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Abstract: Land cover area estimates can be derived via design-based approaches using a probability
(random) reference sample. The collection of samples is usually costly and requires an effective
sampling design. Earth-Observation-based mapping approaches do not have this requirement
but can be biased in providing area estimates. Combining reference samples with remote sensing
products can reduce sampling efforts and provide a more effective method to estimate land cover.
The Copernicus High-Resolution Layer (HRL) provides remote-sensing-based data across Europe
to support area estimation. Different methods are tested to estimate areas of imperviousness in
four selected countries in Europe to demonstrate the use and shortcomings of existing reference
information from the LUCAS survey program and the HRL Imperviousness products from 2015
and 2018.
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1. Introduction

Precise area estimates of land cover/land use (LCLU) are central for various man-
agement and monitoring strategies. Area can be estimated in either a design-based or
model-based inference framework. In a design-based framework, population parameters
such as the area of a certain land cover are estimated on the basis of a sample of reference
observations. Despite the scientific progress, consensus and guidance from intergovern-
mental organisations, such as the Global Forest Observations Initiative’s “Methods and
Guidance Documents” [1] or the United Nations Food and Agriculture Organisation’s
“Global Strategy to improve Agricultural and Rural Statistics” [2], simplified approaches for
area estimation and unquestioned uses of Earth Observation (EO) data acquired by remote
sensing are still reported [3].

The increasing accessibility of EO data and services through the Copernicus program
have stimulated the use of such data and products for monitoring and decision making.
The Pan-European Copernicus High-Resolution Layers (HRL) [4] provide specific LCLU
products, such as on sealed/impervious surfaces, forests, grasslands, or water bodies and
wetness conditions. These products are based on satellite data, in particular the Copernicus
Sentinel-1 and -2 sensors [4] and thus provide the potential to support area statistics [5].

The simplest approach to use EO-based LCLU maps for area estimation is by summing
the area covered by the classified remote sensing pixels (i.e., the number of pixels per class
times the area size of a pixel), often referred to as ‘pixel counting’ [6,7]. Such an approach
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is problematic because it does not adjust for classification errors in the map caused by, e.g.,
class confusion [1,6] or errors in the training data [8]. The risk of bias from pixel counting is
particular strong for rare land cover classes [5,9], and uncertainty is not characterised. With
unknown area bias and uncertainty, a statistically significant LCLU change assessment
over time is not feasible.

A combination of EO-based maps with sampling-based reference data can overcome
such limitations [3,7]. There are several approaches to using LCLU maps in combination
with sampling to increase precision in area estimates [2,6,10–12], such as (i) using a map
to setup a stratified sampling design or (ii) combining the map with reference data as in
regression and calibration estimator methods. Rather than using the map directly for area
estimation, it is used in (i) to improve the sampling design through stratification. Inference
is created with the known inclusion probabilities (weights) which allow for inferring from
the sample mean to the entire area of interest. It results in higher precision of the estimates,
if the map is accurate. Design-based approaches are, for example, described in [7,13].
Regression and calibration estimators (ii) (e.g., [6,11,14]) use reference data (e.g., from a
field survey) as a co-variable together with EO-based maps. These estimation approaches
are considered as unbiased. Shortcomings in the reference data quality can result in a
bias of the estimates [9]. Sufficient, often costly, resources are needed for the collection
of reference data through a field surveyor or the visual interpretation of high-resolution
images, including training, methods of interpretation, and quality assurance [15]. Reference
data should be [11]:

• Of higher accuracy than the map;
• Selected using a rigorous (randomised) probability design with known sample inclu-

sion probabilities [16];
• Independent from the map and the data used to produce the map;
• Compatible with the map units considering thematic, temporal, spatial, and posi-

tional aspects.

Design-based area estimation requires a probability (random) sample, where every
element of the target population has a known, positive probability of being included in
the sample. Design-based methods allow for the inference of population means (or totals)
and are called model-free because they make no assumptions about the distribution of
the target variable: the central limit theorem is used to obtain confidence intervals for
population parameter estimates. Of importance is the concept of an estimator, which is
a formula or rule applied to the sample results for generating estimates. An estimator is
unbiased if it yields, on average and under repeated sampling using the same sampling
procedure, the true parameter value [17]. In addition to bias, another important property
of an estimator is estimation uncertainty, expressed by the associated variance estimator
that yields a variance, standard error, and confidence interval. The ability to estimate
bias and uncertainty makes a design-based estimator attractive from the perspective of
area estimation.

