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into LULC classes using a wide variety of image classifi-
cation algorithms. Comprehensive reviews of these algo-
rithms are provided by Gomez et al. (2016) and Khatami 
et al. (2016). In practice, classification algorithms are typi-
cally applied to a “training sample”, i.e., a set of locations 
for which the LULC classes have been accurately identified 
and can be considered ground truth. The training sample 
classes, together with remote sensing-based covariates, are 
then used in predictive models to predict LULC classes for 
all locations in the survey area, resulting in a map, hereafter 
referred to as the “satellite map”. Relevant to subsequent 
developments, the training sample is typically not a prob-
ability sample but is instead selected for convenience or 
judgment (e.g., Nguyen et al. 2020).

As pointed out by Khatami et al. (2017), satellite maps 
contain misclassifications that require additional quality 
information to describe the magnitude and spatial distribu-
tion of classification errors. Conventional accuracy assess-
ments address only the magnitude of errors by comparing 
the map labels to the reference class labels, where a “refer-
ence class” represents the best assessment of ground truth. 
Since reference classes are expensive to obtain, they are 
usually recorded for a probabilistic sample of locations, 

1  Introduction

There is substantial interest in producing land use/land 
cover (LULC) maps at regional and national scales. Prog-
ress in remote sensing technologies and improvement of 
computational capabilities have created the ability to pro-
cess large data sets allowing production of LULC maps via 
the classification of satellite images. In this process, satellite 
data, acquired for the entire survey area, are transformed 
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hereafter referred to as “reference locations”. The most used 
summary of these assessments is the confusion matrix, a 
cross-tabulation of the predicted classes (i.e., from the satel-
lite-based map) against the reference classes at the reference 
locations. Several indices of map quality are then derived 
from the confusion matrix (e.g., Stehman 1997, 2009).

Accuracy assessments based on confusion matrices do 
not assess the spatial distribution of errors. Indeed, like most 
spatial phenomena, misclassifications are likely to be spa-
tially clustered (spatial autocorrelation) and their presence 
may vary across different parts of the survey area (spatial 
heterogeneity). Therefore, ideally, any satellite map should 
be accompanied by a map showing the spatial distribution 
of the quality of satellite-based predictions (e.g., Comber et 
al. 2012).

Two main approaches have been proposed to spatialize 
the quality of satellite maps: certainty maps (C-maps) and 
accuracy maps (A-maps). C-maps are based on the con-
cept that, for a given location, the higher the probability of 
class membership for a predicted class, the greater the cer-
tainty associated with that prediction (Khatami et al. 2017). 
The probability of belonging to the most probable class is 
typically used as an indicator of certainty at any predicted 
location. Recently, Valle et al. (2023) proposed quantifying 
certainty using conformal statistics. Since these probabili-
ties arise directly from the classification algorithms applied 
to the training sample (e.g., posterior probabilities from 
maximum likelihood classifiers or neural network clas-
sifiers), an attractive aspect of C-maps is that they can be 
constructed without the need for expensive reference class 
data. Khatami et al. (2017) provide a comprehensive list of 
methodologies for building C-maps.

Since C-maps provide information about the spatial 
distribution of the degree of confidence in the predicted 
classes, they are primarily of interest to analysts for improv-
ing their classification algorithms. Conversely, according to 
the universally accepted definition of accuracy in satellite 
mapping, i.e., the probability of correct classification for a 
location (e.g., Khatami et al. 2017), an A-map should pro-
vide the probabilities of correct classification for all loca-
tions within the entire survey area. In this sense, map users 
may be more interested in A-maps than in C-maps. Because 
accuracy is unknown at any location not included in the ref-
erence sample, accuracy must be estimated at the unsampled 
locations. These estimates are based on the dichotomous 
quantities indexing the agreement (i.e., correctly classified 
or not) between the predicted class and the true reference 
class at any reference location, henceforth referred to as 
“e-quantities”.

From a methodological perspective, accuracy estima-
tion has been approached in different ways. Foody (2005) 
proposed creating a grid of spatially constrained confusion 

matrices, deriving an overall accuracy index for each grid 
point, and then extrapolating these accuracies over the 
entire survey area using the inverse squared distance func-
tion. In the same scenario, other authors have adopted dif-
ferent extrapolation techniques, such as geographically 
weighted logistic regression (Comber 2013) and kriging 
(Steele et al. 1998). Regarding models that link accuracy 
to predictors available for the entire survey area, logistic 
regression models are the most commonly used. Accuracy 
is treated as the dependent variable linked to a set of covari-
ates, such as landscape and/or topographic measures, using 
logistic regression and then estimated at any unsampled 
location from the e-quantities observed in the reference 
locations closest to the unsampled one (e.g., Burnicki 2011 
and references therein). Alternatively, without resorting to 
specific models, interpolation of the e-quantities recorded at 
the reference locations can be performed in a nonparamet-
ric setting using kernel-based interpolators (e.g., constant, 
linear, and gaussian kernels), so that accuracy is estimated 
at any unsampled location by a weighted average of the 
e-quantities observed at neighbouring reference locations 
(Scheuerer et al. 2013). Recently, Ebrahimy et al. (2021) 
criticized the use of spatial interpolation and suggested the 
alternative use of random forest algorithms, while Comber 
and Tsutsumida (2023) extended A-map methods based on 
hard classifications, where each location is assigned to a 
single class, to fuzzy classifications.

