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One of the benefits of model-based inference relative to design-based inference is that probability samples are
not required which means that models can be constructed using data external to the area of interest. Although
“external” usually means spatially or geographically external, it could also be used in the temporal sense that
the model is constructed using data whose dates are temporally external to the dates of the data to which the
model is applied. This study focuses on assessing the effects of such temporally external application data on
model-based inference using remotely sensed auxiliary information. The study area was in Burkina Faso, and
the variable of interest was firewood volume (m3/ha). A sample of 160 field plots was selected from the popula-
tion and measured, and auxiliary datasets from Landsat 8 were acquired. Models were fit using weighted least
squares; the population mean, μ, was estimated; and the variance of the population mean,Varðμ̂Þ, was estimated

using both an analytical variance estimator, V̂ðμ̂Þan, and an empirical bootstrap estimator,Vðμ̂Þboot. The estimates,

μ̂ anddVarðμ̂Þ, were compared for models constructed using calibration and application data of the same date and
models constructed using calibration and application data whose dates differed. The primary results were two-

fold. First, for cases for which the dates of the model calibration and application data were the same, μ̂ , V̂ðμ̂Þan,
Vðμ̂Þboot and dBiasðμ̂Þ were similar across datasets. These results suggest that the particular date of the dataset
from which the calibration and application data are obtained may be mostly arbitrary assuming the relation be-
tween the dependent and independent variables does not change over time. Second, for a model for which the

calibration and application data were obtained from temporally different datasets, V̂ðμ̂Þan, Vðμ̂Þboot , and dBiasðμ̂Þ
were all greater thanwhen the calibration and application data were not temporally different. Further, the crite-

rion for screening candidatemodelsmust be based on estimation of μ̂ anddVarðμ̂Þrather than themodel prediction
accuracy or goodness of fit. The adverse effects of differing dates for the calibration and application data were ex-
acerbated as the difference in dates increased. Finally, because the temporal differences also affected the analyt-
ical variance calculation, the bootstrapping procedure is recommended.

© 2017 Elsevier Inc. All rights reserved.
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1. Introduction

When multiple sets of remotely sensed auxiliary data are available
for modeling a forest attribute, which set to select? The term model
here refers to the combination of the mathematical expression
representing the relationship between a dependent and independent
variables, the selected independent variables, and the parameter esti-
mates. Because different datasets often lead to different models, which
nland, Faculty of Science and
Joensuu, Finland.
model to choose? Should the criterion be goodness of fit as expressed
by R2, the prediction accuracy as expressed by RMSE, or confidence in-
terval widths for the population parameter estimates? How robust is
the estimation when the dates for values of the independent variables
used for applying a model differ from the dates of the data used to con-
struct the model? These sampling questions can be properly evaluated
in the context of model-based inference.

In forestry, a spatial area of interest can be tessellated by smaller
units of a given size that then serve as population units. The population
parameters of interest are usually the population total (τ) ormean (μ) of
the forest attribute, and development of estimators for these parame-
ters is a common topic of sampling theory. The desired properties of

http://crossmark.crossref.org/dialog/?doi=10.1016/j.rse.2017.06.013&domain=pdf
http://dx.doi.org/10.1016/j.rse.2017.06.013
mailto:zhou@unr.edu
Journal logo
http://dx.doi.org/10.1016/j.rse.2017.06.013
http://www.sciencedirect.com/science/journal/00344257
www.elsevier.com/locate/rse


151Z. Hou et al. / Remote Sensing of Environment 198 (2017) 150–159
an estimator are with respect to the sampling distribution of estimates,
and are primarily unbiasedness and small variance (Hou et al., 2015).
Forest inventories rely heavily on sampling theory and have been
established and conducted in many developed countries. Common
practice is to conduct these inventories usingfield surveys based on spe-
cific probabilistic sampling designs that support estimators with suffi-
cient precision. This design-based inference relies on sample sizes that
are sufficiently large that the central limit theorem can be invoked to
ensure the desired properties. Design-based inference is free from as-
sumptions regarding the structure and distribution of the population,
because it is based on the distribution of all possible estimates permis-
sible under the strict terms of the sampling design (Cochran, 1977).
However, a large sample consisting entirely of field measurements fol-
lowing a probabilistic design is apt to become unaffordable and less
cost-efficient, whereas a reduced sample size risks failure to satisfy pre-
cision criteria. This dilemma could introduce a serious economic burden
on developing countries andwould hinder them from implementing re-
petitive inventories to update the status of forest resources regularly as
is required today (MEDD, 2012).