A prominent example for a European-wide reference data set produced using a design-
based approach is the Land Use/Cover Area frame Survey (LUCAS). It provides LCLU
data collected in the field across Europe every three years since 2006 [18], available as a
harmonised and consistent data set [19]. While several studies have used these data to
produce LCLU maps [20,21] or validate their accuracy [22], few have combined the LUCAS
reference data with LCLU maps for area estimation [23].

This paper discusses how Copernicus HRL products can be used for area estimation.
The HRL Imperviousness (HRL IMD) is used as an example to estimate the impervious
area over four selected European countries. Different estimation methods are applied to
demonstrate the potential and shortcomings to use the HRL IMD together with existing
pan-European validation data and reference information from the LUCAS programme for
unbiased area estimation.
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2. Data

To apply the methods across varying landscapes, four countries from different Eu-
ropean geographic regions were selected: Sweden (Scandinavia), Spain (Mediterranean),
Germany (central Europe), and Romania (Balkan/South East Europe), covering in total
more than 10 percent of the EU. The countries’ boundaries were taken from the Eurostat
NUTS system (version 2016) [24]. For each country, the data sets explained in the following
subsections were extracted. Table 1 provides an overview of the data.

Table 1. Data Overview.

Copernicus Product Year Spatial Resolution

HRL IMD 2015 20 m Pixel
HRL IMD 2018 10 m Pixel
HRL IMD aggregated 2015/2018 100 m Pixel
Reference data Year Spatial resolution
EEA validation data 2015/2018 100 m Pixel
LUCAS survey data 2015/2018 Point (with 1.5/20 m observation radius)

2.1. Copernicus High-Resolution Layer on Imperviousness (HRL IMD)

The HRL IMD has been available since 2006 and has been produced every three years
since then by the European Environmental Agency (EEA). It represents an estimation of
the degree of imperviousness (covered percentage of sealed surfaces) at a spatial pixel
resolution of 20m, improved in 2018 to 10 m. The HRL IMD products for 2015 and 2018 are
also available as aggregated raster with 100 m pixel resolution.

The layers are semi-automatically produced using reference data derived from high-
resolution satellite image time series from different sensors [25]. The 2015 product is mainly
based on high-resolution satellite images from the IRS-P6/Resourcesat-2, LISS-III, SPOT 5,
and Landsat 8 systems, while Sentinel-1 and -2 were applied in 2018. For the year 2015,
densities of imperviousness are derived from a binary classification into build-up/non-
build-up areas and subsequent prediction of the imperviousness degree using (multi)linear
regression method and a reference database [25]. In 2018, this approach was adapted to
Sentinel data by using the machine learning classifier as implemented in the MASADA
toolbox [26] and an updated reference database using very high-resolution images from
2018 [27]. This led in 2018 to a new and improved generation of the product with 10m
resolution, compared to the 2015 data, but also a limited comparability to the previous
IMD products. A recent accuracy assessment of the HRL IMD revealed varying under- and
overestimation behaviour depending on the degree of imperviousness [28]. Imperviousness
change products, available for 2015–2018 at 20 m pixel resolution, show an increase in
sealed surface, which may partially be caused by technical changes in the production
workflow between 2015 and 2018 [27]. The imperviousness change layers have not been
used in this study, for the reliability of the change magnitude is unknown.

2.2. EEA Validation Data

Validation reports are available and provide information on the thematic accuracy of
the HRL IMD 2015 and 2018 [29,30]. The reference samples used for the validation of the
aggregated 100 m HRL IMD products 2015 and 2018, further referred to as “EEA validation
data”, are not published but have been made available by the EEA for this study. Validation
results for the full product resolution at 20 m and 10 m are not available. Table 2 gives an
overview for the countries considered in this study. The EEA validation protocol used a
30 percent impervious threshold to classify the impervious density values into “sealed”
(30–100 percent) and “unsealed” (0–29 percent). Reference data were collected using visual
interpretation in a blind approach, where the interpreter was not aware about the IMD
pixel value, and in a plausibility approach, where the interpreter was aware of the results
from the classification [30].
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Table 2. EEA validation results provided for the IMD 100 m product imperviousness class (30 percent
threshold) for the blind approach. Adapted from [29,30].