Clearly, all these A-maps are model-dependent in nature, 
meaning explicitly that accuracy is assumed to be gener-
ated by a probabilistic model such as logistic models (geo-
graphically weighted or not) or kriging. However, in a 
design-based framework, where variability arises only from 
the probabilistic scheme adopted to perform a survey (e.g., 
Särndal et al. 1992, Sect. 1.10), there is no accuracy in sat-
ellite maps. That is, there is no probability of classifying a 
location correctly or not, as if we were playing a game in 
which we have a chance to guess the true LULC class. In 
fact, in a design-based approach, the true LULC map, based 
on the reference class labels, is constant, i.e., there is no sto-
chastic model that generates it. Furthermore, as previously 
outlined, the training sample from which satellite maps are 
derived is typically not a probability sample but instead is 
purposively selected. Therefore, the satellite maps are also 
constant in the sense that once the training sample has been 
fixed and all decisions are made regarding the implementa-
tion of the classification algorithm, there is no variability 
(i.e., the classification algorithm will invariably produce the 
same map), and the matching of the true map and the sat-
ellite map results in a fixed dichotomous surface of error/
non error, hereafter called an “e-map”. Consequently, from 
a design-based perspective, we simply need to estimate the 
e-map based on the e-quantities recorded at the reference 
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locations. The proposal of this paper is to estimate e-maps 
using the nearest neighbour interpolator (NN), i.e., assign-
ing the e-quantity observed at the nearest reference location 
to any unsampled location in the survey area. We refer to the 
maps arising from the NN interpolation of errors recorded at 
reference locations as the “NN e-maps”.

The choice of the NN interpolator rather than other tech-
niques, such as the inverse distance weighting interpolator, 
is due to the NN property that the interpolated values have 
the same support of the survey variable, as when the support 
is dichotomous, like in our case. Because of its simplicity, 
mapping by NN interpolation is a widely applied practice 
in environmental surveys (e.g., Li and Heap 2008). How-
ever, despite its common use, the NN interpolator has typi-
cally been adopted merely as a descriptive technique. From 
a model-dependent perspective, Cressie (1991, Sect.  5.9) 
relegates the NN interpolator to a class of techniques called 
“non-stochastic methods of spatial prediction”, for which 
no stochastic model is assumed. This is likely due to the 
widespread opinion that inference in spatial mapping is dif-
ficult to perform without the use of models. Alternatively, 
Fattorini et al. (2022) approach the NN interpolator from a 
design-based perspective in which the surface to be mapped 
is viewed as constant and the uncertainty arises from the 
probabilistic sampling scheme adopted to select the refer-
ence locations. For finite sample sizes the design-based 
properties of the NN interpolator are unknown. However, 
the asymptotic design-based properties of the interpolator 
have been derived by Fattorini et al. (2022). This deriva-
tion requires mild conditions for the surfaces to be inter-
polated and the ability of the adopted sampling scheme to 
uniformly distribute sample locations such that as the num-
ber of sample locations increases, any unsampled location 
in the continuum of the survey area is likely to have neigh-
bouring sampled locations. This feature is usually referred 
to as spatial balance in the sampling literature (e.g., Brown 
et al. 2015). In accordance with this novel approach, in this 
paper e-maps are estimated from a design-based perspec-
tive, where the statistical properties of the NN e-maps are 
uniquely determined by the sampling scheme adopted to 
select the reference locations.

Additional insight regarding assumptions is gained by 
recognizing that even though the NN interpolation of errors 
is tacitly based on the assumption that the presence/absence 
of errors in the nearest locations tends to be similar, this 
assumption simply constitutes an assisting model adopted 
only for the purpose of constructing the interpolator. This 
assumption is destined to be wrong to some degree because 
in any real situation, there will be locations where the error 
presence/absence will differ from the error presence/absence 
in the neighbouring locations. However, under suitable sam-
pling schemes, the NN e-maps converge to the e-maps as 

the sample size increases. This convergence is attributable 
to the sampling schemes, irrespective of the validity of the 
assumption underlying the NN interpolator. In practice, we 
are in the framework of model-assisted inference in which 
the model is only adopted to find an appropriate estima-
tor. However, the design-based properties of the estimator 
do not depend on model validity but only on the sampling 
scheme actually adopted in the field. In this sense, our pro-
posal is model-assisted but not model-dependent (Särndal et 
al. 1992, Remark 6.4.1).

