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Featured Application: This research underscores the feasibility of utilizing the Coper-
nicus LUCAS 2018 database, including in its original form, to classify basic land cover
and land use types across Europe, with overall accuracy ca. 80%. The precise use of
classification accuracy metrics enables reliable accuracy analyses across various ML
models. The “overall accuracy OA” metric should be reported instead of, or alongside,
“average accuracy ACC” to ensure clarity and comparability.

Abstract: Classification of remote sensing images using machine learning models requires
a large amount of training data. Collecting this data is both labor-intensive and time-
consuming. In this study, the effectiveness of using pre-existing reference data on land
cover gathered as part of the Land Use–Land Cover Area Frame Survey (LUCAS) database
of the Copernicus program was analyzed. The classification was carried out in Google
Earth Engine (GEE) using Sentinel-2 images that were specially prepared to account for
the phenological development of plants. Classification was performed using SVM, RF, and
CART algorithms in GEE, with an in-depth accuracy analysis conducted using a custom
tool. Attention was given to the reliability of different accuracy metrics, with a particular
focus on the widely used machine learning (ML) metric of “accuracy”, which should not
be compared with the commonly used remote sensing metric of “overall accuracy”, due
to the potential for significant artificial inflation of accuracy. The accuracy of LUCAS
2018 at Level-1 detail was estimated at 86%. Using the updated LUCAS dataset, the
best classification result was achieved with the RF method, with an accuracy of 83%. An
accuracy overestimation of approximately 10% was observed when reporting the average
accuracy ACC metric used in ML instead of the overall accuracy OA metric.

Keywords: LUCAS; Google Earth Engine; Sentinel-2

1. Introduction
Europe’s Land Use–Land Cover Area Frame Survey (LUCAS) [1] is a field survey con-

ducted every three years, covering the entire European Union and providing standardized
data on land use, land cover, agro-environmental topics, and soil. The data for LUCAS are
collected by field surveyors at sample points arranged in a 2 km grid, with only a subset
of points surveyed each year [2–4]. The collected information supports the production
and validation of Copernicus program products, including land use classification and data
quality control. Initiated by EUROSTAT, LUCAS is co-funded by the European Commission
and updated in collaboration with EU member states. In light of increasing satellite data
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volumes, the challenge lies in the need for more frequent updates to effectively support the
Copernicus program.

In 2022–2023, the European Environment Agency (EEA) achieved significant mile-
stones in managing in situ data [5], key for supporting Copernicus Services, ESA, and
EUMETSAT. A major accomplishment was launching the Copernicus In Situ Information
System (CIS2), which tracks data needs and sources, complemented by new Country Re-
ports emphasizing each nation’s contributions to Copernicus. The EEA also reviewed
challenges in geospatial data access, such as harmonizing land data, and began utilizing
crowdsourced and citizen science data for future applications [6]. Looking ahead, 2023–2024
plans include updating the State of Play Report, enhancing CORDA’s functionalities for
data access, and expanding collaborations with data providers, including EuroGeographics.

A query in the Scopus database using TITLE-ABS-KEY (LUCAS 2018) and limiting
the subject areas to “AGRI”, “ENVI”, “EART”, and “BIOC” yielded 77 publications. When
limited to the years 2024–2025, this number was reduced to 15 documents ([7–21] after
the exclusion of one incorrect answer). Among these, only two publications focused on
LULC analysis [7,8], while nine documents pertained to soil studies [9–17] and four to crop
recognition [18–22].

Particular attention should be given to one publication [7], which presents LULC clas-
sification results using machine learning techniques and the Sen4Map reference database
in the context of LUCAS 2018. The authors classified Sentinel-2 imagery from 2018 and
compared the results with LUCAS 2018 data, achieving a maximum accuracy of 0.93 with
the Video Vision Transformer method and 0.89 using the Random Forest (RF) method.

