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Role of Sampling Design When Predicting Spatially
Dependent Ecological Data With Remote Sensing

Alby D. Rocha , Thomas A. Groen , Andrew K. Skidmore , Member, IEEE, and Louise Willemen

Abstract— Remote sensing opens opportunities to assess spatial
patterns on ecological data for a wide range of ecosystems. This
information can be used to more effectively design sampling
strategies for fieldwork, either to capture the maximum spatial
dependence related to the ecological data or to completely avoid
it. The sampling design and the autocorrelation observed in the
field will determine whether there is a need to use a spatial model
to predict ecological data accurately. In this article, we show
the effects of different sampling designs on predictions of a
plant trait, as an example of an ecological variable, using a
set of simulated hyperspectral data with an increasing range
of spatial autocorrelation. Our findings show that when the
sample is designed to estimate population parameters such as
mean and variance, a random design is appropriate even where
there is strong spatial autocorrelation. However, in remote sensing
applications, the aim is usually to predict characteristics of
unsampled locations using spectral information. In this case,
regular sampling is a more appropriated design. Sampling based
on close pairs of points and clustered over a regular design
may improve the accuracy of the training model, but this
design generalizes poorly. The use of spatially explicit models
improves the prediction accuracy significantly in landscapes
with strong spatial dependence. However, such models have low
generalization capacities to extrapolate to other landscapes with
different spatial patterns. When the combination of design and
size results in sample distances similar to the range of the spatial
dependence in the field, it increases predictions uncertainty.

Index Terms— Machine learning, model prediction, sampling
design, spatial autocorrelation, spatial model.

I. INTRODUCTION

MODEL prediction of ecological data is one of the main
applications of remote sensing [1], [2]. Properties of

vegetation, soil, or water surfaces can be indirectly measured
(i.e., predicted or retrieval) over wide temporal and spatial
scales using remote sensing data [1], [3]. Defining a deter-
ministic model based on spectral radiance remains a challenge
to retrieval ecological parameters in practical applications;
therefore, model predictions frequently rely on an empirical
relationship [4]–[6]. As both spectra and most ecological data
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are continuous variables, it is common to establish empirical
relationships by fitting regression models [7], [8].

The simplest method for ecological prediction with remote
sensing is an ordinary least squares regression with a spectral
index based on a coefficient of two or more spectral bands
as a covariate [1], [9]. Machine learning algorithms such
as partial least squares regression (PLSR), support vector
machine (SVM), or artificial neural network (ANN) are fre-
quently applied for ecological prediction using hyperspectral
remote sensing data [9]–[11]. Nonspatial regression, as cited
above, may face challenges when modeling using spatially
dependent observations derived from ecological data or remote
sensing [12]–[14].

Ecological data are often mistakenly considered as ran-
domly distributed observations, even when in situ mea-
surements are exceptionally close to each other [15], [16].
Reflectance captured from a continuous area in a natural
environment is also likely to exhibit significant spatial depen-
dence, regardless of the sensor, platform, spatial resolution,
or ecosystem [17], [18].

Nonspatial regressions assume that the observations are
drawn from independent and identically distributed random
variables, a condition that is violated by spatially autocorre-
lated observations from ecological measurements (response),
remote sensing data (covariates), or both [15], [19], [20].
Spatial cross-validation can provide a more reliable estimation
of the prediction performance in this case, and help in tuning
models using only variables that generalize accurately across
space [13], [14], [17]. But, it does not change the model or
the data itself, and it will still not fully account for spatially
dependent variables [14]. For this reason, there is a growing
recognition of the importance of spatial modeling in remote
sensing and ecology [7].

Spatial models can deal with autocorrelated observations
and use this information to improve prediction accuracy [21],
[22]. Despite being more computationally demanding and
time-consuming, spatial models have become more commonly
available with the use of methods such as Markov Chain
Monte Carlo (MCMC) to fit model via Bayesian infer-
ences [23], [24]. For complex spatial models or big data
sets, MCMC is still demanding, but a computationally more
efficient alternative, the so-called integrated nested Laplace
approximation (INLA), creates an opportunity to fit such
models [25]–[27].

Regardless of whether a spatial or a nonspatial model
will be fitted, the relationship between reflectance values
and ecological data needs to be established using ground
measurements [28], [29]. For this, it is necessary first to
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define a plot size and shape that is compatible with the spatial
resolution of the remote sensing pixel or area [30], [31].
The locations of the field measurements should be well
aligned with the spectral measurements, while the spatial
resolution of the remote sensing data should adequately
represent the target ecological data [32].

As it is often more complicated to define a sample unit
for the ecological measurements than for the spectral data,
sampling strategies are frequently designed based on the model
covariates such as reflectance (i.e., pixels or plots), rather than
on spatial locations of the response variable [20], [33]. A sam-
pling design should also provide a sample distance compatible
with the spatial autocorrelation range relative to the extent of
the study area, which is a combination of the sample size and
the spatial distribution of plots in the ground [15], [34].