Although design-based consistency is ensured in any 
situation by choice of suitable sampling schemes, the pre-
cision of the NN e-maps for finite sample sizes obviously 
depends on the features of the e-maps to be interpolated. 
With respect to the two main characteristics of spatial phe-
nomena, spatial autocorrelation and spatial heterogeneity, 
the precision of the NN e-maps increases with the spatial 
autocorrelation of the error presence. That is, the similar-
ity of error presence in nearby locations aligns well with 
the NN assumption. On the other hand, the heterogeneity 
of errors (i.e., the different amounts of error presence in dif-
ferent parts of the study region), can be addressed by using 
sampling schemes that evenly spread reference locations 
throughout the study area. In practice, for finite samples, the 
spatial autocorrelation of errors is the crucial feature that 
determines the precision of the NN e-maps.

The paper is organized as follows. In Sect. 2, e-maps are 
defined, pointing out that these dichotomous surfaces are 
likely to be continuous almost everywhere. This feature is 
sufficient, under suitable sampling schemes, to ensure the 
design-based consistency of the NN e-maps at any continu-
ous point as well as to determine their convergence rate. In 
Sect. 3, a simulation study is carried out by exploiting satel-
lite maps of a square region located in Northern Tuscany 
(Central Italy) at years 2012 and 2021. The 2012 map is 
taken as the true map and the 2021 map is taken as the sat-
ellite map so that the e-map is constructed by coupling the 
maps of the two years. In Sect. 4, a simple descriptive mea-
sure is proposed for assessing the fraction of area estimated 
as error in the NN e-maps, thus providing a synthetic and 
intuitive evaluation of the accuracy of satellite maps from 
which NN e-maps are derived. In Sect.  5, two case stud-
ies are used to illustrate estimation of an e-map. One case 
is based on the 2017 US land cover map arising from the 
LCMAP program (Brown et al. 2020), and the other esti-
mated e-map is based on the forest/non-forest map of Italy 
(D’Amico et al. 2021). Concluding remarks are provided in 
Sect. 6.
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mathematical terms, any e-map is continuous almost every-
where. This feature plays an important role in determining 
the design-based properties of the e-maps estimated from 
the NN interpolator.

To this purpose, denote by P1, . . . , Pn the n reference 
sample locations at which the best assessments of ground 
truth are recorded, so that the e (Pi) s can be determined by 
comparing the reference class with the class predicted by 
the satellite map. To achieve NN e-maps, we then adopt the 
NN interpolator, where the e-quantity at an unsampled loca-
tion p ∈ A is estimated by

ê(p) = e
(
PNN(p)

)
� (2)

where PNN(p) = argmini=1,...,n∥p − Pi∥.
As with any other interpolator, the design-based preci-

sion of (2) should be determined for any point p ∈ A by 
the quantity E{[ê(p) − e(p)]2}. However, because of the 
dichotomous nature of e-maps, this expectation coincides 
with the failure probability

FP (p) = Pr {ê(p) ̸= e(p)}� (3)

2  Error maps and their NN interpolations

Denote by A the survey area. For any point p ∈ A, let y (p) 
be the LULC true class at p and let ysat (p) the LULC class 
predicted for p by a classification algorithm from the satel-
lite information and training sample. By matching true and 
satellite maps, the e-map is given by

{e (p) , p ∈ A}� (1)

where the e-quantity e (p) = 1 if ysat (p) ̸= y (p) and 0 oth-
erwise. In the design-based approach, any e-map is a fixed 
and unknown characteristic of the survey area rather than 
the realization of a spatial model as would be assumed in the 
model-dependent approaches mentioned in the Introduction.

Regarding the nature of (1), it is apparent from Fig.  1 
that any LULC map comprises disjoint regions with each 
region comprised of a single class. Changes from one class 
to another occur along edges, which are sets of measure 0. 
Likewise, any satellite map shares the same features. As a 
result, pairing the two maps gives rise to disjoint regions 
of 0’s or 1’s which are determined by the intersections of 
the regions on the two maps and changes from 0 to 1 that 
occur along the edges of these intersections (see Fig. 1). In 

Fig. 1  True and satellite maps of the land use classes presumed for a square region located in Northern Tuscany (Central Italy) and the correspond-
ing e-map
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these results, under URS, TSS, and SGS, FP (p) converges 
to 0 almost everywhere in the survey area so that the inte-
grated failure probability

IFP (ê) =
∫

A

FP (p) dp� (4)

also converges to 0 as n increases, thus determining the 
design-based consistency of the entire NN e-map. Often, 
the reference locations are selected from stratified sam-
pling with different sampling intensities within strata in 
accordance with their environmental characteristics, aim-
ing to increase the sample size for rare LULC classes (e.g., 
Olofsson et al. 2014). Obviously, design-based consistency 
holds within each stratum if the sample sizes within strata 
are sufficiently large and reference locations within strata 
are selected by schemes ensuring design-based consistency 
(e.g., URS, TSS, and SGS).