Another noteworthy publication from 2024 describes a semi-supervised approach
for mapping European forest types using Sentinel-1 and Sentinel-2 data, with training
and validation supported by the LUCAS Copernicus 2018 and 2022 datasets [22]. The
2022 forest type map distinguishes broadleaved, coniferous, and mixed forests at a 10 m
resolution, achieving 93% accuracy.

Additionally, two earlier publications deserve mention [23,24]. In one study [23],
LUCAS in situ reference data were utilized to classify high-resolution Sentinel-2 imagery
on a large scale. Several pre-processing schemes (PSs) were tested, involving positioning
and semantic selection approaches to enhance automated classification at the national
level. The impact of these schemes on a Random Forest classifier was evaluated in an
iterative training process. Results showed that positional corrections of LUCAS points
significantly improved overall classification accuracy, with all PSs achieving accuracies
above 80%, with an average of 93.1%. This demonstrates that LUCAS data represent a
robust reference source for large-scale, high-resolution land cover mapping using Sentinel-2
imagery. Another frequently cited publication [24] explored the integration of LUCAS
land survey data with Landsat-8 imagery to map 12 land cover and land use classes across
Europe. The study leveraged spectral–temporal metrics to capture seasonal variations and
mitigate cloud interference. The resulting pan-European land cover map achieved 75.1%
accuracy, outperforming the CORINE dataset and showcasing the potential of combining
large-scale survey datasets with advanced remote sensing techniques.

In the literature review on the use of the LUCAS database for LULC classification,
two research scales can be distinguished: national-scale classification [25–29] and Pan-
European mapping [22,24,30–32]. In all reviewed studies, classifications were performed
using remote sensing imagery corresponding to the temporal coverage of the LUCAS
database. Furthermore, all of the above-mentioned papers provide sufficient information
regarding the accuracy assessment of classification results. However, not all publications
include adequate details on this topic. This issue is discussed in greater depth in the
discussion section.
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Through our literature review, we identified two key gaps in the field:

• A lack of studies exploring the broader potential of in situ measurement data collected
in the LUCAS database, particularly archival datasets, for land use classification.

• A critical gap in understanding how different accuracy metrics (e.g., “accuracy” in
machine learning versus “overall accuracy” in remote sensing) may lead to misinter-
pretation when evaluating methods discussed in the literature.

This article fills these gaps by demonstrating the practical use of archival LUCAS 2018
data for LULC classification in 2023 [1–32]. It also provides a thorough examination and
practical application of accuracy metrics commonly used in ML and remote sensing, illus-
trating how these metrics can lead to misinterpretations in comparative analyses. Section 2
provides an overview of the study area as well as the data utilized and their processing and
analysis. The study area is located in Poland near the large urban agglomeration of Kraków
and covers approximately 5000 square kilometers. The available LUCAS database for the
analyzed area was reviewed. The workflow of the analyses is presented schematically,
along with a detailed methodology for preparing the LUCAS database for further analysis
and the preprocessing and classification of Sentinel-2 remote sensing data [33–36]. Various
accuracy metrics are discussed in detail [37–40]. Section 3 presents the outcomes of the
analyses conducted according to the described methodology. In Section 4, the findings of
our research are compared and contextualized with the existing literature [41–47]. Finally,
the Conclusions section summarizes the key insights derived from our study.