Classical sampling approaches including simple random,
stratified, systematic, and cluster samplings are so-called
design-based sampling designs [20], [35]. Random sampling
is rarely used to collect field measurements for remote sensing
applications because it is often complicated to determine the
exact locations of the pixel units in the field [36] as well as
to reach random locations in terrain with difficult access [37],
[38]. Fully randomized designs applied to spatially dependent
populations should only be used in the extreme cases when
the values are distributed homogeneously across space, and
the extent of the study area is large, or the values are spatially
heterogeneous, but the study area is relatively small [30].

It is generally accepted that regularly spaced designs (or
lattices), when sampling for ecological populations, lead to
more efficient spatial predictions than completely random
designs [39]–[41]. Systematic sampling is a regularly spaced
design that is easier to conduct in the field and more suitable
for detecting spatial autocorrelation, as the distances between
successive samples are controlled [20]. The benefit of system-
atic over random sampling is that it always produces spatially
balanced and evenly dispersed units across the area, avoiding
large gaps [40], [42]. The drawback of a systematic design
is that the sampling distance may not match the existing
but unknown spatial structure, leaving the autocorrelation
uncaptured [39], [43]. Prior knowledge about ecological data
distribution and spatial structure could further improve the
decision of the most appropriated design and sufficient sample
size to predict at unsampled locations accurately [44], [45].

In a regular sampling design, the pairs of points are sep-
arated by the same distance, and when the spacing between
samples coincides with the range of spatial dependence of
the ecological data in the field, the autocorrelation may or
may not be captured in the data, bringing model uncertainty
[46]. When the aim is to estimate model parameters and make
spatial predictions for the unsampled locations from the same
sampling, neither random nor systematic designs may be the
best choice, and some compromise is needed [47]. Diggle and
Lophaven [48] suggest using lattice close pairs and lattice plus
in-fill designs for improving the estimation of autocorrelation
functions.

The lattice plus close pairs design consists of locations in a
regular spacing, supplemented by some close pairs of points,
while the lattice plus in-fill design is supplemented by a cluster

of adjacent cells for each selected origin [43]. Both designs
present a spatially regular sample, combined with subsets of
closely located points to capture short distance structures. The
choice of the sampling design should consider the spatial
dependence of the ecological data and the model approach
to be applied [22].

In this article, we are assessing the performance of four
different sampling designs to predict a plant trait using
hyperspectral remote sensing data. The novelty of this article
does not lie in the sampling designs, but in the fact that
they are tested to predict ecological data under increasing
levels of spatial dependence. This article assesses the role
of sampling designs on model accuracy when predicting
spatially dependent ecological data with spatial and nonspatial
models. The aim is to determine which sampling designs are
more suitable for modeling and predicting spatially dependent
ecological data at unsampled locations using remote sensing
data. In this article, we test differences between: 1) regular and
randomly distributed sampling designs; 2) samples with and
without clustered points; 3) sample sizes; and 4) differences
in sensitivity between spatial and nonspatial models to these
sampling designs, by using data with a comprehensive range
of spatial autocorrelation.

II. METHODS

To be able to assess the effect of sampling designs for mod-
eling ecological data under different levels of spatial depen-
dence, a set of artificial landscapes was simulated (Fig. 1).
Based on these simulated data, we evaluated the effect of
four sampling designs on the prediction accuracy for 15 levels
of spatial dependence. The plant trait leaf area index (LAI)
from a landscape with low canopy vegetation (i.e., grassland
and shrubland) was simulated to represent a typical kind of
ecological data. LAI is an essential variable for understanding
vegetation functioning and structure [49] and is defined as half
of the green leaves surface horizontally projected per unit of
ground area [50].

LAI will be predicted by spatial and nonspatial models using
hyperspectral remote sensing data as covariates. Hyperspectral
data consist of many narrow bands covering a comprehensive
area of the spectrum. Despite the great potential to predict eco-
logical data, hyperspectral bands are often strongly collinear
and may exhibit considerable noise in specific regions of the
spectrum [51], [52]. The prediction accuracy was calculated
based on the generalization of the models when applied to
a new sample from the same landscape and from a different
spatial pattern using spatial and nonspatial regression models.

A. Data Simulation

The simulated LAI and spectra values were generated on
a 100 × 100 pixels grid according to a set of variogram
models representing 15 levels of spatial dependence. The
level of spatial dependence was quantified by the “range”
from the variogram model expressed as a percentage of the
total grid extent (see the Appendix). The result was a set
of grids containing LAI values from landscapes with spatial
dependence ranging from zero (or independent in space) to
70% of the grid extent (Fig. 1).
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Fig. 1. 450 grids of LAI values. The lines represent 5 out of the 15 spatial
dependencies simulated, while the columns represent 4 out of the 30 different
spatial patterns generated to each spatial dependence. The methodology and
these data sets are publicly accessible at DOI: 10.17026/dans-z3a-ycr4.

