8 12.4
C+L 1.6 72.7 123.8 0.0 8.6 119

Table 4

Estimates of mean volume, ji;, and standard errors, SE(j), for the four forest types and five methods described in Section 2.3.

Fagus sylvatica (186 plots)®

il ME SEm(fla) SEp(fta) SE([ta)
Observed 186.9 - 0.0 7.4 7.4
A 1914 4.6 14 7.1 7.2
B 192.8 6.0 1.5 7.3 7.4
B+L 190.3 3.5 1.8 7.4 7.6
C 189.2 2.3 2.3 7.1 7.4
C+L 187.3 0.4 2.3 7.1 7.4
Pinus sylvestris (65 plots)
flg ME SEm(fta) SEp(fta) SE(fta)
Observed 174.3 - 0.0 11.9 11.9
A 179.8 5.5 2.4 12.0 121
B 179.6 54 21 12.5 12.5
B+L 173.2 -1.1 33 12.6 12.9
C 173.9 -0.3 3.8 12.0 124
C+L 174.3 0.0 3.7 11.5 12.0
Pinus radiata (474 plots)
fta ME SEu (jta) SEp(jta) SE(jta)
Observed 255.6 - 0.0 8.3 8.3
A 275.7 20.2 2.9 8.0 8.5
B 2741 18.5 35 7.8 8.5
B+L 259.8 4.2 52 7.9 9.5
C 268.6 13.0 4.6 7.5 8.8
C+L 257.2 1.6 5.6 7.5 9.4
Pinus halepensis (945 plots)
il ME SEwm (ia) SEp(fta) SE(fta)
Observed 35.2 - 0.0 1.0 1.0
A 33.0 -2.2 0.4 0.8 0.9
B 33.7 -1.5 0.5 0.9 1.0
B+L 34.8 -04 0.8 0.8 1.1
C 33.8 -14 0.8 0.8 1.1
C+L 35.2 0.0 0.7 0.8 1.1

# SEm(ft4) is the standard error corresponding to the model prediction uncertainty, and SEp(f4) is the standard error corresponding to sampling variation; and is the ME the

mean error used as an estimate bias for ji4.

were small. For instance, when comparing values of SE(jt4) for
method B+ L with values obtained using the 4th SNFI survey
observations, differences were small, ranging between 0.2 m*/ha
for Fagus sylvatica and 1.2 m>/ha for Pinus radiata. Further, SE(ji,)
for method C+L was always smaller than for method B+1L,
although always larger than SE(jt) obtained using the 4th SNFI
survey observations.

When analyzing the component of uncertainty due to mod-
elling, method A produced the smallest SEy(jts) among all forest
types. However, methods with the smallest SEs also produced
the greatest MEs. Moreover, methods B + L and C + L that included

Landsat variables had the smallest MEs but the greatest values of
SE(jt4), primarily as a consequence of greater values for SEy (fL4).
Regardless of the method used to update volume estimates, fail-
ure to incorporate the component of uncertainty due to using
model predictions rather than observations of annual plot-level
volume change of necessity led to systematic under-estimation
of the SEs. This under-estimation was more important for the for-
est types Pinus radiata or Pinus halepensis for which the numbers of
sample plots used in this study were larger. For these forest types,
SEm(fts) and SEp(jts) were of same order of magnitude (Table 4)
which exacerbates the consequences of failing to incorporate the
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Fig. 2. Confidence intervals at o = 0.05 significance level for the mean volume estimates for the four forest types and five methods described in Section 2.3. The solid and
dashed horizontal lines are the mean and lower and upper bounds, respectively, for a confidence interval for mean volume based on the 4th SNFI plot observations. Note that

OY axis has different scales.

uncertainty associated with the model predictions when estimat-
ing variances. The ratio of the half-width of the confidence interval
and the estimate of the mean, expressed as a percentage,

t1-4SE(jts)
m

HW = , (15)
can be used as a measure of relative estimated precision. For the
most accurate prediction method, C+L, correctly incorporating
the uncertainty due to using model prediction increased relative
HW% from 5.8% to 7.3% for Pinus radiata and from 4.6% to 6.1% for
Pinus halepensis.