Inventories enhanced by remotely sensed data have become in-
creasingly popular. In particular, remotely sensed auxiliary data that
are correlated with forest attributes facilitate use of model-based infer-
ence. Distinct from design-based inference, model-based inference re-
lies on a model as the basis for constructing inferences in the form of
confidence intervals for the population parameters (Cassel et al.,
1977). The finite population is regarded as a realization of a random
process called a superpopulation, and every finite population is seen
as a sample of the infinite superpopulation (Särndal, 1978). This
superpopulation is characterized as infinite because it refers to the dis-
tribution of all possible values for each unit in the finite population
(McRoberts, 2010). The superpopulation is defined by the
superpopulationmodelwherein the remotely sensed auxiliary informa-
tion enters as independent variables. The model here refers to the esti-
mated superpopulation model of a given form according to prior
knowledge, andmodel parameters are estimated using sample data col-
lected from the finite population. The true superpopulation model pa-
rameters are the only fixed values, whereas the estimated model
parameters are random variables contingent on the collected sample.
Properties of a model-based population parameter estimator are de-
duced conditionally with respect to the observed sample and the stipu-
lated model, not the sampling design.

The importance of properly dealing with uncertainty was explicitly
advocated by the Intergovernmental Panel on Climate Change in its
good practice guidance for greenhouse gas reporting (IPCC, 2006). In
some instances, however, it remains unclear how uncertainty assess-
ments should be conducted. For example, McRoberts (2011) demon-
strated that maps, accuracy assessments, and models do not directly
produce inferences. A major concern with model-based inference is
the potential for serious bias in the population parameter estimator if
the presumed or stipulated model is misspecified (Gregoire, 1998).
Many studies have focused on selection of estimators and sampling de-
signs that are robust with regard to model misspecification, particularly
for linear models (e.g. Breidenbach et al., 2014; Chambers and Clark,
2012;McRoberts, 2010; Saarela et al., 2015; Valliant et al., 2000). Dating
back to early days, various methods such as designing the sample to be
balanced in terms of independent variables (Royall and Herson, 1973a,
1973b) have been proposed to enhance inferential robustness despite
model misspecification. Nowadays, requirements for statistically rigor-
ous uncertainty estimates are steadily increasing (Gregoire et al.,
2016), particularly when there are multiple sources of uncertainty.

One of the benefits of model-based inference relative to design-
based inference is that probability samples are not required. Thus,
models can be constructed using data external to the area of interest
(McRoberts et al., 2014). Although the term external usually means spa-
tially or geographically external, it can also be used in the temporal
sense that the model is constructed using data whose dates are
temporally external to the dates of the application data. McRoberts et
al. (2016a) considered a similar problem for design-based inference,
but to our knowledge the problem of temporal externality has not
been considered for model-based inference. Standard regression theory
assumes that model predictor variables are observed without error
(Gregoire and Valentine, 2008), and that if measurement errors and
model-related errors cannot be ignored, uncertainty estimates such as
variancewill be underestimated (Särndal et al., 1992). Therefore, the ef-
fects of temporal differences betweenmodel calibration and application
data can be pernicious.

Consequently, the aims of the study were twofold: (1) to evaluate

and compare how μ̂ anddVarðμ̂Þvarywhen temporally different remotely
sensed data are used for constructing and applying a model; and (2) to
summarize rules of thumb that help to reduce the uncertainty caused by
an arbitrary selection of dates of auxiliary data. The forest attribute of in-
terest is firewood volume (m3/ha), the main commercial product ob-
tained from the forests in the Burkina Faso study area.

2. Materials

2.1. Study area

The study area is situated in the rural commune of Kou in south-
eastern Burkina Faso (11°45′N, 1°57′W) (Fig. 1, left). The topography
is a plain with low relief and mean elevation of 350 m above sea level.
The soil has a sandy clay texture and mainly consists of plinthosols
with a subsurface accumulation of plinthite with small nutrient content
(Jonsson et al., 1999). The mean annual precipitation is 790 mm/year,
and the mean annual temperature 28 °C. The climate is semi-arid and
bimodal (Peel et al., 2007). The monsoonal rainy season lasts seven
months fromApril to October and accounts for 80% of the annual precip-
itation received, whereas the dry spell season covers the rest of a year
(Nicholson, 2009).

Controlled fires are common in the study area (Fig. 2) and are
intended to promote a fresh growth of grass for the grazing herds, to
make the wildlife more visible for the tourists, and to prevent more de-
structive wildfires later (Gessner et al., 2015). However, although the
grasses and shrubs are burnt to ash, the fires do not usually cause per-
manent land cover changes because most trees survive and the burnt
vegetation recovers quickly (Sawadogo et al., 2002). Four fire seasons
have been distinguished, the pre-early season in October, the early sea-
son in November and December, the late season in January and Febru-
ary, and the post-late season in March and April (Gessner et al., 2015).