HRL IMD 2015 thematic accuracy
AOI User’s accuracy CI 95% Producer’s accuracy CI 95%

Germany 93.66% 0.11% 63.78% 0.35%
Spain 88.89% 0.04% 50.46% 0.39%
Romania 100% 0.00% 35.82% 0.08%
Sweden 100% 0.00% 29.36% 0.64%

HRL IMD 2018 thematic accuracy
AOI User’s accuracy CI 95% Producer’s accuracy CI 95%

Germany 94.45% 0.10% 79.17% 0.29%
Spain 89.47% 0.04% 80.32% 0.05%
Romania 96.77% 0.03% 45.91% 0.40%
Sweden 95.32% 0.02% 49.58% 0.68%

The sample units of the reference data are segments of 100 × 100 m covering exactly
one artificial product unit (pixel) of the aggregated 100 m HRL IMD product [30]. The
sample unit locations were selected using the LUCAS Master Frame Grid (2 × 2 km) as a
sampling frame, see [31] whereas the inherent LCLU information from the LUCAS frame
was not used. The LUCAS frame was stratified based on countries or groups of countries,
three strata based on the 2015 IMD product, and additional data sources such as CORINE
Land Cover (CLC) and Open Street Map (OSM). From each stratum, a defined number
of sample units were selected from the LUCAS frame using a systematic approach. The
same sample locations were used for the 2015 and 2018 validation; thus, the number and
location of the sample units in the selected samples of the respective years are the same
(Table 3) [30].

Table 3. Number of EEA validation data sample units (100 × 100 m) per country for the HRL IMD.

AOI Number of Sample Units

Germany 1304
Spain 1473
Romania 735
Sweden 1213

For the interpretation of the 100 × 100 m segments, a grid of 5 × 5 secondary sample
points in each segment was used, and each point was visually interpreted whether it falls
on sealed surface or not. The proportion of “sealed” points in a segment provides the
proportion of sealed surface for the segment. Therefore, differences to the true sealed area
in the sample unit can be expected. This is further discussed in [32], but for simplicity, it is
not considered further in this assessment. The internal validation data were provided by
the EEA.

2.3. LUCAS Survey Data

The Land Use/Cover Area frame Survey (LUCAS) [18] is an EU-wide area frame field
survey, using points as sample units and conducted on behalf of Eurostat. It provides
LCLU area estimates and other parameters down to the NUTS2 level on a three-year basis
since 2006 until 2018. The LUCAS survey 2022 is, by the time of writing, still ongoing.

As described in [31], the LUCAS sample results were collected under a two-phase
sampling scheme. Two-phase sampling, or double sampling, involves selecting a first-
phase sample that is treated as a population from which a second-phase sample is selected.
In the first phase, a systematic sample of >1,100,000 points with regular 2 km spacing was
set up covering the whole EU territory and stratified into main land cover classes using
visual interpretation of aerial and satellite images. In the second phase, a sample was
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selected from the first-phase sample under stratified sampling. For the 2018 campaign, the
sample design was redefined from a stratified systematic to a stratified random sampling
design [31,33], and additional parameters such as accessibility have been included in the
selection process, see [31]. The second-phase sample is observed with the full LUCAS
nomenclature by field survey or visual interpretation of aerial images. For this sample, the
land cover and land use is recorded as a core parameter within a standard 1.5 m observation
radius, which can be expanded to 20 m for heterogeneous land cover classes [34,35].

The LUCAS core parameters are complemented by additional observation modules
and parameters. In the LUCAS 2018 survey, an imperviousness parameter was introduced
to support the comparison with the Copernicus HRL IMD. With a focus on the 2015 HRL
definition, the proportion of non-vegetated area in a fixed radius of 20 m around the LUCAS
points was observed. However, this does not adequately cover the latest HRL IMD 2018
definition of imperviousness, and this parameter was not used in the assessment. The
LUCAS Copernicus module was also introduced as a (limited) pilot for selected points
in 2018. With the aim to support the integration of LUCAS data for the Copernicus EO
products, it contains information on the extent of land cover in the cardinal directions and
up to 50 m from the position of the surveyor. Based on the LUCAS Copernicus module
d’Andrimont et al. [36], for example, LCLU polygons are automatically generated from
the LUCAS points to be used for, e.g., LCLU map production. However, to demonstrate
area estimation in the selected countries, there were only 91 Copernicus module points
available for an artificial LCLU class out of around 21,000 surveyed module points [36].
Moreover, the sample weights (inclusion probability) of the 2018 Copernicus observations
were not available and thus could not be used in a design-based estimation approach.