4. Discussion
4.1. Models

The main objective of the study was to develop an unbiased
method for updating growing stock volume estimates which,
together with their corresponding uncertainties, could be used to
respond to questionnaires from the international forest assess-
ments for years between NFI field measurements. Simple models
developed using data from NFI sample plots measured in previous
surveys produced updated estimates that were similar to estimates
based on field plot observations. Of importance, these models are
only appropriate for short-term predictions for which growth

conditions such as climate and management regimes are expected
to be stable (Peng, 2000).

Moreover, future European harvest rates are expected to
increase by as much as 30% relative to 2010 estimates (Barreiro
et al., 2016). This situation increases the importance of using mod-
els that incorporate some current conditions to update growing
stock rather than simply using past volume change measurements
as is the case for method A. This issue is even more crucial for fast-
growing species such as the Pinus radiata. Method C + L, which
explicitly predicts removals, was the most accurate at both the plot
and population levels.

Inclusion of satellite image-based independent variables in the
prediction models presented challenges. Although Landsat data
have been widely used to assess forest area, structure, harvest,
and growing stock volume (Lu et al., 2004; Hall et al., 2006), few
studies have reported the use of Landsat data as independent vari-
ables in change models for these attributes other than those
related to area (e.g., Suratman et al., 2004). Further, the accuracies
of few such models have been assessed using new datasets for pur-
poses of forecasting future conditions. In this sense, we found that
inclusion of Landsat variables corresponding to the prediction year
generally increased the accuracy of model predictions as measured

by RZ; when assessed for dataset 2-3. However, this increase did

not always produce more accurate plot-level volume model predic-
tions when the models were applied to dataset 3-4; in fact, for
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Fagus sylvatica and Pinus halepensis using method B and for Pinus
radiata using method C, MAE and/or RMSE were actually larger
(Table 3). However, because there is widespread general consensus
that unbiased estimators are preferred, even if associated variances
are somewhat larger, for this study we regarded ME as more
important than MAE, RMSE or uncertainty.

An important benefit of methods B + L and C + L is the possibil-
ity of including Landsat variables as predictors, not only for the
first year of an SNFI cycle, as is the case for field variables, but also
for the last year of the cycle. This feature potentially circumvents
the necessity of detailed scenario analyses, detailed records of
thinning, and accommodation for hazardous events such as fire,
that affect stand productivity (Coops, 1999). Although Healey
et al. (2006) found that differences in spectral values for the begin-
ning and end of a prediction period produced smaller RMSEs, we
used only basic spectral variables rather than their differences
because of mismatches between the years of SNFI field measure-
ments and Landsat acquisition dates for the Pais Vasco Region
(Table 1). For all the models for this Region, only Landsat variables
corresponding to the first or final year of an SNFI cycle contributed
to statistically significantly improving the quality of fit of the mod-
els to the data.

Preliminary analyses showed that the shortwave infrared
(SWIR) Landsat B5 was most strongly correlated with forest
removals, while NDVI was most strongly correlated with gross
annual growth. These results are not unique to this study. For
example, Lu et al. (2004) reported a similar relationship between
removals and Landsat B5, while Healey et al. (2006) reported a
strong relationship between removals and B5 but a weak relation-
ship between removals and NDVI.

4.2. Inference

Hybrid inference is increasingly recognized as the statistically
correct approach for estimating the variances of population param-
eters when only model predictions, rather than observations, are
available for a probability sample of population units. Most
approaches to hybrid inference have used the model predictions
to replace missing observations in the spatial domain (e.g., Stahl
et al,, 2011; Gobakken et al., 2012); this is one of only known stud-
ies that extend hybrid inference to the temporal domain. Within
the hybrid inferential framework, uncertainty from other sources
such as allometric model predictions could also be considered
(McRoberts et al., 2015, 2016). However, for this study, the effects
of allometric model prediction uncertainty on confidence intervals
were assumed to have been similar for dataset 2-3 which was used
to construct the models and for dataset 3-4 which was used as the
source of accuracy assessment data. Therefore, this source of
uncertainty would be expected to have no effect on comparisons
among methods. Regardless of the domain or the method, the com-
pelling issue is that failure to incorporate the effects of model pre-
diction uncertainty leads to under-estimates of the variance of the
population parameter and unduly assessments of precision. When
the uncertainty due to the model predictions is small relative to
the plot-to-plot variability, the overall effects will also be small.
However, when the uncertainty due to the model predictions is
of the same order of magnitude as the plot-to-plot variability, then
the overall effects are non-negligible as is shown for Pinus radiata
and Pinus halepensis (Table 4).