2.2. Field data

A sampling design proposed by the Land Degradation Surveillance
Framework (Vågen et al., 2013) (Fig. 1, right) was used to locate 160
sample plots. Field data were collected between late November 2013
and early February 2014 for the primary purpose of supporting model
construction. To cover the range of variation of the variables in the pop-
ulation, the sampling design divided the study area into 16 regular tiles,
and in each tile 10 sample plots were randomly selected andmeasured.
The plots were circular, with a radius of 17.84 m and area of 0.1 ha. The
mean distance between plot centers was 218.2 m, thus avoiding prob-
lems associated with spatial autocorrelation among plot observations.
Plot centers were geo-referenced with Global Navigation Satellite Sys-
tem receivers with a real-time accuracy of 60 cm supported by free cor-
rections of Satellite-Based Augmentation Systems based on European
Geostationary Navigation Overlay Service.

Plot-level firewood volume (m3/ha) was obtained from fallen or
standing deadwood and living trees by selecting the woody material
that was not rotten and was usable as fuelwood, and computing the to-
tals per hectare by aggregation. Because specific allometric models for
particular tree species volume were not available, a general model for



Fig. 1. The population and distribution of sample plots.
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dry climates presented by Chave et al. (2005) was applied. Descriptive
statistics for the plot measurements are given in Table 1. Altogether
54 tree species were observed of which the most common were
Anogeissus leiocarpa and Vitellaria paradoxa. Most hardwood species ex-
cept Parkia biglobosa and Sterculia setigerawere included as suitable for
firewood; these included Anogeissus leiocarpa, Burkea africana,
Crossopteryx febrifuga, Detarium microcarpum, Pterocarpus erinaceus,
Terminalia avicennioides and Vitellaria paradoxa.
2.3. Remotely sensed data

The sources of remotely sensed dataweremultispectral images for a
single scene from the Landsat 8 Operational Land Imager (OLI) that
covers the entire study area. All images were georeferenced to
WGS84/UTM Zone 30 N. A time series of Landsat 8 OLI data composed
of eight temporally consecutive datasets was collected for the dry sea-
son when the field campaign was conducted (Fig. 3). The time interval
of 16 days between datasets was a feature of the revisit cycle of Landsat
8. These data with 30-m × 30-m pixels were Provisional Surface Reflec-
tance products (PSR, 2017) obtained free of charge from the U.S. Geo-
logical Survey using the online EarthExplorer service (EE, 2017).
Fig. 2. Controlled fire photos taken in the field, sho
3. Methods

3.1. Overview

For modeling purposes, a sample comprised of observations of both
the dependent and independent variables is collected for estimating the
model parameters, β. A model, yi= f(Xi;β)+εi, assumed to adequately
represent theunderlying relationship between the dependent and inde-
pendent variables, was used to estimate the superpopulation model
where i indexes plots or population units; yi is the plot-level dependent
variable; Xi is a vector of plot-level independent variables; the model

parameter estimates, β̂, are based on the sample; and εi is a random re-
sidual term following a Gaussian distribution (0,σi

2). The 0.09-ha pixel
size of Landsat 8 was retained because it is similar to the size of the
0.1-ha sample plot. The total number of pixels is thus the population
size, M. Because Landsat 8 has the advantage of providing wall-to-wall
values, free of charge, a straightforward model-unbiased estimator of
μ following this complete enumeration is therefore,

μ̂ ¼ 1
M

∑M
i¼1 f Xi; β̂

� �
; ð1Þ
wing scenes on fire (left) and post fire (right).



Table 1
Descriptive statistics for the sample plots.

Attributes Min Max Mean SD

Tree density (stems/ha) 10 1935 494 401
Mean diameter (cm) 6.4 40 15.2 8.5
Basal area (m2/ha) 0.2 16.1 5.6 3.6
Firewood volume (m3/ha) 0 29.1 6.6 6.2
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where M is sufficiently large that E(εi)=0 can be assumed. For this
study,we focus on μ̂ although the total can be readily estimated as τ̂ ¼ M
μ̂ . The independent variables are selected from each of the Landsat 8
datasets and serve as proxies for the dependent variable. The dependent
variable for each population unit can then be predicted using a fitted
model. Modeling details are reported in Section 3.4, and methods for
selecting the independent variables are reported in Section 3.5.