Due to the described limitations of the different available LUCAS modules, only
the core LCLU information was used together with the calculated sample weights of
each LUCAS points for the 2015 and 2018 campaign. The weights provide the inclusion
probability of each observed point transferred to square kilometres and were provided by
Eurostat. The sum of the weights for all LUCAS points in one NUTS region equals the total
area in that region.

3. Methods

The following methods and data sets have been used to demonstrate the use of existing
pan-European data for estimating impervious area at a national scale:

• Naive approach—simple pixel counting using HRL IMD;
• Stratified estimator using EEA validation data and HRL IMD;
• Regression estimator using EEA validation data and HRL IMD;
• Calibrated estimator using LUCAS data.

3.1. Using the HRL IMD for Simple Pixel Counting

The most simplified approach of using the HRL IMD map for area estimation is
simple pixel counting. The proportion of pixels classified as impervious in the HRL IMD is
calculated using the simple pixel counting estimator, e.g., [6]:

Yc = (Nc+/N++) (1)

where Nc+ is the number of pixels belonging to land cover c, and N++ is the total number
of pixels in the AOI. For this assessment, a threshold of 30 percent imperviousness density
is used to classify the pixels in “sealed” (imperviousness degree >= 30) and “unsealed”
(imperviousness < 30). Such a density threshold of 30% has also been used to derive a
binary mask layer (sealed/unsealed) from the imperviousness values in the validation of
the EEA HRL product IMD [27,32]. The results are proportions of sealed pixels in the IMD
2015 and IMD 2018 products for the targeted administrative units, in this case, the four
selected countries.
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3.2. Stratified Estimator Using the HRL Validation Data

The EEA validation data are a stratified systematic sample. The strata for impervious,
non-impervious, and for a high likelihood of classification error (artificial in CLC or OSM,
but non-impervious in IMD) were based on the IMD 2015 layer and external data from
CLC and OSM. A stratified estimator is used to estimate the area from the EEA validation
data by expanding the area proportion to the strata. For each sample unit, the information
to which stratum it belongs is available.

For obtaining the strata proportions, the strata were created based on the description
provided in the validation reports [29,30]. For the strata including OSM data, the OSM road
categories and version used were not fully described in the validation reports. Therefore, all
road types were used except those indicating of not being paved (e.g., tracks) or related to
footpaths and cycle ways. As a result, the strata used for the calculation might be different
from the strata used for the sampling.

For simplicity, the variance in the area estimate is obtained by assuming stratified
random sampling. This provides a more conservative estimation of the variance compared
to assuming systematic sampling.

Stratified estimators for area proportion and variance are provided by [17] Equa-
tions (5.1) and (5.7).

ȳstr = ∑
h

Wh r̄h (2)

V(ȳ)str = ∑
h

W2
h S2

rh
nh

(3)

The results are proportions of impervious area per selected country for 2015 and 2018.

3.3. Regression Estimator Using HRL IMD and the HRL Validation Data

Using the EEA validation data, two approaches can be combined for area estimation,
the stratified sampling approach based on the HRL IMD map and a regression estimator to
combine the information from reference and pixel values for each stratum [32].

Regression estimators use a linear relationship (regression) between the proportion
of the land cover in the reference sample unit and in the classified image, in this case, the
proportion of sealed surface recorded in the sample of the EEA validation data and the
corresponding IMD pixel values. This linear relationship allows one to correct the bias of
the classified image. The regression estimator is described in chapter 7.1 of [17] and, in
the context of remote sensing for area statistics, for example, in [6]. A regression estimator
does not require a hard classification of the IMD pixel values using a threshold, which
is an advantage. The observation of land cover proportions in large sample units allows
one to deal with complex land cover scenarios and fragmented land cover and reduces
the problem of mixed pixel effects [37]. The regression estimator is applied separately in
each stratum and aggregated to the total AOI using the standard formula provided by
Equation (7.48) of [17].

ȳhreg = r̄h + bh(M̄h − m̄h) (4)

For each stratum h, r̄ (r for reference) is the mean proportion of the target land cover
in the sample units of the reference data, m̄ and M̄ (m for map) are the mean proportions of
the target land cover in the image classification in the sample units and in the entire strata,
and b is the slope of a linear regression between reference r̄ and map m̄.