Thirty realizations with different spatial patterns were gen-
erated for each level of spatial dependence by introducing a
different seed for each (unconditional) simulation of Gaussian
random field [53], [54]. The combination of 15 spatial depen-
dencies and 30 spatial patterns generated 450 simulated grids
of LAI values (Fig. 1). In all the 450 LAI grids, the values
follow a normal distribution with a mean equal to 3.06 and a
standard deviation of 0.6.

Based on the same set of grids, other essential plant traits
and model parameters were generated to simulate hyperspec-
tral data using a radiative transfer model (RTM) approach
called PROSAIL 5B [4], [55]. For each pixel of LAI in each
of the 450 grids, a correspondent wavelength with 2100 bands
ranging from 400 to 2500 nm was simulated (see the Appen-
dix). A detailed explanation about the methodology to simulate
the grids of plant traits and the hyperspectral cubes can be
found in [12].

B. Sampling Design

Four sampling designs representing design-based
approaches often used in remote sensing and geostatistics
were evaluated based on the effect of the spatially dependent
data on the predictions. The sampling designs evaluated were:
1) simple random sampling; 2) a systematic sampling; 3) a
lattice plus close pairs; and 4) a lattice plus in-fill (Fig. 2).
Two classical probabilistic design-based strategies (1 and 2)
were tested against two spatially regular sampling approaches
that are supplemented by closely spaced locations (3 and 4)
often used in geostatistics.

For the random sampling design, the locations were drawn
from a list of all pixels (or cell number) of each landscape
using a random number generator. This method ensures that
every pixel has the same chance to be drawn (i.e., probabilis-
tic sampling) and the allocation of the sample is unbiased

Fig. 2. Sampling designs. (i) Random, (ii) systematic, (iii) lattice plus close
pairs, and (iv) lattice plus in-fill. Red circles: points drawn for the training
set. Blue triangles: points for the testing set.

in space. For the systematic sampling designs, the spacing
between sample points is defined regularly, and the values
were drawn based on a 2-D grid, where the starting point
was randomly selected. Thus, the sampling designs can be
considered probabilistic.

The lattice plus close pairs design is a two-stage proce-
dure characterized by closely spaced pairs of points. In the
first stage, a sample of pixels spaced as in a systematic
sampling design was defined. In the second stage, for each
sampled pixel, 1 out of the 16 adjacent was randomly selected
[Fig. 2(c)]. The intention is to assess whether this design
is suitable to identify the spatial covariance structure, and
therefore adequately make spatial predictions when the true
model is unknown. The “plus in-fill” design is also a two-stage
approach, consisting of a systematic sampling from a regular
grid overlaid by in-fill squares for some selected cells or pixels
[43]. Systematic sampling was also drawn, then six pixels were
arbitrarily selected as the center of the “squares” and filled in
with all the 16 adjacent pixels [Fig. 2(d)]. The clusters of
pixels are an attempt to estimate the spatial variation from
small scales more precisely.

Observations for each sampling design were drawn at 50,
100, and 200 locations from the 450 simulated spectral cubes
and LAI landscapes to train empirical models (training sets).
Other sets of observations with the same sizes were drawn
from these landscapes at different locations to validate the
fitted models (testing sets). Testing sets when applied to
validate a model trained in another realization (but with the
same level of spatial dependence) is called a new-realization
and used for assessing generalization. In other words, samples
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were drawn with observations at 50, 100, and 200 locations
and 2101 spectral variables from the grids for each sampling
design, level of spatial dependence and realization for training
the model and testing the accuracy.

The locations of the observations drawn in each realiza-
tion were different, and after sampling, they were ordered
according to a sequence that minimizes the route to collect
the sample points in the field. This is typically done in real
field situations to reduce effort and costs for data collection.
But this practice introduces autocorrelation (both spatial and
temporal at the same time) between subsequent samples. The
ordered data were used to train and to validate all the models,
and then later to assess the (spatial) autocorrelation remaining
in the residuals using the Durbin–Watson test based on this
sequence. The spatial autocorrelation captured by the samples
may vary significantly according to the sampling design and
sample size because the difference in the average distance
between the points varies with the densities and distributions.

C. Nonspatial Models

Simple linear regressions and two machine learning algo-
rithms traditionally used in remote sensing were selected to
represent nonspatial models. The machine learning algorithms
use the entire range of wavelengths as covariates while the
linear regressions use a two-band spectral index. For machine
learning algorithms, PLSR and SVM regression (SVMR) were
chosen because of their capacity to handle multicollinearity
from hyperspectral data and wide adoption in the field of
remote sensing. These techniques require a tuning process
to restrict their level of complexity to avoid overfitting. For
instance, the “number of components” in PLSR or the “cost”
value in SVMR (linear kernel) regression represents a measure
of model complexity of the fitted model.