The estimator of the variance of μ̂ is,

V̂ μ̂ð Þan ¼ ∑p
j¼1∑

p
k¼1

dCov β̂ j; β̂k

� �bf 0jbf 0k þ 1

M2 ∑
M
j¼1∑

M
k¼1

dCov ε j; εk
� �

; ð2Þ

where the subscript an denotes this estimator being analytical, distin-

guished from an empirical estimator reported in Section 3.3; dCovðβ̂ j; β̂kÞ
is the estimated covariance between the model parameter estimates β̂ j

and β̂k;
bf 0j ¼ 1

M∑M
i¼1 f

0
jðXi; β̂Þ ¼

1
M

∑M
i¼1

∂ f ðXi; β̂Þ
∂β̂ j

; and dCovðε j; εkÞ is the

estimated covariance between pairs of residuals. As shown empirically
inMcRoberts (2006), the second term in Eq. (2) approaches zero asM be-
comes large and thus in this study assumed to be ignorable in comparison
to the first term, which simplifies assessment of the other factors remain-
ing in the first term.

The desire for smaller variances means that the sampling distribu-
tion of μ̂ must be concentrated and preferably symmetric and centered
on μ. To understand the factors that contribute to small variances, each
component of the first term in Eq. (2) must be investigated in turn. The
Fig. 3. Landsat 8 OLI time series composed of eight temporally consecutive datasets
partial derivative calculation relates to two factors, the model and the
values of the independent variables for the entire population (xapp).
The covariance matrix calculation relates to three factors, the model,
the values of the independent variables for the sample units (xmod),
and the form of the covariance matrix estimator. Fulfillment of the ob-
jectives of this study is rooted in the analysis of these factors.

3.2. Effects of temporally external auxiliary data

Relationships between factors related to themodel and the indepen-
dent variables are intermingled. In practice, the model used to predict
the attribute for a population unit is constructed using dataset xmod cor-
responding to imagery acquired at a point in time t1, whereas themodel
is often applied using the same variables but to a dataset xapp whose
values correspond to imagery acquired at another point in time t2. Al-
though the variables are the same, models of the relationships between
the dependent variable and independent variables obtained from xmod

may differ from the model of the relationship with independent vari-

ables obtained from xapp. Therefore, to understand how μ̂ anddVarðμ̂Þ re-
spond to the temporal differences thatmanifest themselves through the
identified factors requires evaluations and comparisons for two scenar-
ios: (1) xmod and xapp are obtained from the same dataset, and xmod is a
sample of xapp; and (2) xmod and xapp are obtained from temporally dif-
ferent datasets.

The analyses consisted of firstly constructing a model using xmod ob-
tained from one of the Landsat 8 datasets, and then secondly, applying
this model to xapp obtained from all the datasets including the dataset
from which xmod was obtained. The magnitude of differences in μ̂ anddVarðμ̂Þ at the application stage can be attributed to temporal differences
between xmod and xapp. Because the effects of obtaining xmod and xapp
from different dataset are expressed via model predictions, two models
were constructed, Model-1 using xmod obtained from Landsat 8 dataset
A and Model-2 using xmod obtained from Landsat dataset E. Selecting
which two different datasets from the eight available Landsat 8 datasets
for xmod is an unimportant factor in regard to analyzing the effects of
. The date “2013-300”, for example, stands for the 300th day in the year 2013.



Fig. 4. Modeled heteroscedastic residual variance.
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temporally external data. Datasets A and E were selected based on pre-
liminary analyses because their respective models were of the same in-
dependent variables and this feature facilitates the comparability of
model parameter estimates and population parameter estimation. In
this way, the effects of the model as an influencing factor can be
assessed. For future reference, describing xmod and xapp as having been
obtained from the same dataset means that either both xmod and xapp
were obtained from dataset A for Model-1 or both xmod and xapp were
obtained from dataset E for Model-2.

3.3. Bootstrapping procedure

The incentive for introducing Eq. (2) was to identify the factors that
affect the variance in an analytical way. Nevertheless, it is common that
some assumptionsmade during the derivation of the variance estimator
or the derivation of a covariance matrix estimator may not be fully sat-
isfied (Saarela et al., 2015). Resampling procedures such as jackknifing
and bootstrapping are suitable for such complex applications. Now
that the factors were identified, the variance was also assessed empiri-
cally using bootstrapping and compared to the variance obtained
using an analytical estimator Eq. (2). Bootstrapping also provides an es-
timate of bias that is otherwise difficult to assess (Davison and Hinkley,
1997). However, it does not identify influential factors as explicitly as
does Eq. (2).