All these properties hold, mutatis mutandis, for the NN 
e-maps related to a single LULC class. In this case, given a 
class c0, for any point p ∈ A, y(p) is the dichotomous sur-
face equal to 1 if p is located in c0 and equal to 0 other-
wise, while ysat(p) is the dichotomous surface equal to 1 if 
c0 is the class predicted for p by a classification algorithm 
and equal to 0 otherwise. Also in this case, the matching of 
the two maps gives rise to an e-map of type (1), where the 
e-quantity e (p) = 1 if ysat(p) ̸= y(p) and 0 otherwise (see 
Fig. 2).

such that pointwise design-based consistency occurs if (3) 
approaches 0 as n increases. Furthermore, since all random 
variables involved in the NN interpolation (2) are bounded, 
with the e-quantities equal to 0 or 1, the design-based con-
sistency implies design-based asymptotical unbiasedness. 
That is, i.e., for large n, not only are the probability distribu-
tions of the interpolated values tightly concentrated around 
the true e-quantities, but they are also centred on the true 
values (e.g., Särndal et al. 1992, p. 166).
Regarding the design-based consistency of (2), in Appen-
dix B of the Supplementary Material file it is shown that 
consistency holds at any continuity point of the e-map (i.e., 
almost everywhere) under several sampling schemes widely 
applied in environmental surveys. These schemes include 
uniform random sampling (URS), in which n reference 
locations are randomly and independently selected within 
the survey area; tessellation stratified sampling (TSS), in 
which the survey area is partitioned into n patches of equal 
size and one reference location is randomly selected within 
each patch; and systematic grid sampling (SGS), in which 
the survey area is partitioned into n regular polygons and 
one reference location is randomly selected in one polygon 
and systematically repeated in the same position within the 
other polygons (e.g., Barabesi et al. 2012). A more detailed 
description of URS, TSS, and SGS is given in Appendix A 
of the Supplementary Material file.

In Appendix B, it is shown that under URS FP (p) 
approaches zero at least as cn with c ∈ (0, 1) at any conti-
nuity point, while under TSS and SGS FP (p) is definitively 
equal to 0 for a sufficiently large sample size. According to 

Fig. 2  True and satellite maps of a 
single land use class (developed) 
presumed for a square region 
located in Northern Tuscany 
(Central Italy) and the correspond-
ing e-map
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by implementing URS, TSS, and SGS. For TSS and SGS, 
the region was partitioned into a grid of 10 × 10, 20 × 20, 
40 × 40 and 100 × 100 quadrats of equal size. For each com-
bination of sampling scheme and sample size, R = 10, 000 
samples were independently selected. At each simulation 
run, interpolator (2) was computed onto a regular grid G 
of 1501 × 1501 points, one every 10m. This grid was quite 
dense, providing a satisfactory resolution of the resulting 
NN e-maps. At the r th simulation run, we then produced 
the NN e-map êr (p) for each p ∈ G. At the end of the simu-
lation runs, for each combination of sampling scheme and 
sample size, R = 10, 000 NN e-maps were available and 
used for empirically determining the failure probabilities

FP (p) = 1
R

R∑
r=1

[êr (p) − e (p)]2 , p ∈ G

For each combination of sampling scheme and sample size, 
Table 1 reports the minima, averages, and maxima of the 
FP s. For TSS, Fig. 3 shows the spatial patterns of the FP s, 
while Fig. 4 shows the cumulative frequencies of the MSE

s. Figures achieved under URS and SGS are very similar 
and are not reported for brevity.

The results of the simulation study are as would be antici-
pated from the theoretical findings. The design-consistency 
of the NN e-maps is confirmed by the mean values of the 
FP  s in Table 1, which decrease with the sample size under 
the three considered sampling schemes. Furthermore, con-
sistency is also apparent from Fig. 3. Indeed, under TSS, the 
FP  maps become whiter as the sample size increases, with 
large areas where the FP  s vanish, i.e., large areas where 
the NN e-maps coincide with the true e-maps. In practice, 
as the sample size increases, failures occur only along the 
borders delimiting error and non-error areas in the true 
e-map (Fig.  1). Regarding the cumulative frequencies of 
FP  s (Fig. 4), the results are encouraging, considering that, 
regardless of the sample size, in about 90% of the area, the 
failure probabilities are smaller than 0.10.