2. Materials and Methods
The study focuses on land use and land cover (LULC) classification in a test site near

Krakow, Poland, a region characterized by its heterogeneous landscape of agricultural
fields, grasslands, woodlands, and urban zones. This diversity makes the area an ideal
location for testing classification methods capable of distinguishing complex LULC types.
Furthermore, the region exemplifies transitions typical of Central Europe, such as urban ex-
pansion, shifts between agricultural and grassland zones, and the persistence of mixed-use
landscapes. Investigating these dynamics provides insights relevant to broader geographic
and environmental studies. The LUCAS database was selected as the reference dataset due
to its unique in situ measurements as derived from a highly dense sampling network across
Europe. The primary source of remote sensing data was Sentinel-2, currently the most
spatially detailed free satellite imagery available. The cloud-based platform Google Earth
Engine (GEE) was employed for this research, serving both as a repository for the Sentinel-2
dataset and as a tool for classification and basic accuracy analyses. Machine learning
algorithms available within GEE were utilized for image classification: Random Forest
(RF), Support Vector Machine (SVM), and Classification and Regression Trees (CART). The
choice of these algorithms was driven by their complementary strengths in addressing the
complexities of land use and land cover (LULC) classification. Each algorithm offers unique
advantages tailored to specific challenges of the dataset and classification objectives.

• Random Forest (RF): RF is a powerful ensemble learning algorithm capable of handling
large, high-dimensional datasets. Its ability to aggregate multiple decision trees helps
mitigate overfitting and improves classification accuracy, particularly in complex and
heterogeneous environments.

• Support Vector Machine (SVM): SVM is well suited for datasets with non-linear deci-
sion boundaries, a common characteristic in LULC classification due to the overlapping
spectral signatures of various land cover types. The radial basis function (RBF) kernel
enables SVM to model intricate relationships effectively, making it especially useful
for distinguishing subtle differences between classes such as urban areas and arable
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land. Furthermore, SVM’s efficiency with relatively small training datasets adds to
its suitability.

• Classification and Regression Trees (CART): While simpler than RF and SVM, CART
offers an interpretable baseline model. Its clear decision tree structure provides insights
into the classification process, making it valuable for understanding the influence of
specific features on class differentiation.

By leveraging these algorithms within GEE, the study aims to establish an optimal
methodology for LULC classification in Central European landscapes, while creating a
replicable workflow applicable to other regions with diverse and complex environments.

Due to the lack of advanced accuracy metric computation functionality in GEE and
other available tools, a detailed accuracy analysis was conducted using custom Python 3.10
scripts. These scripts enabled the calculation of comprehensive metrics commonly used in
both remote sensing and machine learning to evaluate classification performance.

2.1. Test Area

The test site for this study is located near Krakow, Poland, encompassing approxi-
mately 50 × 100 km. This area was selected for its highly heterogeneous landscape, which
includes agricultural fields, grasslands, woodlands, and urban zones. These features reflect
the diverse land use and land cover (LULC) patterns characteristic of Central Europe.

The LUCAS (Land Use/Cover Area frame Survey) dataset provides detailed field-
collected information on land use and land cover across Europe, making it valuable for
remote sensing and land classification studies. Key attributes in LUCAS include land
cover type, land use type, and additional descriptors like soil, vegetation, and crop type
specifics. The survey categorizes land cover into broad classes such as cropland, woodland,
grassland, shrubland, and artificial surfaces, with detailed subclasses for more precise
analysis. Updated periodically, LUCAS serves as ground-truth data for validating satellite-
based classifications and tracking land cover changes across Europe.

LUCAS 2018 and LUCAS 2022 data are available and can be downloaded from the
internet (https://figshare.com/articles/dataset/LUCAS_2018_Copernicus/12382667, ac-
cessed on 25 December 2024) as vector files. The 2018 versions were chosen for the study
due to the greater diversity of land cover/use forms (Table 1).

Table 1. LUCAS data.

Title 1 PL ROI

LUCAS 2018 23,087 438 more balanced classes
LUCAS 2022 10,576 304 mainly crops in detail

The LUCAS 2018 database was used as reference data, which was initially prepared
by selecting the following classes: Artificial land, Arable land, Woodland and Shrubland,
Grassland, and Water (Table 2).

Table 2. LUCAS classes selected for analysis.