Bootstrapping procedures were initially introduced by Efron (1979)
and later developed by Efron and Tibshirani (1994). All bootstrap
methods are based on the notion of a resample (or bootstrap sample).
For regression problems, Efron and Tibshirani (1994) introduced three
approaches for constructing resamples, andMcRoberts (2011) provides
details on various approaches for using bootstrapping with model-
based inference. For this study, the bootstrapping pairs approach was
used. With this approach, a resample of size n is drawn with replace-
ment from the empirical distribution of the pairs, (yi,Xi), each with
probability 1/n, based on the original sample of size n. The original
model calibration sample of 160 plots was resampledwith replacement
30,000 times. However, the important issue is not the number of
resamples but rather whether the estimates stabilized and converged.
For this study, 30,000 repetitionswas deemed sufficient because the es-
timates changed little after 10,000 or 20,000 repetitions. For each re-
sample, the model parameters were estimated, and the resample-

specific μ̂ and V̂ðμ̂Þanwere calculated using Eqs. (1) and (2), respectively,
and recorded. The empirical bootstrap variance was calculated as,

V μ̂ð Þboot ¼
1
B
∑B

b¼1 μ̂�−μ̂�
b

� �2
; ð3Þ

where μ̂� ¼ 1
B∑

B
b¼1μ̂

�
b; μ̂

�
b is the bootstrap estimate from the b-th resam-

ple, b= 1,…, B, and B = 30,000. The empirical bootstrap variance was

compared with the mean of the analytical variance estimates, V̂ðμ̂�
bÞan ,

for the B = 30,000 resamples and expressed as

V̂ μ̂ð Þan ¼ 1
B
∑B

b¼1V̂ μ̂�
b

� �
an ð4Þ

which correspond closely with Vðμ̂Þboot. An estimate of the bias of μ̂ was
computed to assess the deviation as

dBias μ̂ð Þ ¼ μ̂�−μ̂ ð5Þ

where μ̂ is based on the original sample of 160 plots. Note that dBiasðμ̂Þ
pertains only to resampling issues but not to issues related to model
misspecification.
3.4. Modeling and covariance matrix estimator

Because the model is an influencing factor, Model-1 and Model-2
were developed using xmod obtained from different Landsat 8 datasets.
Formulation of regression models and selection of independent vari-
ables can be difficult when the number of independent variables is
large. Further, forward, backward, and stepwise variable selection tech-
niques do not work well when correlations among independent vari-
ables are large (Harrell, 2001). For each of Model-1 and Model-2,
independent variables were selected parsimoniously using the “boot-
strap stepAIC” procedure (Rizopoulos, 2009) which integrates
bootstrapping to assess the variability in model selection when using a
stepwise algorithm based on the Akaike information criterion (Akaike,
1974).

Following preliminary analyses using both linear and nonlinear
models, a linear model of the form y=Xβ+ε was selected where y is
the dependent variable; X is the designmatrix of independent variables;
β is the vector of model parameters; and ε is the vector of residuals as-
sumed to be (multivariate) normally distributed with E(ε)=0 and
E(εεT)=Φ, a positive definite matrix. To accommodate
heteroscedasticity, themodel parameterswere estimated usingweight-

ed least squares (WLS) for which β̂ ¼ ðXTWXÞ−1
XTWy, andW=Φ−1 is

a diagonal matrix withwii=1/σi
2 (Carroll and Ruppert, 1988). The diag-

onal elements ofWwere estimatedusing a 4-stepprocedure introduced
inMcRoberts et al. (2016b). First, the pairs ðyi; ŷiÞwere orderedwith re-
spect to ŷi; second, the pairs were aggregated into groups of size 20

each; third, for each group, g, the mean of the predictions, ŷg , and the

variance, σ̂2
g , of the residuals, εi ¼ yi−ŷi, were calculated; and fourth,

the relationship between σ̂2
g and ŷg was modeled as σ̂2

g ¼ λ∙ŷg þ εg ,
where λ is the parameter to be estimated (Fig. 4).

When W=Φ−1, Covðβ̂Þ ¼ ðXTWXÞ−1
, which can be considered an

ideal case. Because the structure of Φ is usually unknown, estimating

Φ leads to variants of dCovðβ̂Þ. Preliminary analyses revealed differences
only in the third significant digit, suggesting the selection of a covari-
ance matrix estimator is a minor factor. Therefore, the following
heteroscedasticity consistent estimator, first introduced by MacKinnon
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and White (1985), was used,

dCov β̂
� �

¼ XTWX
� �−1

XTW diag
e2i

1−hið Þ2
" #

WTX XTWTX
� �−1

; ð6Þ

where hi=xi(XTWX)−1xi
Twi. Dividing ei

2 by (1−hi)2 inflates ei2 so that
the over-influence of observations with large variances can be adjusted.

Inmodel-based inference, when the calibration and application data
are obtained from the same dataset, a common practice is to select the
model that satisfies a criterion such as smallest RMSE, greatest R2, or in-
creasingly the shortest confidence interval for a population parameter
(Saarela et al., 2015). However, if the candidate models were from a
pool of models developed using different calibration datasets, the selec-
tion procedure is more complex. Because Model-1 used independent
variables whose values were obtained from Landsat 8 dataset A, and
Model-2 used independent variables whose values were obtained
fromLandsat 8 dataset E, thedegree towhichmeasures of prediction ac-
curacy and goodness of fit correspond with the precision of the estima-
tor of the population parameter was assessed. Goodness of fit was
assessed with R2 and prediction accuracy with RMSE based on a leave-

one-out cross validation where RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n∑

n
i¼1ðyi−ŷiÞ2

q
, RMSE%

¼ RMSE
y � 100, n is the number of sample plots; yi is the field measured

firewood volume; ŷi is the predicted firewood volume; and y ¼ 1
n∑

n
i¼1

yi.