A variance estimator is used again for a random stratified sample, and the systematic
sampling design is ignored. The variance for the regression estimator under stratified
sampling is provided by Equation (7.51) of [17]:

V(ȳ)reg = ∑
h

W2
h

nh
(S2

r̄h − 2bhS ¯rmh + b2
hS2

m̄h) (5)
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where for each stratum h: S2
r̄h and S2

m̄h are the variance in the imperviousness value in the
reference sample and in the map (pixel) values of the sample units; S ¯rmh is the covariance
between r̄ and m̄; n is the number of sample units; and Wh is the proportion (weight) of the
stratum h in the total AOI.

The regression estimator requires variation within the pixel values in a stratum, and
this is not the case when the pixels in the stratum have the same value [38]. This is the case
for the non-impervious stratum in 2015, which contains only pixels with 0 imperviousness,
for which the linear regression and the slope are both 0, and for which applying the
regression estimator does not provide any improvement in the area estimate or variance.
For this stratum, the standard stratified estimator, as described above (weighted mean of
the imperviousness value in the validation data), is used for area estimation in 2015.

In 2018, the non-impervious strata (which is based on the 2015 IMD) contain IMD
values greater than 0 but the correlation with the reference data is low in all countries. Indi-
vidual sample segments in the strata showed high imperviousness values in the reference
and/or in the IMD 2018 data. These individual outliers, most likely caused by new building
activities since 2015, are not reflected in the 2018 stratification and influence the slope of
the linear regression line in the strata. A further inquiry or exclusion of outliers was not
performed for simplicity and to demonstrate the use of existing data “as provided”. The
contribution from the regression estimator to the estimates and in reducing its uncertainty
is rather small in the “non-impervious” strata in all selected countries.

Figure 1 shows as an example the regression plots for the three strata in Germany for
2018, with good correlation in the impervious stratum and low correlation and individual
outliers in the non-impervious strata. The horizontal stripes in the regression plot are
caused by the 25 secondary points used to sample one HRL pixel; each point contributes
4% to the sample segment area. A possible impact on the estimation results is worth
mentioning but is not further explored in this study.

The results of the regression estimator are proportions of impervious area per country
for the four selected countries using the IMD 2015 and IMD 2018 products, estimated using
the stratified regression estimator and a stratified estimator for the 2015 non-impervious
strata. Since artificial sealed surfaces cover only small proportions of the selected countries,
the stratification is expected to provide the major contribution for the area estimation and
calculation of uncertainty.

3.4. Estimating Impervious Area Using LUCAS Survey Data

For comparison, the impervious area was also estimated using LUCAS reference
data. To be compliant with the imperviousness definition of the HRL IMD product, the
observed LUCAS land cover classes are aggregated to “artificial sealed surfaces” following
the definition of the HRL IMD product and the recommendations in the study by [39] on
the use of LUCAS for HRL production and validation. The assumption is that the artificial
sealed surfaces reflect an IMD threshold of >= 30 percent, as suggested in the validation
of the HRL products [30]. In general, all artificial LUCAS land cover classes (LUCAS
code LC1 = A1X and A2X) belong to this class with the exceptions of points falling on
artificial class with unsealed surface (LC2 <> AX), such as sand or dirt tracks or tracks
covered by vegetation. Other artificial areas (LC1 = A3X) were visually cross-checked on
very high-resolution images, as they include special cases such as superimposed artificial
structures and dump sites, see [34,40]. The output is an aggregated artificial class, which
classifies each LUCAS sample point into “artificial” or “non artificial” and is in compliance
with the HRL IMD definition (Table 4).
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Figure 1. Regression plots between the degree of imperviousness in the reference sample and HRL
IMD in the three strata—example from Germany 2018.

Table 4. Number of LUCAS points classified into aggregated artificial class.

AOI
2015 2018

Artificial Non-Artificial Artificial Non-Artificial

Germany 1700 24,803 1910 24,834
Spain 1231 46,618 1947 43,250
Romania 312 16,407 631 15,940
Sweden 353 26,281 767 25,916

Taking the LUCAS aggregated artificial class sample and the provided sample weights
from the LUCAS data, area estimates (including CV) were calculated for the selected
countries using an existing R script. The script uses the R software package REGENESEES
(R evolved generalised software for sampling estimates and errors in surveys) (see [41,42])
and uses a Horvitz–Thompson estimator and calibrated sample weights to consider the
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stratified sampling approach of the LUCAS survey data [31]. The output includes area
estimates and their uncertainty for the aggregated artificial class per country. The estimates
are different from the published LUCAS estimates of artificial land, as they exclude unsealed
artificial areas as described above.