The machine learning regressions were tuned with ten-
fold cross-validation and repeated ten times each, select-
ing the complexity that minimizes the root mean square
error (RMSE). In contrast to the complex machine learning
algorithms, a simple linear regression model (ordinary least
square) was fitted using a spectral index as a covariate. The
spectral (or vegetation) index used was the LAI determining
index (LAIDI), which is the ratio between two wavelengths
(1050 and 1250 nm) from the near-infrared (NIR) spectral
domain [56]. These wavelengths were selected a priori, rather
than searching by the combination of bands that explains most
of the response variable.

D. Spatial Models

Spatial models were fitted by Bayesian inference using the
INLA approach [26]. This model uses a mesh of nonover-
lapping triangles (constrained Delaunay triangulations) to rep-
resent the spatial domain [23]. Depending on the number of
vertices selected in the mesh, the weight of spatial autocorre-
lation accounted in the model is determined. We increased
the mesh densities until no further improvement in model
performance was detected. The mesh density that reduced most
of the autocorrelation in the model residuals while giving a
proper balance between prediction accuracy and overfitting

was selected. The tuning of an optimal mesh density for a
spatial model is similar to selecting a variogram model [25].

This mesh density was selected according to the total area
of the grid, rather than using the exact sample locations to
present triangles with more homogeneous shape and size. This
approach represents the neighborhood area more uniformly,
avoiding that the mesh is constructed to a specific distribution
of sample locations. The mesh is a sparse precision matrix
that represents the Matérn function to account for the spatial
dependence in the model [23]. The spatial models were fitted
using as a covariate the same spectral index LAIDI used in
the linear regression model.

E. Model Assessment

The prediction accuracy of the different model approaches
was compared using the RMSE. The fitted models for each
regression technique and sampling design were assessed by
two validation sets. The reported accuracy of model prediction
using the training set was based on the tenfold cross-validation
for the nonspatial models. The testing set was used for assess-
ing the capacity of the model to generalize within the land-
scapes (i.e., predictions for unsampled locations in the same
grid). While the new-realization set was used for assessing the
capacity of the model to generalize with similar accuracy in
another landscape with a different spatial pattern (i.e., testing
set from a different realization than the training set).

Based on the amount of noise introduced in the simulation
of the spectral data and LAI values, the expected prediction
error is around 0.26. The autocorrelation in the residuals
was estimated with the Durbin–Watson test using the same
sequenced data that the model was fitted. The analyses were
performed using R version 3.2.2 (R Core Team, 2018). The
following packages were used for modeling: Caret [57] to tune
machine learning regressions and linear models and R-INLA
[23], [58] for fitting spatial models by the Bayesian inferential
approach.

III. RESULTS

A. Effect of Sampling Design on the Estimation of
Parameters

When the intention is to estimate model parameters as
a population mean and variance for the entire landscape,
the sampling design may have a substantial effect, depending
on the sample size and spatial distribution of the points. As all
realizations of landscapes were simulated based on a normal
distribution with a mean LAI of 3.06 and a standard deviation
of 0.6, it is expected that a representative and unbiased sample
should be able to estimate these values, regardless of the LAI
spatial dependence. Drawing thirty samples with 100 observa-
tions per spatial dependence (i.e., different sample locations
for each realization), the lattice plus in-fill design shows
considerable variability in estimating the mean LAI [Fig. 3(a),
in purple]. Also, the in-fill design underestimates the standard
deviation for spatially dependent landscapes (i.e., higher than
2% of the extent), as clustered points overrepresent areas of
either low or high LAI in specific landscape realizations.
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Fig. 3. Boxplot of (a) mean and (b) standard deviation for the 30 realizations of LAI per sampling design. Dashed line: true values used for simulating
the data.

The lattice close pairs design has more variability in the
mean estimation for spatial dependence between 3% and 5%
of the extent, while the systematic and random samplings
tend to approach the true value as the spatial dependence
increases [Fig. 3(a)]. Except for the dependence of 1% and
2%, the close pair sampling design estimates the (global)
standard deviation more similar to the (true) value used for
simulating the LAI grids. Systematic samples overestimate
the standard deviation when the dependence increases, while
random samplings slightly overestimated standard deviation
[Fig. 3(b)] when a spatial dependence is around the average
distance of the sampling path (i.e., around 5% of the extent).
Overall, for the estimation of population parameters, the lattice
plus in-fill sampling is biased in landscapes with spatial
dependence above 2%. For the other sampling designs, mainly
the standard deviation is affected for spatial dependencies
higher than zero.