Level-1 Classes LUCAS Code Code in Our
Research

Color on the
Maps

100 Artificial land A 3 red
200 Arable land B 4 yellow

300 Woodland and
Shrubland C 1 dark green

500 Grassland E 6 light green
700 Water G 8 blue

https://figshare.com/articles/dataset/LUCAS_2018_Copernicus/12382667
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Figure 1 displays the location of the test site, situated in southern Poland near the
major urban area of Krakow (Region of Interest, ROI). The entire area of Poland is densely
covered, with 23,097 in situ measurement points marked in pink on the map. Within the
ROI, there are 438 measurement points, highlighted in various colors. Figure 2 provides a
zoomed-in view of the ROI.
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2.2. Workflow

The schematic outline of the conducted research is shown in Figure 3. In the first stage,
data were extracted from the LUCAS 2018 database, and samples with specific codes were
selected and validated using up-to-date orthophotos from 2023. The data were then divided
into training (80%) and testing (20%) sets. In the next step, Sentinel-2 satellite data from
2023 were prepared, and classification was performed using three methods: Random Forest
(RF), Support Vector Machine (SVM), and CART. Finally, an accuracy analysis of the results
was conducted. The classification was performed in GEE, which meant that any registration
period for the collection could be specified. In our study, we conducted classifications for
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the data from both 2023 and 2018. The code is publicly available, including the LUCAS
2018 data, so anyone can perform classification for any time period.
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2.3. Preparation of the LUCAS Database

In the LUCAS 2018 database, which covers all of Poland, a total of 23,087 points were
surveyed to capture data on land cover, land use, and related environmental features.
For this specific research study, a subset of 438 points was initially selected within the
designated study area. To ensure the accuracy and relevance of these points for the current
analysis, each point underwent a visual validation process using recent high-resolution
orthophoto imagery available from Google Maps.

The validation process for the LUCAS 2018 database involved a careful visual verifica-
tion of Land Use and Land Cover (LULC) types to ensure accuracy in QGIS. Each data point
was cross-checked with high-resolution satellite imagery to confirm its LULC classification.
When discrepancies were identified between the database entries and the observed land
cover in the imagery, the correct LULC code was assigned to replace the inaccurate entry.
This manual adjustment aimed to improve the reliability of the data for further analysis and
classification tasks. Examples of corrected classifications are provided in the accompanying
Figure 4, illustrating common types of discrepancies and the validation approach used to
rectify them. This visual verification step was essential to ensure that the LUCAS database
reflected current land cover accurately, thereby enhancing its utility as a reference dataset
in remote sensing and land cover studies.

During this verification, 63 points were identified as potentially inaccurate or in-
consistent with the present land cover. These points were subsequently excluded from
the dataset, resulting in a refined set of 375 points. This removal represents approxi-
mately 15% of the original sample points in the study area, underscoring the importance
of careful validation when using large, multi-year databases like LUCAS. Finally, the
LUCAS 2018 point dataset, after validation, was divided into two subsets: a training set
(80%, 298 points) and a testing set (20%, 77 points). Both subsets were imported into
Google Earth Engine as shapefiles (https://code.earthengine.google.com/?asset=projects/
urban-atlas-benchmark/assets/lucas_ver_train_80_validation_after, accessed on 25 Decem-
ber 2024, https://code.earthengine.google.com/?asset=projects/urban-atlas-benchmark/
assets/lucas_ver_train_20_validation_after, accessed on 25 December 2024).

https://code.earthengine.google.com/?asset=projects/urban-atlas-benchmark/assets/lucas_ver_train_80_validation_after
https://code.earthengine.google.com/?asset=projects/urban-atlas-benchmark/assets/lucas_ver_train_80_validation_after
https://code.earthengine.google.com/?asset=projects/urban-atlas-benchmark/assets/lucas_ver_train_20_validation_after
https://code.earthengine.google.com/?asset=projects/urban-atlas-benchmark/assets/lucas_ver_train_20_validation_after
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2.4. Remote Sensing Data Processing