4. Results

The area estimation results from simple pixel counting the HRL IMD data were
compared with the area estimation using the EEA validation data in a stratified and a
regression estimator approach, see Table 5 and Figure 2. The area estimates are compared
with an estimation based on the aggregated LUCAS survey data. The uncertainty of the
estimates are expressed as coefficient of variation (CV) in Table 5.

Table 5. Impervious area proportion from pixel counting and estimated using stratified estimator,
regression estimator, and estimated from LUCAS survey data a.

Pixel
Counting
(HRL IMD)

Stratified Estimator
(EEA Validation Data
HRL IMD)

Regression Estimator
(EEA Validation Data
HRL IMD)

Calibrated
Estimator
(LUCAS)

Area % Area % (CV) Area % (CV) Area % (CV)

2015
Germany 6.4 6.8 (3.4) 6.8 (2.3) 6.3 (2.1)
Spain 1.7 2.8 (4.6) 3.0 (3.6) 2.9 (2.1)
Romania 1.5 2.0 (7.0) 2.1 (5.2) 1.9 (4.9)
Sweden 0.6 1.5 (7.8) 1.5 (6.8) 1.1 (5.1)
2018
Germany 6.9 7.0 (3.4) 6.9 (1.9) 6.7 (2.6)
Spain 2.0 2.9 (4.6) 3.0 (3.4) 3.0 (3.1)
Romania 1.8 2.2 (6.6) 2.4 (4.2) 2.1 (5.1)
Sweden 0.7 1.5 (7.8) 1.5 (6.6) 1.1 (5.2)

a IMD pixel counts and LUCAS estimates exclude Canary islands from Spain; estimates using EEA validation
data include Canary Islands.

In Figure 2, the estimates from 2015 and 2018 are plotted for visual analysis, including
the standard error of the estimates at a 95 percent confidence interval expressed as a
proportion of the total area. This allows for a better comparison of the estimates and their
uncertainty between 2015 and 2018. It shows that the impervious area enumerated by pixel
counting of the HRL IMD is generally smaller than the area estimated by the other methods.
This applies to both years and all investigated countries, except Germany. Here, the pixel
counts are slightly higher than the LUCAS estimates in both years. Only in Germany are
the pixel counts within the 95 percent confidence intervals of the other estimates, except
for the regression estimator in 2015. The highest differences between area estimates from
pixel counting and LUCAS estimation can be seen in both years for Spain and Sweden,
where the former provides clearly lower estimates for the impervious area. Estimates
using the stratified and regression estimators are similar and close to the LUCAS estimates
for Spain and Romania. Sweden and Germany show an overestimation for both years
when compared to LUCAS. The CVs of the area estimates are smaller than five percent
in Germany and Spain, but higher in Romania and Sweden (except for the Romania 2018
regression estimation). The 2018 estimates for Germany and Romania display an even
lower CV for the regression estimator than the aggregated LUCAS class estimate. The
differences between the estimates from the stratified estimator and the regression estimator
are small and the regression estimator provides slightly higher estimates, with the exception
of Germany in 2018.
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Figure 2. Results of impervious area estimation using different methods.

Country-wide impervious area proportions are higher in 2018 in comparison to 2015,
except for Sweden, where the results are almost identical. This increase appears more
pronounced in the pixel counting results than in the unbiased estimators and the LUCAS
estimate. The proportion of impervious area did not change beyond the 95% confidence
interval of the estimates in any of the countries, i.e., the uncertainty of the estimate is higher
than the actual change rates themselves. For the simple pixel-counting, no confidence
intervals can be provided, which is inherent to the method.