B. Effects on Model Accuracy

Sampling designs affect the model accuracy RMSE from
training sets more than the RMSE from testing sets (Fig. 4).
In nonspatial models, the RMSE of the training set slightly
reduces when the spatial dependence increases, while in spatial
models, RMSE reduces significantly with levels of spatial
dependence higher than 5% of the extent. The lattice plus
in-fill design yields the lowest training errors, followed by the
lattice close pairs. However, these same sampling designs yield
similar to the others when the model is applied to the testing
set (unsampled locations from the same realization) or to a
new-realization data set. Linear models are almost not affected
by sample design or spatial dependence when generalized
to unsampled locations from the same realization (testing
data) or to a new realization (different spatial pattern). When
spatial dependence increases, the RMSE decreases for spatial
models using the training or testing sets. The reduction occurs
because the spatial models consider the spatial structures to
improve prediction accuracy. But the spatial models are less
able to generalize in a landscape with a different pattern
(i.e., new-realization set), even with the same level of spatial
dependence.

SVMR and PLSR models present larger differences in
RMSE between training and testing sets than the linear mod-
els. Also, these models present more variations among the
sampling designs, especially for models trained using data
from a landscape with a spatial dependence of around 15%.
The predictions from the machine learning algorithms are
less stable across realizations for sampling designs such as
lattice close pairs and lattice plus in-fill. These models show
less overfitting in the models when trained by systematic and
random sampling than the other designs.

The in-fill design appears to predict more accurately at
lower levels of spatial dependence when using the training
set but is not able to generalize to unsampled locations in the
same landscape. The spatial models, in combination with a
systematic sampling design, present the lowest testing errors
at the higher levels of spatial dependence. Models trained with
data derived from random sampling and tested by a systematic
sampling approach or vice-versa show no noticeable reduction
on the accuracy, regardless of modeling approach (results not
shown). Models trained by data from these two sampling
designs present similar accuracy when the testing set comes
from any of the four designs, as long as the data are from
the same realization. The prediction accuracy reduces when
models are trained by close pair or in-fill designs regardless
of the sampling design used to test them.

C. Effects on Model Residuals

For the nonspatial models, the systematic sampling presents
constant test values of Durbin Watson that are approximately
free of residual autocorrelation up to 5% of spatial dependence
(Fig. 5). After 5%, autocorrelation decreases rapidly until
a 15% spatial dependence is reached. On the other hand,
the close pair design shows already significant autocorrelation
for spatial dependence higher than 1%, and this increases
then smoothly across the ranges of spatial dependence. The
machine learning models yield slightly less autocorrelation in
the residual errors than linear models because the machine
learning algorithms use information from the (autocorrelated)
residuals to improve predictions. The variability of the
Durbin Watson values among the 30 realizations per spatial
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Fig. 4. Prediction accuracy (RMSE) per model and sampling design across spatial dependence for the training data, the testing data from the same realization
than the model was fit on, and a testing data from a different realization (new-realization). Red dotted line: expected error in prediction based on the amount
of noise introduced in the simulation of the spectral data and LAI values.

dependence is less in the systematic design than in the
random or close pair designs for all model types.

Although the level of spatial dependence of the LAI obser-
vations in combination with the model approach determines
mainly the remaining autocorrelation in the residuals, the sam-
pling design also shows a substantial effect for spatial and
nonspatial models (Fig. 5). For instance, in the spatial models
trained with a sample from a systematic design, the values
of the Durbin Watson statistic slightly rise when spatial
dependence increases, maintaining the average value always
above the threshold line, indicating negative autocorrelation.

In contrast, for the close pairs design, the Durbin Watson
values decreased until 7.5% of spatial dependence, present-
ing positive autocorrelation (below the threshold line), while
indicating no residual autocorrelation for the landscapes with
strong spatial dependence. For landscapes with strong spatial
dependence, the residuals from spatial models trained by
samples from random and systematic designs are slightly
negatively autocorrelated.

D. Effect of Sample Size

As random and systematic sampling yield higher accuracy
for population parameter estimation and for predicting unsam-
pled locations, the effect of the sample size was tested for these
two sampling designs. A systematic sampling design yields
a smaller difference between training and testing error than

random design, regardless of the modeling approach, spatial
dependence, or sample size. This is demonstrated in Fig. 6 by
the distance between the training error (brown line) and the
testing error (orange lines). The difference in RMSE between
training and testing increases as the sample size decreases,
especially for complex models such as spatial and machine
learning algorithms. This is a consequence of overfitting with
smaller sample sizes relative to a large number of terms used
by the algorithm for fitting the model.

For the spatial model with a systematic sampling design,
a sample size of 200 observations yielded very similar accu-
racies for testing and training errors. However, the larger the
sample size, the lower the capacity to generalize to a new
landscape as the spatial information becomes more important
in the model than spectral information. Machine learning
models present a clear division between training and testing
error for all ranges of spatial dependence tested. For these
models, a sample size with 50 observations was very unstable,
generalizing poorly for both random and systematic sampling
designs. Linear models are again more stable across sample
sizes and spatial dependencies, but random samples with 50
observations showed some instability in RMSE values in both
extremities of the spatial dependence axis.