Finally, we used 4th SNFI estimates of forest type means calcu-
lated using only the field observations and simple random sam-
pling (SRS) estimators as standards for comparison. Although the
SRS estimator of the mean is unbiased, the estimate obtained for
any particular sample could still deviate considerably from the true
value. Therefore, our comparisons were based not only on
estimated means but also on confidence interval half-widths as

quantified by standard errors, t;_, - SE(fl4). Method C + L produced
estimates of means that were more similar to the SRS estimates
than did method A. In fact, for two forest types estimates of the
means for method A were outside to the confidence intervals for
the SRS means. Method A produced the smallest values of SE(fls)
although the differences between method A and method C + L were
small, in absolute terms always less than 0.9 m3/ha and as a pro-
portion of the SRS values of SE(jt4) always less than 10%. Therefore,
given the considerably greater similarity of method C + L estimates
of means to SRS estimates, and only relatively small increases in
values of SE(jfi4), method C + L was deemed preferable to the other
methods.

4.3. Future investigations

Several issues would benefit from future investigation. First,
compensating for the Landsat 7 ETM + sensor malfunctions and/
or the unavailability of Landsat 5 TM for some dates by using other
sources of spectral data such as MODIS merit consideration (Hayes
and Cohen, 2007; Hayes et al., 2008). Second, for method C, tech-
niques such as seemingly unrelated regressions could be used to
estimate the parameters of the three models simultaneously with
the possibility of increasing overall model prediction accuracies
(Vanclay and Skovsgaard, 1997). Third, the effects of uncertainty
from additional sources such as allometric model predictions could
be incorporated into the analyses. Fourth, it would be interested to
extend the current study to other forest conditions including
broadleaf forest types, uneven-aged forests, and mixed species
conditions.

5. Conclusions

Most European countries use NFI information to respond to the
increasing demand for forest information required by international
organizations. However, when NFI re-measurement cycles are not
synchronized with required reporting frequencies, then if current
estimates are to be reported, prediction techniques are required
to update both NFI estimates and the accompanying estimates of
uncertainty to the reporting years.

We compared five methods for predicting annual, plot-level
volume changes as a means of updating growing stock volume esti-
mates. The most accurate method included three models, one for
predicting annual gross volume increment, one for predicting the
probability of removals, and one for predicting the amount of
removals. Moreover, including predictor variables based on the
Landsat spectral data increased model prediction accuracy. With
this method estimates of mean growing stock volume were the
most similar to the simple random sampling estimates based on
plot-level observations. Although the relative standard errors with
this method were slightly larger than for some other methods, the
gain in accuracy offsets the slight loss in precision. For construction
of inferences in the form of confidence intervals, hybrid inferential
methods were required so that both the model prediction uncer-
tainty and the uncertainty associated with sampling were correctly
and statistically rigorously accommodated. Failure to incorporate
both sources of uncertainty leads to under-estimates of variances
and could lead to poor decisions.

The operational implications of the study were threefold. First,
the study demonstrated that countries with established NFIs can
accurately and confidently respond to reporting requirements for
years for which no field-based survey has yet been conducted. Sec-
ond, use of Landsat-based metrics as predictor variables in growth
models incorporates proxies for ground-level change such as
disturbance between surveys. Third, the study demonstrated the
operational necessity of accommodating model prediction
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uncertainty in variance estimators as a means of circumventing
undue confidence in estimates. The study also extended these
emerging hybrid inferential techniques from the spatial to the
temporal domain.
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