5. Discussion

The stratified and the regression estimators achieved impervious area estimates with
CVs of around 5% at a national administrative level. Both approaches were based on the
HRL IMD together with (previously unreleased) EEA validation data. Comparable results
were achieved by the estimation based on the aggregated LUCAS reference data. Area
estimation based on a remote-sensing-derived map via simple pixel counting is problematic,
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as it can have a very large bias [43], which roughly corresponds to the difference between
the commission and the omission errors of the map [44] and does not come with a stan-
dard error. The provided EEA validation results showed high differences between user’s
and producer’s accuracy for the aggregated IMD product (see Table 2). User’s accuracies
were higher in both years and in all selected countries than the producer’s accuracy. This
indicates a strong bias and underestimation of impervious area in the IMD products in all
countries. The pixel counting results in Germany were similar to the remaining methods,
but strongly deviated for the remaining three countries. The Copernicus HRL are standard-
ised products covering all of Europe, and quality and accuracy are likely to vary across
the continent. Accuracy information for selected regions or nations are not systematically
produced. Recent work indicates that over- and underestimation errors may be more
balanced in regions with more built-up land [28], which could explain the closer match of
pixel counting results with the other estimation results in Germany. Information on the area
of applicability could help to better understand prediction errors [45]. The most recent HRL
IMD 2018 was accompanied by a new confidence layer providing information regarding
the spatial variability (i.e., at pixel level) of the product quality. The use or applicability
of this layer for area estimation could not be assessed due to lacking information on the
information content and methodology to create this layer. Future research is needed to
include such spatial product quality information in area estimation.

Design-based area estimation approaches require a rigorous probability sampling
design to make inferences from a reference sample to the entire population and to allow
the calculation of unbiased area estimators with known uncertainty. Such a sample can
be costly to produce, and the use of already existing reference data (such as the LUCAS
sample) might be seen as a substitute for a dedicated sampling exercise. The LUCAS
sampling design is based on NUTS2 level, and allows area estimation down to the NUTS2
level across Europe. Although the LUCAS micro-data are available to the public via the
Eurostat website and as further harmonised geodata set [19], estimation of area with the
LUCAS data was only possible with the calculated sample weights transferred to areas
and provided by Eurostat. Those weights are not yet provided to the public along with the
LUCAS micro-data, and not considering these sample weights would introduce a bias in
the estimation.

Combining LUCAS data with LCLU maps, such as the HRL IMD for area estima-
tion could be considered to improve area estimation. The redefined LUCAS sampling
design, using a ‘dynamic stratification’ process that combines different parameters with
the main land cover class from the stratification [31] makes it difficult to apply standard
design-based estimators. Conventional stratified estimators as described in [17] cannot
be applied because the LUCAS strata are different than the HRL IMD classes. The rows
of the population error matrix do not correspond to the strata used to select the sample.
Estimators for situations where the stratification of the reference data is different than
the map classes are described in [13], but further investigation is required to adequately
consider the LUCAS sampling design for unbiased variance estimation.

Another limitation is the spatial comparability of the core LCLU information from
LUCAS with EO-based LCLU data. The LUCAS point is defined with a radius of 1.5 m
around the point coordinate, and the LCLU observation takes place within this radius.
For heterogeneous land cover such as grassland, woodland, wetland, and bare areas,
the observation radius is further extended to a 20 m radius around the point (so-called
extended window of observation), but only within the same land cover plot where the
LUCAS point is located, the so-called “homogeneous plot”. Therefore, the observation unit
is not fixed and might not extend to the full 20 m when the point is located close to a land
cover border. The spatial resolution of EO-based LCLU maps depends on the resolution of
the sensor applied. The HRL IMD is, to a large extent, based on Sentinel-2 with a spatial
resolution of 10–20 m (depending on the spectral wavelength used). This limits the spatial
comparability of the LUCAS core parameters with the HRL IMD pixels [39] and might lead
to a bias when using both data in area estimation. The Copernicus HRL products use the
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same spatial grid across European as the LUCAS sampling frame, and the LUCAS point
is located at the intersection of four HRL product pixels. Therefore, the standard LUCAS
observation window (1.5 m radius) relates to four intersecting HRL pixels, not considering
any positional inaccuracies of the HRL or the LUCAS observation. Weights (e.g., 0.25, 0.5,
0.75) may be applied when a LUCAS point intersects with different HRL pixel classes.