The sample size alters the density of locations in the field,
and thus, the degree of spatial autocorrelation captured by
the observed points (Fig. 7). For random sampling, it is
noticeable that for larger sample sizes, a stronger (positive)
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Fig. 5. Boxplot for the Durbin Watson statistic for the model residuals of the 30 realizations per regression type and sampling design. The horizontal red
dashed line shows the threshold for residuals independence (Durbin Watson = 2). Test values higher than two (above the red line) indicate that the residuals
present negative autocorrelation (nearby is less similar) and values lower than two (below the red line) indicate positive autocorrelation in the residuals (nearby
is more similar).

autocorrelation can be observed in the model residuals. This
can also be noticed in the spatial models, as the mesh was
initially adjusted to samples of 100 observations. The residuals
from spatial models trained with samples of 50 observations
are negatively correlated, while the opposite occurs when
trained with a sample size of 200 observations (Fig. 7). In non-
spatial models, such as linear models and SVMR, a sample
size of 200 observations at 2% spatial dependence yielded
more autocorrelation in the residuals than a sample compared
with 50 observations at 5% spatial dependence. This demon-
strates that the observed spatial autocorrelation is related to the
design and size of the sample relative to the landscape area.

IV. DISCUSSION

A. Sampling Design and Modeling Approach

Sampling design should be planned to avoid undesirable
patterns in data that can reduce prediction accuracy and model
generalization, regardless of the level of spatial dependence
of the target (ecological) data. Predicting spatial dependence
in ecological data (e.g., in LAI) using remote sensing may
be advisable to fit a spatial model. Otherwise, fitting com-
plex models as (nonspatial) machine learning algorithms with
hyperspectral data may lead to biased and inaccurate pre-
dictions. As shown in this article, using a sampling design
that creates a strong pattern in the data, such as lattice
in-fill, can further decrease prediction accuracy and model
generalization. In a landscape with strong spatial dependence,
the choice of regression technique used for modeling may be
more critical than the sampling design. However, the sampling
strategy plays an important role in the prediction accuracy

and model generalization. For example, sampling designs with
clustered close pairs tend to present redundant information,
while overspread observations derived from a nonrepresen-
tative systematic sampling design may lose essential spatial
information. But a systematic sampling design ensures that
the observations are evenly spread over the field area, reducing
the pattern in the data created by the sequence in the sample
collection. In general, this design has presented the highest
prediction accuracy for the testing set, in particular, for the
spatial model and the machine learning algorithms. The regular
sampling design also presents less overfitting, and therefore
the model generalizes better in most cases. The exception is
when the spatial dependence of the ecological data coincides
with the sampling distance interval. In such a case, regular
sampling further increases uncertainty in the prediction, and
random designs may be a better choice. Ripley [59] suggested
that nonstationarity and spatially anisotropic data might lead
to a severe effect on the efficiency of systematic sampling.
However, these assumptions are intrinsic and restrictive for
most of the modeling approaches as well.

When the spatial dependence is much smaller than the
spacing between the sample points, the autocorrelation is
underestimated or undetected. In this case, nonspatial models
can be used to predict ecological data instead of spatial
models. However, if the aim is to predict the entire study
area, this may produce values locally biased, particularly for
nonspatial models. Spatial autocorrelation affects the sampling
efficiency, as the variance of the estimation error might be
biased depending on the choices of sample size and design
[59], [60]. A spatial dependent explanatory variable used as a
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Fig. 6. Prediction accuracy (RMSE) per model type (vertical) according to the spatial dependence for random and systematic sampling designs (horizontal)
per sample size and data set used for validation.

covariate (e.g., vegetation index) will also affect the sampling
design performance, and therefore, the model accuracy [43].
Equally important as a proper sampling design is the selection
of a regression method that meets the assumptions for the spa-
tial autocorrelation data. The residuals from any fitted model
using remote sensing data should be assessed and reported.
The Durbin Watson statistic can provide a good indication
of autocorrelation when the model residuals or the training
data are assessed in the sequence in which the sample was
collected. A variogram using the locations from the training
data or the model residuals (disregarding the sequence) would
provide a similar indication.

Although a systematic sampling design presents a lim-
ited combination of distances and lacks samples at very
close locations, this design can perform with higher accuracy
compared with designs that combine a regular frame with
closer pairs or with clustered locations. While regular designs
usually overestimated the errors, as the spatial autocorrelation
inflates the variance, a design with clustered observations often
underestimated it (Fig. 2). Lattice plus in-fill design may
suffer from bias on the overall estimates, as it tends to cluster
observations at locations with very high or very low LAI
values at significant spatial dependence. Clustered samples
such as in-fill designs may commit a too large proportion

of the total sampling effort to access closely spaced points
[43]. The observations from this sampling design should be
weighted or averaged over the values of each cluster location
to prevent bias in the estimation of parameters.