3.5. Independent variables

The independent variables were selected by types from the original
spectral bands, the first principal component of the original spectral
bands, the textural features of thefirst principal component, spectral in-
dices and textural features for the respective spectral indices. Principal
component analysis is amultivariatemethod using orthogonal transfor-
mation to convert correlated data of multiple dimensions into uncorre-
lated principal components. Depending on what is being modeled, the
first principal component compared with other components usually
has the largest possible variance and the greatest power for explaining
the variability in the original data. The subsequent components then ex-
hibit gradually less variance and each component in the succeeding po-
sition is under a constraint of being orthogonal to the preceding one.
Principal components can be resolved as the eigenvectors of a correla-
tion matrix or a covariance matrix. The correlation matrix was used in
this study, and only the first principal component was calculated for
Landsat 8, using the original spectral bands for each scene.

The spectral indices consideredhere are described in Table 2.Most of
the indices listed have been shown to contribute to statistically signifi-
cantly improving the quality of fit of stem volume or aboveground bio-
mass models in environmental conditions similar to those for the
current study (Hou et al., 2011; Hou et al., 2013; Gasparri et al., 2010;
Table 2
Summary of the spectral indices. NIR, near infrared band; R, red band; B, blue band; SWIR,
short-wave infrared band.

Spectral indices Formula References

Enhanced vegetation index (EVI) 2.5(NIR − R) / (NIR + 6R
− 7.5B + 1)

Huete et al.
(2002)

Generalized Difference
Vegetation Index (GDVI)

(NIR2 − R2) / (NIR2 + R2) Wu (2014)

Normalized Difference Vegetation
Index (NDVI)

(NIR − R) / (NIR + R) Rouse et al.
(1973)

Normalized Difference Water
Index (NDWI)

(NIR − SWIR2) / (NIR +
SWIR)

Gao (1996)

Specific Leaf Area Vegetation
Index (SLAVI)

NIR / (R + SWIR2) Lymburner et al.
(2000)

Simple Ratio (SR) NIR / R Birth and McVey
(1968)
Wu et al., 2013). Textural features were calculated for each first princi-
pal component and its respective spectral indices, and these form the
first and second-order statistical features, including the mean, variance,
homogeneity, contrast, dissimilarity, entropy, angular second moment
and correlation, with equations available in Haralick et al. (1973) and
Gonzalez (2008). The textures were calculated with window sizes of 3
× 3 pixels for Landsat 8, an offset distance of 1 (averaged over all direc-
tions), and a 64 grey level quantization resulting from the tradeoff be-
tween the spatial detail preservation and the noise reduction.

4. Results

4.1. Models

The models developed using Landsat 8 auxiliary data are summa-
rized in Table 3. Studentized residual graphs and graphs of observations
versus predictions are reported in Fig. 5. In general, Model-1 andModel-
2 performed similarly, although it is interesting to note that both R2 and
RMSE are smaller for Model-2 than for Model-1.

For eachmodel, only one independent variable, EVI,was selected be-
cause of the parsimony criterion, which also circumvented collinearity
problems. Although prediction accuracy could be improved by adding
more independent variables, our primary interest is comparability be-
tween models. For these two models, differences in parameter esti-
mates were attributed to temporal differences in the datasets from
which xmodwasobtained under the assumption that the relationship be-
tween the dependent and independent variables does not change over
time.Model-1 indicates that the increase of one unit in EVI causes an in-
crease of 11.07 in the dependent variable, whereas this increase is 29.31
for Model-2. Obviously, the covariance matrix estimates were affected
aswell, whichwould further propagate this difference in the calculation
of analytical variance estimates.

4.2. Effects on model-based inference

Estimates for cases for which xmod and xapp were obtained from the
same Landsat dataset are reported in Table 4 and are used for compari-
sonwith estimates for cases for which xmod and xappwere obtained from
temporally different Landsat datasets (Fig. 6). Parameter estimates ob-
tained for Model-1 which used xmod obtained from Landsat dataset A
were very similar to estimates obtained for Model-2 which used xmod

obtained from Landsat dataset E (Table 4). Further, when the two
models were applied to xapp obtained from the same dataset as xmod,
the model-based estimates of the mean, μ̂ , were similar to each other
and to the simple random sampling estimate of the mean calculated
using only the field observations, 6.6 m3/ha (Table 1). Differences be-

tween estimates of V̂ðμ̂Þan and Vðμ̂Þboot were in the third significant
digit to the right of the decimal point and were so small as to be negli-

gible. dBiasðμ̂Þ did not appear to be a concern, either. Prediction accura-
cies (Table 3) corresponded closely to variance estimates (Table 4) so
that RMSE is useful for screening models.