4  Descriptive indices from estimated error 
maps

Consider a case study in which the quality of a satellite 
map in a study region A has to be evaluated from a design-
based perspective by means of a probabilistic sample of n 
reference locations P1, . . . , Pn at which the error presences 
e (P1) , . . . , e(Pn) are recorded. Based on these values, the 
NN e-map is achieved by means of the NN interpolator 
(2). In principle, it would be possible to provide the esti-
mate ê(p) for any location p in the continuum of locations 

3  Simulation study

To investigate the performance of NN e-maps arising from 
interpolator (2), a simulation study was conducted on an 
artificial e-map. The creation of realistic e-maps would be a 
quite complex task because the possible sources of error in 
satellite maps are many and varied. For example, classifica-
tion errors may be due to the large heterogeneity of LULC 
classes in the study region, the considered nomenclature, 
the definition of classes, the spectral similarity between 
classes, the presence of mixed pixels, and the characteris-
tics of training data. We have simply bypassed the problem 
by considering a study region of 15 km × 15 km located in 
Northern Tuscany (Central Italy) for which we had two land 
use maps for the years 2012 and 2021. These maps were 
derived from the land use maps for the entirety of Italy pro-
vided by the Italian Institute for Environmental Protection 
and Research (ISPRA) by exploiting Copernicus data. In 
particular, the 2012 land use map was obtained by merg-
ing the information from the 2012 Copernicus data and the 
2012 National soil consumption map, while the 2021 land 
use map was obtained from the 2018 Copernicus data and 
the 2021 National consumption map. These maps contain 
ten land use classes: Forest land, Quarry, Developed, Water, 
Cropland, Grassland, Perennial crop, Agroforestry, Other 
agricultural use, Other non-economic use. Maps are avail-
able at ​h​t​t​​p​s​:​/​​/​g​r​​o​u​p​​w​a​r​​e​.​s​​i​n​a​n​​e​t​​.​i​s​​p​r​a​m​​b​i​e​​n​t​e​​.​i​t​​/​u​s​​o​-​c​o​​p​e​​r​t​
u​r​a​-​e​-​c​o​n​s​u​m​o​-​d​i​-​s​u​o​l​o​/​l​i​b​r​a​r​y​/​c​o​p​e​r​t​u​r​a​-​d​e​l​-​s​u​o​l​o​/​c​a​r​t​a​-​d​
i​-​c​o​p​e​r​t​u​r​a​-​d​e​l​-​s​u​o​l​o​​​​​.​​

For the objectives of this simulation study, the 2012 
land use map was taken as the true map (i.e., the reference 
classification), and the 2021 map was taken as the satel-
lite map, in such a way that the e-map was constructed by 
matching the maps of the two years (Fig. 1). Sampling was 
performed selecting n = 100; 400; 1600; 10, 000 locations 

Table  1  Empirical values of minima, means, and maxima of fail-
ure probabilities achieved in the simulation study for sample sizes 
n = 100; 400; 1600; 10, 000 under uniform random sampling (URS), 
tessellation stratified sampling (TSS) and systematic grid sampling 
(SGS)
Scheme n Min Mean Max
URS 100 0.0000 0.0614 0.9999

400 0.0000 0.0494 0.9997
1600 0.0000 0.0366 0.9995

10,000 0.0000 0.0209 0.9945
TSS 100 0.0000 0.0602 1.0000

400 0.0000 0.0465 0.9997
1600 0.0000 0.0344 0.9994

10,000 0.0000 0.0189 0.9953
SGS 100 0.0000 0.0581 1.0000

400 0.0000 0.0459 0.9998
1600 0.0000 0.0328 0.9996

10,000 0.0000 0.0174 0.9959
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denoted for brevity by ê1, . . . , êM , provides a satisfactory 
graphical resolution. The visual display of the êg s, in which 
the locations estimated as errors are suitably highlighted by 
a vivid colour, provides an intuitive evaluation of the quality 
of the satellite map (e.g., Figs. 6 and 9).

constituting the study region A. However, in practice, to 
provide a picture of the NN e-map onto A, the estimation 
is performed at each location of a regular grid G ⊂ A of 
M  locations p1, . . . , pM . Usually, G is quite dense on A, 
so that the set of estimates ê (p1) , . . . , ê (pM ), henceforth 

Fig. 4  Cumulative frequencies of the empirical values of failure probabilities achieved in the simulation study under tessellation stratified sampling 
(TSS) for sample sizes n = 100; 400; 1600; 10,000

 

Fig. 3  Maps of empirical values of fail-
ure probabilities achieved in the simula-
tion study under tessellation stratified 
sampling (TSS) for sample sizes n = 
100; 400; 1600; 10,000
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5  Case studies