We demonstrated here that the sample size might affect
generalization in two different forms. Models trained with
small sample sizes increase the risk of overfitting, as the
number of observations is limited relative to the number of
wavelengths. While larger samples can shorten the distances
between observations, changing the density of points, and con-
sequently the sensitivity for spatial autocorrelation. Whether a
sampling design aims to capture most of the autocorrelation
to fit a spatial model or avoid it to use a nonspatial regression,
it should be defined in advance. The results also show that as
much the model captures the spatial dependence as less able to
generalize to a different spatial pattern (new-realization). This
requires fitting and validating the model with ground measure-
ments each time the prediction will take place in a new area.

B. Sampling Design and Remote Sensing

Intuitively, in a completely homogeneous landscape or a
perfect spatially autocorrelated scenario, a sample size equal
to one should be enough to estimate a property for the
entire population, as there is no variability. As such, if the
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Fig. 7. Boxplot for the Durbin Watson statistic for the model residuals of the 30 realizations per regression type and sample size for random and systematic
sampling designs. The horizontal red dashed line shows the threshold for residuals independence (DW = 2). Test values higher than two (above the red
line) indicate that the residuals present negative autocorrelation (nearby is less similar) and values lower than two (below the red line) indicate positive
autocorrelation in the residuals (nearby is more similar).

spatial autocorrelation increases, the sample size could be
reduced when the aim is to estimate the population parameters.
However, when the intention is to predict ecological data using
remote sensing, the spatial representativeness of a sample that
was designed to estimate population parameters might not be
enough to predict it accurately at unsampled locations. The
sample size may need to be larger in cases when the aim is to
estimate values locally, predicting at unsampled locations that
are covered by the spectral data [60].

Remote sensing images may include a substantial portion
of nontargeted, mixed, or disconnected areas, lacking a natural
measurement unit to represent the target ecological data [38],
[42]. The alignment between the remote sensing units and
the ground reference units should be as similar as possible in
dimension, location, and time [31]. However, depending on the
platform carrying the sensor and the method to measure field
measurements, both units can vary greatly in their spatial and
temporal resolutions [15], [30]. As in the field, pixels are an
invisible unit; ground observations rarely ever can be measured
at the same spatial scale and precise location.

Aligning reflectance values (pixels) with sampled in situ
ecological measurements in space and time is one of the
great challenges for monitoring ecological processes by remote
sensing [31]. Therefore, the sampling design to collect field
measurements in a continuous and heterogeneous surface

should rely on methods that avoid time-consuming fieldwork.
Even though statistical rigor is desirable for any inferential
study, in remote sensing applications, nonstatistical consider-
ations such as cost, time, and (in)accessibility of locations are
often highly influential in determining the sampling design and
the sample size. The time factor is also important because of
the effects it has on plant phenology, the seasonality of the nat-
ural lighting, and the possible changes in weather conditions
during the field campaign. In an ideal condition, spectral data
and ecological measurements should be taken simultaneously,
yet this is rarely the case in practice. It is also common in
remote sensing applications that samples are collected using
an existing network of locations settled for another purpose,
which may lead to biased inferences about the underlying
spatial dependence on a continuous domain [43].

Spatial structure present in the spectral data may not be
causally related to the ecological data being considered, such
as moisture and soil characteristics captured as background
signals by the sensor. The spatial (or temporal) autocorrela-
tion can also be created while collecting field measurements
according to the order and pace at which those locations
are measured using an optical instrument such as a field
spectrometer. Long field campaigns may take so much time
that the vegetation change, further increasing the spatial auto-
correlation among close locations.
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Reflectance can be captured by sensors deployed on dif-
ferent platforms such as satellite, aircraft, drone, terrestrial
vehicle, or handheld spectrometer [38]. Each combination
of these direct and indirect measurements to estimate LAI
imposes some constraints in sampling design, which affects the
time–space alignment between both measurements. Airborne
platforms, for instance, can deploy hyperspectral sensor or
laser scanner, capturing larger volumes of information, but the
alignment can be even more complicated as there is no fixed
grid position to be based when planning the sample.

Vegetation indices, often used as covariates in models, are
the product of two or more spectral bands. There is the general
notion in remote sensing that an index is a more reliable
variable than the individual bands because the coefficient
of the wavelengths is less influenced by oscillation from
natural illumination [1]. Besides the relationship between the
ecological measurements and the spectral index, the wave-
lengths individually may present different levels of spatial
autocorrelation, unrelated patterns, or significant iterations.

As illustrated in [31], healthy vegetation presents, in gen-
eral, a low reflectance in the blue and red wavelength regions,
whereas NIR reflectance from a vegetation canopy is often
high as the result of the internal scattering within leaves.
As the red and NIR bands represent different physical features,
it is expected that the two bands also carry different spatial
information. Modeling the bands as separate covariates can
acknowledge the different spatial information and account for
interactions of the two wavelengths.