The effects of obtaining xmod and xapp from temporally different

Landsat datasets are expressed on the full spectrum of estimation, μ̂ , V̂

ðμ̂Þan , Vðμ̂Þboot , and dBiasðμ̂Þ. Fig. 6 indicates that selection of a model
Table 3
Summary of the models.

Model RMSE
(m3/ha)

RMSE% R2 Independent
variable

Estimate Std.
Error

Landsat 8
Model-1

4.623 58.442 0.604 (Intercept) −4.872 0.638
EVI 11.07 0.771

Landsat 8
Model-2

4.562 57.661 0.548 (Intercept) −9.689 1.159
EVI 29.306 2.289

All parameter estimates were statistically significantly different from zero at α = 0.01.



Fig. 5. Studentized residual graphs and the graphs of observations versus predictions.
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must be done cautiously, because both the prediction accuracy and the
goodness of fit are not indicative of robust population parameter esti-

mation. Model-1 risks under-estimating μ̂ with increasing dBiasðμ̂Þ with
increasing temporal externality. In contrast, Model-2 risks over-esti-

mating μ̂with increasing V̂ðμ̂Þan orVðμ̂Þboot with increasing temporal ex-
ternality. Over- or under-estimation of μ̂ based on models that were
originally effective for a non-temporally external situation can be very

different for a temporally external situation. Compared to V̂ðμ̂Þan
whose calculation is also affected by temporal externality, Vðμ̂Þboot is
more conservative as the temporal difference increases. The general
pattern is that the less the temporal externality, the more accurate is
the estimation, i.e., the adverse effects of temporally external indepen-
dent variables are exacerbated over time with respect to a model.
Table 4
Estimates based on xmod and xapp obtained from Landsat 8 dataset A forModel-1, and from

Landsat 8 dataset E for Model-2, with μ̂ and dBiasðμ̂Þ in m3/ha.

Source μ̂ V̂ μ̂ð Þan V μ̂ð Þboot dBias μ̂ð Þ

Model-1 applied to Landsat 8 A 7.119 0.131 0.134 0.037
Model-2 applied to Landsat 8 E 6.839 0.120 0.125 0.012
5. Discussion

Whilemany pioneering studies have investigated the effects of model
construction, sampling design, estimators and positioning errors (e.g.
Breidenbach et al., 2014; McRoberts, 2006; McRoberts, 2010; Saarela et
al., 2015; Saarela et al., 2016), this study focused on the response of
model-based inference to independent variables selected from temporal-
ly different remotely sensed auxiliary datasets. The mathematical form is
not explicitly external, but rather only the values of the independent var-
iables, having two models of the same form facilitate comparisons.

Based on the comparison between Model-1 and Model-2, even
when the independent variables are the same, the parameter estimates,

β̂, are different. When these models are applied to estimate population
parameters, the effects of the differences in parameter estimates are fur-
ther influenced by temporal differences between xmod and xapp. For xmod

and xapp obtained from the same Landsat dataset, μ̂, V̂ðμ̂Þan, Vðμ̂Þboot anddBiasðμ̂Þ obtained for Model-1 and Model-2 were similar. Although pre-
diction accuracy depends on the field plot sample, RMSE is indicative
of the uncertainty associated with the population parameter estimates
and could, therefore, be proxy for the real criterion for screening candi-
date models which is the confidence interval width for the population
parameter estimate. In addition, either the analytical variance estimator
or the bootstrapping procedure may be used.

When xmod and xapp are obtained from different Landsat datasets,
temporal differences in the values of the independent variables



Fig. 6.Response ofmodel-based inference to application ofModel-1 andModel-2 to the eight temporally consecutive Landsat 8 datasets at 16-day intervals. The alphabetic codes on the x-
axis are defined in Fig. 3.
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manifest themselves in the formof enlarged V̂ðμ̂Þan,Vðμ̂Þboot, and dBiasðμ̂Þ.
These effects are expressed in the full spectrum of estimation. Further,
prediction accuracy is no longer indicative of the precision of the esti-
mator of the population parameter. Screening of candidate models
must be conducted carefully, perhaps requiring an analysis similar to
that conducted for this study to prevent misleading estimates. The ob-
served pattern is that, depending on the rate of change of the auxiliary
data, the less the temporal difference between xmod and xapp, the more
credible the estimation. In particular, the adverse effects of temporally
external independent variables tend to be exacerbated over time with
respect to a model. Further, because temporal differences also affect
the analytical variance estimation, bootstrapping variance estimation
is recommended.