5.1  The LCMAP survey

The US Geological Survey launched the LCMAP (Land 
Change Monitoring, Assessment, and Projection) program 
with the objective of annually mapping the land cover in the 
US (Brown et al. 2020). This map, henceforth referred to as 
the LCMAP, was produced by classifying the Landsat satel-
lite imagery. In Fig. 5, the satellite map for the conterminous 
US (excluding Alaska and Hawaii) at year 2017, available at 
the website ​h​t​t​​p​s​:​/​​/​w​w​​w​.​u​​s​g​s​​.​g​o​​v​/​s​p​​e​c​​i​a​l​-​t​o​p​i​c​s​/​l​c​m​a​p​/​c​o​l​l​
e​c​t​i​o​n​-​1​3​-​c​o​n​u​s​-​s​c​i​e​n​c​e​-​p​r​o​d​u​c​t​s​​​​​, is represented based on 
a set of 30 m × 30 m Landsat pixels. The LCMAP contains 
eight land cover classes: Developed, Cropland, Grass/shrub, 
Tree cover, Water, Wetland, Snow/ice, and Barren.

To assess map accuracy and simultaneously obtain 
information about ground conditions, a reference sample 
of n = 24, 971 pixels was selected using simple random 
sampling without replacement (SRSWoR) (Stehman et al. 
2021). Given that the size of the pixels was considerably 
small compared to the entire US surface, the pixels can be 
considered as points in the continuum, in such a way that 
SRSWoR of pixels can be viewed as URS of points. This 
approximation allowed us to adopt the reference sample of 
pixels as the reference locations at which the comparison 
between the true on-ground class and the predicted LCMAP 
class was performed. Practically speaking, for each of 
P1, . . . , Pn  locations in the sample, e(Pi) was determined 
by comparing the reference class with the class predicted 
by the LCMAP map. Using the NN interpolator (2), the 
e-quantities were estimated for each location p in a network 
of 31, 751, 701 nodes (one every 500 m) within the con-
terminous US, with a map resolution of 0.25 km2 (Fig. 6). 

In addition, quantitative descriptive measures combined 
with the graphical display are informative to support the 
evaluation of the satellite map quality. To this purpose, a 
very intuitive measure of the satellite map quality is the 
error area fraction (EAF). EAF is defined as the fraction of 
the whole area estimated as error in the NN e-map to the 
area |A| of the whole study region, expressed as

EAF = 1
|A|

∫

A

ê(p)dp� (5)

However, because we only know the êg s for g = 1, . . . , M, 
in practice it is only possible to use their arithmetic mean

êM = 1
M

M∑
g=1

êg� (6)

which constitutes the Monte Carlo integration of (5) and can 
be exploited to evaluate the proportion of the error area in 
the NN e-map. Obviously, (6) constitutes a reliable evalu-
ation of (5) only for adequately dense grids. Arithmetic 
means of type (6) can be computed, mutatis mutandis, for 
sub-portions G1, . . . , GL of M1, . . . , ML locations parti-
tioning the whole grid. In most cases, these sub-portions 
correspond to sub-regions of interest such as administrative 
districts. In this case, the resulting sequences of means and 
their graphical representation will provide useful insights on 
where satellite maps are estimated to be more or less accu-
rate (e.g., Figs. 7 and 10).

Fig. 5  Satellite map of the eight 
land cover classes at the year 2017 
achieved in LCMAP program
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the estimated quality of the LCMAP, Fig. 7 reports the map 
of the fractions of error presence computed by (6) for the 48 
states of the conterminous US territory. Error presences of 
30% or more were estimated for the southeastern states of 
Missouri (about 35%), Kentucky, Mississippi, Florida, and 
Alabama, while error presences smaller than 10% were esti-
mated for the western states characterized by more homoge-
neous territories such as Nevada, New Mexico, Nebraska, 
Wyoming, and Montana.

We also considered two enlargements of the NN e-map 
in Fig. 6 for the states of Florida and Texas (Fig. 8). The 
large fragmentation of land cover classes in Florida (Fig. 8, 
right panel) resulted in a large presence of errors in the NN 
e-map with 28.5% of the state area estimated as error. Con-
versely, the less fragmented pattern of the land cover classes 

This grid was elaborated using the qGIS software (QGIS 
Development Team 2023) running on a standard worksta-
tion (AMD Ryzen 5 PRO 5650G with 6 cores, 12 logical 
processes, and 32 GB of RAM). The computational time for 
generating the NN e-map was less than 45 s using R (R Core 
Team 2023) on the same workstation. Much denser e-maps 
could be produced by increasing the computational time or 
by using a computer with higher performance.