C. Practical Implications for Remote Sensing

Sampling should be designed based on the available remote
sensing data and on a model approach suitable to the charac-
teristics of such data [31]. Where there is no prior knowledge
about the ecological population distribution and the spatial
autocorrelation for the study area, design-based approaches
such as systematic sampling should be used [39]–[41]. Regular
designs better guarantee geographically spread observations
across the area [40]. They can either demonstrate that there
is no significant spatial autocorrelation or indicate that a
regression technique robust to spatial autocorrelation should be
further used. However, prior knowledge derived from remote
sensing images can improve the effectiveness of the process of
designing and collecting field measurements. Firstly, because
it is often more convenient to define a sample unit based on
the spectral measurements (i.e., grid or plot size), than on, for
instance, plant traits (leaves or canopy). Secondly, available
for almost everywhere, remotely sensed images allow indirect
estimation of the variogram of the primary variable (spatial
autocorrelation) and the global variation (variance), which
could be used to design sampling more efficiently. Remotely
sensed imagery could also support the process of land cover
classification, defining more homogenous areas (i.e., strata)
that can further be used for designing stratified sampling.

The accuracy of empirical models when predicting eco-
logical data using reflectance-based remote sensing depends
significantly on the quantity and quality of the data used for
training and testing as presented here. A sampling design that
represents the ecological population spatially while reducing
the temporal variations is essential for accurate predictions

[29], [36]. Proper sampling design and well-controlled mea-
surements in the field campaign can significantly reduce ran-
dom and systematic noises in the data, but will never eliminate
it. Less noisy data reduce the risk of spurious correlation
while modeling, but a validation using unseen observations
from a different sampling campaign is essential to achieve
model generalization and test the influence of spatiotemporal
structures. The relations between spectra (pixel) and plot
area should be properly tested at the target land surface
to minimize aggregation problems and time–space misalign-
ments [32], [34]. Highly heterogeneous land surfaces make
in situ measurement of coarse resolution very challenging [1],
requiring a well-conducted experiment to define the number
and the position of measurements to represent the ecological
measurements within the plot [61].

A suitable spatial sampling scheme is vital in environmental
monitoring, model calibration, or validation of remote sens-
ing products [62]. Remote sensing images can indicate the
presence of spatial or temporal autocorrelation in a landscape.
This information can be used for planning the field campaign
through a widely accepted empirical relationship between an
ecological variable and a spectral index [29]. Such a priori
analysis can support the determination of sampling design
and sample size that allow modeling spatiotemporal structures
adequately. If a spectral index related to the ecological variable
can be extracted from an available remote sensing image, it is
possible to design an optimal sample to better cover areas
with high uncertainty. Spatially representative samples that are
denser in areas with high uncertainty but sparse otherwise (i.e.,
homogeneous areas) could avoid redundant field measure-
ments. This procedure can increase model accuracy for both
global and local predictions while reducing the sample size
to predict at unsampled locations. Defining optimal sample
size in a design-based approach requires knowledge of the
population parameters of the variable of interest, while in a
model-based approach is necessary to know the variogram
to determine the maximum sampling distance [29]. However,
before drawing a sample, the population parameters and the
variogram are both often unknown for the target ecological
data, but frequently available for covariates coming from
remote sensing data.

V. CONCLUSION

This article showed the role of sampling design on the
estimation of population parameters and on the predictions
at unsampled locations. When drawing samples from a popu-
lation of an ecological variable, the resulting data are often
neither independent nor identically distributed over space.
It makes this process even more critical, as the sampling design
and size can determine the presence or absence of spatial
autocorrelation in the data. Additionally, it is particularly
challenging to align spatially dependent ecological measure-
ments with remote sensing data, as space and time interact
during the field measurements. Whether a sampling design
should aim to capture or avoid autocorrelation (to fit either a
spatial or a nonspatial model) needs to be defined in advance.
Remote sensing provides an opportunity to test for spatial
autocorrelation before a field campaign starts when there is a
preestablished empirical relationship between ecological data
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and the measured reflectance. Also, Bayesian inference opens
the possibility not only to fit spatial models to ecological
prediction at unsampled locations, as shown in this research
but also to estimate the uncertainty of the predicted values for
an entire area. Prior knowledge on the range of autocorrelation
and the spatial pattern can be obtained from remote sensing
images. This knowledge, in addition to the predefinition of
the structure of the neighbor matrix from the spatial model,
should guide the selection of sampling designs that improve
the accuracy of the predictions at specific locations. When
no prior information is available on the relationship between
ecological data and the measured reflectance, a regular and
probabilistic sampling approach should be the primary option.
However, with the support of remote sensing images, the risk
to design a sampling strategy that presents a density and
distribution of points which will mask the spatial dependence
of the ecological data could be drastically reduced.

APPENDIX

Procedures to generate the training and testing data sets used
for assessing the four sampling designs per model approach,
as shown in Fig. 8.

Fig. 8. Methodology applied in the data simulation.
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