The research employed Sentinel-2 satellite images, accessed from the Google Earth
Engine (GEE) collection ee.ImageCollection (“COPERNICUS/S2_SR_HARMONIZED”),
provided by the European Union, ESA, and the Copernicus program. To ensure high-
quality imagery suitable for land cover analysis, a cloud and shadow masking approach
was applied. Specifically, only pixels with a cloudiness or shadow probability of 10%
or lower were retained, effectively filtering out much of the interference from clouds
or cloud shadows that can hinder accurate land cover classification. Additionally, only
scenes with a total cloud cover not exceeding 30% were selected from the designated
observation period. This selection criterion helped maximize the clarity and usability of the
data for accurate mapping and classification. Following this pre-processing, the selected
images were grouped into three distinct seasonal composites, representing spring, summer,
and autumn phenological phases of vegetation growth [33]. These seasonal composites
were then combined into a multi-layered image stack, enabling more comprehensive data
analysis across different periods within the growing season (Figure 3). A Sentinel-2 image
for a single season consists of 12 bands: B1, B2, B3, etc. (excluding the B10—Cirrus band).
Three seasons were analyzed: spring, summer, and autumn, resulting in a total of 36 bands
in the stack (3 × 12).

The classification was performed in Google Earth Engine using the imported training
dataset and the Sentinel-2 stack for 2023. The code is publicly accessible, allowing anyone
to perform classification for any time period (https://code.earthengine.google.com/526e3
bb5ff3da58af2a06ff5e9725b32, accessed on 25 December 2024).

The built-in classifiers available in GEE, Random Forest (RF), Support Vector Machine
(SVM), and CART, were applied with default settings. The Random Forest (RF) algo-
rithm [34], based on random decision trees, provides high accuracy for large datasets. The
following parameters were adapted for the classification: number of trees = 10; maximum
number of variables used for splitting = (12)0.5, approximately 3 or 4. The Support Vector
Machine (SVM) classifier [35], based on a decision boundary function, performs well with

https://code.earthengine.google.com/526e3bb5ff3da58af2a06ff5e9725b32
https://code.earthengine.google.com/526e3bb5ff3da58af2a06ff5e9725b32
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complex data. The classification used the following parameters: kernel type = radial basis
function (RBF); error tolerance = 0.001. The CART (Classification and Regression Trees)
algorithm [36] employs a single decision tree. In our study, the maximum tree depth was
not limited, and the minimum number of data points in a leaf node was set to 1. The
matching of model parameters and their validation were performed on the training set.
The final accuracy evaluation was performed on a test set that the models had never seen.
We utilized the confusion matrix, generated in GEE from the test dataset and exported as a
text file, to compute all accuracy metrics using a Python script.

2.5. Accuracy Metrics

Classification accuracy metrics have been a focus of research for many years [37–40],
always based on confusion matrix (Tables 3 and 4). Nevertheless, remote sensing experts
consistently utilize specific metrics, such as those listed in Table 5 (Overall Accuracy
(OA), Producer Accuracy (PA), User Accuracy (UA)) [38]. With the increasing adoption
of machine learning algorithms, many publications now report metrics that may be more
familiar to machine learning practitioners, who may lack expertise in remote sensing.

Table 3. Binary confusion/error matrix.

Predicted Class

True Class
True positive (TP) False negative (FN)
False positive (FP) True negative (TN)

OA = ACC = (TP + TN)/(FP + FN).

Table 4. Many-class confusion/error matrix.

Predicted Class

True Class
A B C

a11 a12 a13
a21 a22 a23
a31 a32 a33

OA = (a11 + a22 + a33)/(a11 + a12 + a13 + a21 + a22 + a23 + a31 + a32 + a33); ACC = (a11 + a22 + a23 + a32 +
a33)/(a11 + a12 + a13 + a21 + a22 + a23 + a31 + a32 + a33).

Table 5. Accuracy metrics used in remote sensing.