On the whole, by means of (6), the area estimated as error 
in the NN e-map of Fig. 6 was the 18% of the contermi-
nous US territory. As shown in Fig.  6, most of the errors 
were estimated where land cover heterogeneity was high, 
particularly in the eastern region, while few errors were esti-
mated in the western region due to a more homogeneous 
land cover class distribution. For a clearer representation of 

Fig. 7  Map of the fractions of the area 
wrongly classified by the LCMAP (EAF) 
in the NN e-map of Fig. 6 for the 48 
states in the conterminous U.S

 

Fig. 6  NN e-map superimposed on the LCMAP for the conterminous US. Locations where an error was estimated are represented in yellow
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5.2  The NFM application

For the second case study, we used the National Forest 
Mask (NFM) of Italy (Fig. 9, left panel). This is a high-res-
olution forest/non-forest map obtained from manual photo-
interpretation of aerial orthophotos available at the regional 
scale between 2000 and 2016. When multiple years were 
available, the version closest to 2005 was used. For further 
details, see D’Amico et al. (2021).

As reference locations, we used the sample of points 
selected by means of TSS during the IUTI (from the Ital-
ian acronym of “Inventario dell’Uso delle Terre d’Italia”) 

in Texas, especially in the western part of the state, led to 
a smaller 22.6% estimated area of errors in the NN e-map.

The results achieved from LCMAP illustrate an impor-
tant feature: when the reference sampling density is sparse, 
the NN e-map will provide a more generalized view of the 
spatial distribution of classification errors. Precise, very 
localized error estimation becomes analogous to a small 
area estimation problem and may not be achievable over a 
broad area without a very large sample size. Still, the gen-
eralized perspective of these spatial error patterns may be 
informative as a cautionary indicator of where the satellite 
map may be less accurate.

Fig. 9  Left: NFM map of Italy (D’Amico et al. 2021). Right: NN e-map superimposed on the NFM map. Locations where an error was estimated 
are represented in magenta

 

Fig. 8  NN e-maps superimposed on the LCMAP for the state of Texas (left) and Florida (right). Locations where an error was estimated are rep-
resented in yellow
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Sardinia, Calabria, and some zones of Central and South 
Italy around the Apennines Mountains. In contrast, a scarce 
presence of errors was estimated in homogeneous zones 
such as Apulia where forests were generally absent, and in 
some northern regions that were homogeneously covered 
by forests. For a clearer representation of the spatial dis-
tribution of the estimated quality of the NFM map, Fig. 10 
reports the maps of EAF computed by (6) for the 20 admin-
istrative regions partitioning the Italian territory. The larg-
est error presences were estimated for Sardinia (about 25%) 
and Calabria (about 15%), while the other regions showed 
estimated error presences of about 10% or less, thus show-
ing a satisfying quality of the NFM map for most parts of 
the Italian territory.

We also focused on two Italian regions, Tuscany and 
Apulia. It is apparent from Fig. 11 (left panel) that the frag-
mented presence of forest in Tuscany resulted in an error 
presence in the NN e-map of 9% of the whole region. In 
contrast, the lack of forest in most of the Apulian territory 
led to few errors in the NN e-map (Fig.  11, right panel), 
with the area estimated as error being only 4% of the whole 
region.

Because of the larger sample size and greater density of 
sampling in this example compared to the LCMAP exam-
ple, the NN e-map for Italy reported in Fig. 9 (right panel) 
provides a more reliable and localized depiction of map 
classification error than the one visible in Fig. 6.

6  Concluding remarks

The work applies to the problem of mapping errors in LULC 
maps arising from the automated classification of satellite 
data. The novel feature of this work is providing a way to 
produce error maps in a design-based setting by means of 
NN interpolation of the errors observed in reference sam-
ples. Under sampling schemes of wide use in environmental 
surveys, the NN e-maps are asymptotically design-unbiased 
and consistent meaning that, as the effort in collecting refer-
ence samples increases, the NN e-maps approach the true 
e-maps.

These results represent a valuable theoretical start-
ing point that contradicts the scepticism of Ebrahimy et 
al. (2021) about spatial interpolation methods in LULC 
mapping, based on the fact that these methods invariably 
require assuming that nearby locations are more similar 
than those farther away. It is indeed possible that in the case 
of a high degree of heterogeneity in LULC composition, 
this assumption does not hold. However, the great appeal 
of our design-based proposal is that even when the similar-
ity between neighbouring locations fails, consistency of NN 
e-maps is ensured by using sampling schemes that provide 

survey of 2008, promoted by the Italian Ministry of Envi-
ronment and Protection of Land and Sea. More precisely, 
the entirety of Italy was covered by n = 1, 217, 032 quad-
rats of 25 ha. A point was randomly selected within each 
quadrat and then photo-interpreted to record one of six land 
use classes: Forest land (1), Cropland (2), Grassland (3), 
Wetland (4), Settlements (5) and Other lands (6). This clas-
sification was performed by ISPRA (2014) and is available 
on the Geoportale Nazionale at the website ​h​t​t​​p​:​/​/​​w​w​w​​.​p​c​​
n​.​m​​i​n​a​​m​b​i​e​​n​t​​e​.​i​t​/​G​N​/​a​c​c​e​s​s​o​-​a​i​-​s​e​r​v​i​z​i​/​s​e​r​v​i​z​i​-​d​i​-​v​i​s​u​a​l​
i​z​z​a​z​i​o​n​e​-​w​m​s​​​​​. In particular, the Global Forest Resource 
Assessment definition of forest was adopted to identify For-
est land. To determine the e-quantities for each reference 
location of the IUTI sample, it was necessary to recode the 
original IUTI classes distinguishing between forest (IUTI 
class 1) and non-forest (IUTI classes from 2 to 6) and then 
compare them with the NFM classes.