Other LUCAS survey components have great potential to overcome the current lim-
itations. The Inspire pure land cover components record the proportion of land cover
classes in a 20 m radius around the point using a ‘birds eye view’. It was introduced in
2015 and 2018 only for specific land cover classes, and the observation area is limited to the
homogeneous plot [34,35]. These limitations are currently addressed in the ongoing 2022
survey. Information on whether the land cover at the point fully covers the 20 m radius or
not will be recorded, and the Inspire pure land cover component will be observed at all
LUCAS points [18]. The Copernicus Module, first introduced in LUCAS in a pilot stage in
2018, will be extended to 150,000 sample points in the 2022 LUCAS campaign. Provided
that the sampling weights of the modules will be available, it could be integrated in future
design-based estimation approaches. The imperviousness parameter, also introduced into
LUCAS in 2018, applied a different definition than the HRL IMD and recorded information
on non-vegetated areas, which may or may not be impervious. It has been renamed in the
LUCAS 2022 campaign to “unvegetated area” for better understanding.

The sampling design of the EEA validation data targets thematic map accuracy of
the HRL on European level for bio-geographic regions and for large countries or group of
countries. Smaller countries, or NUTS2 level, were not considered in the sampling design.
The validation data are not publicly available and were provided by the EEA only for this
assessment. An direct assessment of the full 20 m or 10 m resolution HRL product was not
possible with the existing data. Using a sub-sample of points to estimate the proportion
of impervious area in the sample segments is a practical approach, for which implications
for comparability are discussed in [46]. Further information on the spatial variation in the
product quality, such as the “area of applicability” as proposed by [45], could improve the
use of these products for area estimation.

The regression estimator provides precise area estimates and served to further reduce
the CV compared to the stratified estimator. This is in particular caused by the high
correlation of the IMD values the HRL map and the reference data in the impervious strata.

Estimates based on a reference sample are an extrapolation of accurate observations
towards an entire population. The assumption of these approaches is that the reference data
provide the “true” and correct information on land cover. Efforts to improve the sampling
design and reduce the uncertainty of the estimates are meaningless if errors in the reference
data prevail and create non-sampling errors higher than the targeted CV. As shown, there
are a number of possible sources of systematic errors related to the reference data or caused
by not considering the required comparability between Earth Observation and reference
data. These errors are in addition to errors due to wrong classification of the reference data.
Errors in the reference data are multiplied towards the entire outcomes, which is why error
tracing (sampling/non-sampling errors) and its quantification require crucial attention.

6. Conclusions

Prerequisites for unbiased area estimation are the availability of reference data with
adequate probability sampling and sound response design ensuring a match between
Earth Observation based maps and reference data. The Copernicus High Resolution
Layer products, such as the HRL IMD, could be used for unbiased area estimation, once
combined with previously unpublished validation data from the EEA. Compared to a naive
estimation approach (pixel counting) using only the Copernicus maps, regression, and
stratified estimator methods provided comparable results with specified error rates and in
close range to extrapolated LUCAS reference data.

Different sampling designs hinder the direct use of LUCAS data in combination with
HRL maps for area estimation using existing standard methods, such as stratified and
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regression estimators. There is already a strong thematic and temporal match between the
Copernicus HRL IMD and the LUCAS program. Adaptations to some LUCAS parameters
and modules in the 2022 survey will enable a better uptake of the LUCAS reference data
in combination with Copernicus products for area estimation. Using the sample weights
provided by Eurostat allowed the calculation of area estimates based on LUCAS alone,
important for comparative analysis.

Unbiased area estimation methods combining a map with adequate reference data
should be used to generate area statistics. Carefully planned resources for reference data
collection and a proper setup of the sampling design will enable good area estimation
results within defined uncertainty (range of error) ranges. This study demonstrated that
unbiased area estimates are possible using existing pan-European LUCAS and Copernicus
HRL maps if:

• Reference data used for the HRL validation are published together with the products;
• The LUCAS sample weights, along with the required information of the sampling

design and the stratification applied, are provided for the LUCAS core and Earth-
Observation-related modules;

• HRL products are considered for stratification of the LUCAS master frame, and
the LUCAS data are used for validation of the HRL products, provided that the
methodological continuity of HRL is ensured.

Future applications and research would benefit if:

• Further information on the area of applicability of the underlying classification models
is provided to improve the spatial assessment of over- and underestimation,

• HRL products are considered for stratification of the LUCAS master frame and the
LUCAS data aew used for validation of the HRL products, provided that the method-
ological continuity of HRL is ensured;

• The compatibility of the LUCAS survey components with Copernicus HRL products
is ensured and improved, which is already the case in the LUCAS 2022 campaign [18].
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