Metrics Formula

OA (overall_accuracy) sum (TP)/(TP + TN + FP + FN)
PA (producer_accuracy) TP/(TP + FN)

UA (user_accuracy) TP/(TP + FP)
OME (omission errors) FN/(TP + FN)

CME (errors_of_commision) FP/(TP + FP)

In the medical field, image processing commonly leads to classification metrics that
assess whether a patient has a particular disease. This represents a classic binary classifica-
tion scenario: a positive test result indicates a sick patient (True Positive, TP), a positive
test result indicates a healthy patient (False Positive, FP), a negative test result indicates a
healthy patient (True Negative, TN), and a negative test result indicates a sick patient (False
Negative, FN). Common evaluation metrics for such tests include accuracy, sensitivity, and
specificity. In medical testing, accuracy and sensitivity metrics are critical, especially con-
cerning TN cases. However, this emphasis differs in remote sensing, where TN instances
are not as significant.

This distinction can be illustrated with an example. Table 3 presents a confusion matrix
typical of the binary classification found in medical tests, where OA equals ACC. However,
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in Table 4, which contains only three classes, the scenario changes. Here, ACC is notably
greater than OA due to a substantial presence of TN (olive color), TP (red), FP (orange),
and FN (red).

Table 5 lists the metrics used in remote sensing, Table 6 presents metrics relevant to
machine learning. It is important to note that while the names of these metrics may vary,
their underlying concepts remain the same. For instance, Sensitivity, also referred to as the
True Positive Rate (TPR), is equivalent to PA (Producer Accuracy), and Precision or Positive
Predictive Value (PPV) is synonymous with UA (User Accuracy), as summarized in Table 7.

Table 6. Accuracy metrics used in machine learning.

Metrics Formula

ACC (accuracy) (TP + TN)/(TP + TN + FP + FN)
PPV (precision or positive predictive value) TP/(TP + FP)

TPR (sensitivity, recall, hit rate, or true positive rate) TP/(TP + FN) = 1 − FNR
TNR (specificity, selectivity, or true negative rate) TN/(TN + FP) = 1 − FPR

NPV (negative predictive value) TN/(TN + FN) = 1 − FOR
FNR (miss rate or false negative rate) FN/(FN + TP) = 1 − TPR

FPR (fall-out or false positive rate) FP/(FP + TN) = 1 − TNR
FDR (false discovery rate) FP/(FP + TP) = 1 − PPV
FOR (false omission rate) FN/(FN + TN) = 1 − NPV

S/CSI (Threat score (TS) or critical success index (CSI)) TP/(TP + FN + FP)

MCC (Matthews correlation coefficient) (TP ∗ TN − FP ∗ FN)/[(TP + FP) ∗ (TP + FN) ∗ (TN +
FP) ∗ (TN + FN)]0.5

Table 7. Common accuracy metrics used in remote sensing and machine learning.

Metrics

OA (overall_accuracy) NOT ACC
PA (producer_accuracy) = sensitivity, recall/true positive rate (TPR)

UA (user_accuracy) = precision/positive predictive value (PPV)
OME = FNR (miss rate or false negative rate)

CME = FDR (false discovery rate)

2.6. Relative Feature Importance

Relative feature importance measures the contribution of each feature to the per-
formance of a machine learning model. It highlights which variables have the greatest
impact on the model’s predictions, allowing for better understanding and interpretation
of the results. In land use and land cover (LULC) classification, feature importance can
reveal which spectral bands, indices, or temporal characteristics are most influential in
distinguishing between different classes. This insight helps refine models, optimize data
inputs, and prioritize variables for future analyses. In our study, the analysis of relative
feature importance focused on the spectral bands of Sentinel-2 across three seasons: spring,
summer, and autumn. A total of 36 features were analyzed, corresponding to the 12 spectral
bands for each season: B1_spring through B12_spring, B1_summer through B12_summer,
and B1_autumn through B12_autumn. This approach allowed us to assess the seasonal
contributions of individual bands to the classification process and understand their relative
significance in distinguishing land use and land cover types.