The effects of temporally external auxiliary data may lead to greater
loss of precision than other causes such as the selection of modeling
technique (parametric or nonparametric or form ofmodels), covariance
estimators and variance estimators. The analytical variance estimator
risks loss of robustness when partial derivatives in Eq. (2) are based
on xmod and xapp extracted from temporally different datasets. In com-
parison, bootstrapping provides conservative variance estimates that
lead to larger confidence intervals. Bootstrapping is generally universal-
ly applicable, both for parametric models with or without knowing the
covariancematrix and for nonparametric imputations. It also provides a
bootstrap estimate of bias that is otherwise difficult to assess. In prac-
tice, parametric or nonparametric models reported in remote sensing
studies can be screened and then used for model-based inference. At
hotspot areas where numerous models have been continuously devel-
oped, relatively reliable estimates can be obtained by applying respec-
tive models to respective auxiliary datasets whose dates are close
enough to the dates of the datasets used formodel fitting. For these con-
ditions, a temporally consecutive series of estimates will become avail-
able. These estimates are not always accurate for forest management
and planning, but are effective for revealing temporal trends of the var-
iation of the variable of interest to answer ecological questions.

Sampling that acquires auxiliary data at different times is a pragmat-
ic feature of model-based inference and theoretically allows temporally
invariant inferences. However, large correlations between dependent
variables and independent variables extracted from respective datasets
do not guarantee interchangeability among these datasets. The root
cause of the adverse effects on inference is violation of the basic regres-
sion assumption that independent variables are stationary and free of
errors. In this study, although most trees survived the prescribed burn-
ings, fires may still have affected the spectral signals, especially in the
near-infrared spectrum (Koutsias and Pleniou, 2015), and thereby com-
promised the effectiveness of amodel constructed beforehand. Actually,
the cause of data deviationmay be attributed tomultiple factors such as
natural or anthropogenic disturbances, climate, phenology, seasonality,
clouding or other factors that affect the strength of electromagnetic ra-
diation recorded by remote sensing sensors. It is also common for a
sample plot to straddle multiple pixels in which case the mean digital
number of these pixels is usually calculated for this plot and used in
the calculation of remote sensing variables, as was done in this study.
Compared to a perfect alignment, straddling can slightly increase the
variance of model parameter estimates, but shall not affect relative
comparisons between estimation methods or conclusions considering
that these errors are systematic of about similar magnitude (Saarela et
al., 2016).

A plausible candidatemodelmay be deceptive because amodel with
greater prediction accuracy or goodness of fit does not necessarily pro-
duce more accurate population parameter estimates or narrower confi-
dence intervals using data other than that used for fitting the model.
Reliance on goodness of fit or prediction accuracy requires caution
while model comparisons of properties of population estimates are al-
ways commended. The reason is related to the timing of the data acqui-
sition, themomentwhen the natural conditionswere captured, because
natural conditions are in a perpetual state of flux. The more
representative the moment of dataset, the more likely that the model
will work with other datasets obtained at different times. Techniques
in time series analysis, data assimilation and relative radiometric correc-
tion making use of pseudo-invariant features for calibration purposes
(Xu et al., 2012) might be applicable for improving the datasets and
therefore the robustness of model-based inference.
6. Conclusions

The effects of temporally external auxiliary data on μ̂,dVarðμ̂Þ and dBias
ðμ̂Þ were evaluated and compared within the framework of model-
based inference. First, for non-temporally external data, four conclu-

sions are relevant: (1) μ̂, V̂ðμ̂Þan, Vðμ̂Þboot and dBiasðμ̂Þwill be similar, re-
gardless of the dates of the datasets fromwhich both the calibration and
application data were obtained; (2) selection of an auxiliary dataset for
modeling has little effect; (3) prediction accuracy expressed by RMSE is
useful for screening candidate models to be used for population infer-
ences; and (4) either the analytical variance estimator or the
bootstrapping procedure is satisfactory. Second, for temporally external

data, five conclusions are relevant: (1) V̂ðμ̂Þan , Vðμ̂Þboot and dBiasðμ̂Þ are
enlarged; (2) over- or under-estimation of μ̂ based on the models that
were effective for a non-temporally external situations can be very dif-
ferent for temporally external situations; (3) candidate models should
be screened using a criterion related to the real objective, an inference
for a population parameter, rather than prediction accuracy or goodness
of fit; (4) the adverse effects of temporally external independent vari-
ables of the application data tend to be exacerbated over time with re-
spect to a model; and (5) because temporal differences affect the
analytical variance calculation, the bootstrapping procedure is
recommended.
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