Using the NN interpolator (2), the e-quantities were esti-
mated for each location p in a network of 13, 396, 583 nodes 
(one every 150 m) within the Italian territory with a map 
resolution of 0.02 km2 (Fig. 9, right panel). Once again, the 
grid was elaborated using the qGIS software (QGIS Devel-
opment Team 2023) and the computational time for generat-
ing the NN e-map was less than 30 s using R (R Core Team 
2023).

On the whole, by means of (6), the area estimated as 
error in the NN e-map of Fig. 9 (right panel) was 9.8% of 
the national Italian territory. As shown in the figure, most 
of the error presences were estimated in the portions of the 
Italian territory where forest was more fragmented such as 

Fig. 10  Map of the fractions of the area wrongly classified by the NFM 
map (EAF) in the NN e-map of Fig. 9 (right) for the 20 administrative 
regions of Italy
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familiar “summary” measures achieved from confusion 
matrices are traditionally used in a design-based inference 
setting, it is quite natural that the subsequent analysis of the 
spatial pattern of accuracy also stems from design-based 
inference without resorting to models. In addition, as it is 
apparent from Figs. 6 and 9, NN e-maps demonstrating the 
areas where estimation is unreliable while ignoring those 
areas where estimation is reliable and trustworthy are much 
more intuitive and easier to interpret than model-based C- 
and A-maps.

In principle, we could employ design-based inference 
to characterize the precision of NN e-maps by estimating 
the failure probabilities at any point of the survey area by 
a bootstrap procedure applied to the NN interpolator origi-
nally proposed by Fattorini et al. (2022). However, we have 
deliberately avoided this procedure, as NN e-maps are esti-
mators of precision themselves, and as it is customary in 
inferential statistics, estimates of the precision of an estima-
tor of precision are almost never presented in practice. That 
holds also in the model-based evaluation of satellite maps, 
where estimates of precision of C- and A-maps are never 
provided.

Finally, a drawback of our proposal is that NN e-maps 
exploit only information arising from space without tak-
ing advantage of the knowledge of covariates (i.e., auxil-
iary variables) often available for the whole survey region. 
Without exploring this possibility, we suggest that a simple 
way to exploit auxiliary information is to perform NN inter-
polation in the composite space of spatial coordinates plus 
auxiliary variables. In practice, among reference locations 
equally distant from the location where NN interpolation 
has to be performed, we assign to this location the value of 
the reference location that is nearest in terms of auxiliary 
variables. However, we warn against the idea of performing 

an asymptotic spatial balance, as in the case of URS, TSS, 
and SGS. Therefore, under these sampling schemes, NN 
e-maps become perfect in any situation as the size of refer-
ence samples increases.

Although the NN e-maps have the theoretically appeal-
ing property of design-based consistency, in real situations, 
the size of the reference sample is relevant to the practi-
cal utility of the resulting NN e-maps. In the presence of 
favourable situations, i.e., as argued in the Introduction, 
when there is a strong spatial autocorrelation of errors in 
which the assumption behind the NN interpolator fits the 
true e-map reasonably well, the precision of NN e-maps 
is good even for moderate sample sizes, without recourse 
to demanding sampling efforts. On the other hand, if the 
assumption fails, large samples are necessary to ensure a 
reliable result.

Regarding the case studies, inaccuracies are likely to be 
present in the NN e-map of the LCMAP land cover project 
(Fig. 6) because of the small size of the reference sample 
relative to the extent of the study area (about one reference 
pixel every 320 km2). In such situations, the utility of an 
NN e-map may be limited to a broad indicator of spatial 
accuracy in the satellite map. Conversely, the NN e-map 
(Fig. 9, right panel) associated with the forest map of Italy 
is likely to be akin to the true e-map because the large sam-
pling effort implemented in the IUTI survey of one point 
every 25 ha ensures consistency. This is also apparent from 
comparing the fractions of the area estimated as error in the 
NN e-maps, 18% in the US case compared to 9.8% in the 
Italian case.

From a practical point of view, our proposal allows 
LULC map users to be congruent and to fully operate in 
a design-based mode when assessing the quality of satel-
lite maps. As accuracy estimates and standard errors of the 

Fig. 11  NN e-maps superimposed on the NFM map for Tuscany (left) and Apulia (right). Locations where an error was estimated are represented 
in magenta
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