3. Results
In this chapter, the results of the conducted research are presented. The first part dis-

cusses the results of the validation of the LUCAS 2018 data based on the current orthophoto
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map. The second part presents and compares the results of classification using the algo-
rithms RF, SVM, and CART. The final subsection contains an analysis of the relative feature
importance of the classified Sentinel-2 stack, which includes three seasonal Sentinel-2 sets
(36 features/bands).

3.1. LUCAS 2018 Validation

To evaluate the discrepancies in land use and land cover types between 2018 and
2023, the previously mentioned metrics can be employed. According to the discrepancy
matrix (Table 8), the overall accuracy (OA) is reported as 0.8562, while the average accuracy
(ACC) is approximately 10% higher, at 0.9425 (Table 9). Currently, analyzing the LUCAS
2018 database makes it challenging to ascertain whether these discrepancies are genuinely
attributable to changes in land use and land cover or if the database already contained
inaccuracies in 2018. Although it would theoretically be possible to analyze archival
orthophotos from that period, such analyses were not conducted as part of this research
due to the lack of available orthophotos. Ultimately, any data that did not correspond to the
current land use, according to the LUCAS 2018 database, were excluded. As a result, the
classifications were carried out using all data from the LUCAS 2018 database, as well as the
revised database, which was filtered to remove questionable points. The highest accuracy,
equal to or above 90%, was observed for the classes: Water, Grassland, and Arable land.
The accuracy for the other two classes, Artificial land as well as Woodland and Shrubland,
was around 78%.

Table 8. Matrix of discrepancies between 2018 and 2023.

Predicted/True 1 3 5 6 8

1 91 5 10 12 0
3 0 30 4 4 0
4 0 1 176 16 0
6 2 4 5 73 0
8 0 0 0 0 5

Table 9. Accuracy metrics: OA= 0.8562, ACC average = 0.9425.

Code ACC PA UA OME CME

1 0.9338 0.7712 0.9785 0.2288 0.0215
3 0.9589 0.7895 0.75 0.2105 0.25
4 0.9178 0.9119 0.9026 0.0881 0.0974
6 0.9018 0.869 0.6952 0.131 0.3048
8 1 1 1 0 0

3.2. Evaluation of Classification Methods and Accuracy Metrics for Land Cover Mapping Using
the LUCAS Database

Figure 5 illustrates the classification results for the Kraków ROI obtained from the RF,
SVM, and CART algorithms. Based on a visual assessment of the maps, the RF algorithm
provided the most accurate classification, achieving an OA of 0.8309 (compare Table 10
for 2019 with Table 11 for 2023). The SVM algorithm exhibited notable weaknesses in the
classification of built-up areas, while the CART algorithm faced challenges with water body
classification. In the figures, unclassified pixels are displayed in white, and LUCAS 2018
points are marked as black dots. Visual comparisons of the classification results with the
accuracy metrics in Table 11 show that both RF and SVM yielded the highest accuracy (OA
= 0.8309). In contrast, the CART algorithm achieved an OA of 0.7347.



Appl. Sci. 2025, 15, 240 11 of 20

Appl. Sci. 2025, 15, x FOR PEER REVIEW11 of 21 
 

Table 9. Accuracy metrics: OA= 0.8562, ACC average = 0.9425. 

Code ACC PA UA OME CME 
1 0.9338 0.7712 0.9785 0.2288 0.0215 
3 0.9589 0.7895 0.75 0.2105 0.25 
4 0.9178 0.9119 0.9026 0.0881 0.0974 
6 0.9018 0.869 0.6952 0.131 0.3048 
8 1 1 1 0 0 

3.2. Evaluation of Classification Methods and Accuracy Metrics for Land Cover Mapping Using 
the LUCAS Database 

Figure 5 illustrates the classification results for the Kraków ROI obtained from the 
RF, SVM, and CART algorithms. Based on a visual assessment of the maps, the RF algo-
rithm provided the most accurate classification, achieving an OA of 0.8309 (compare Table 
10 for 2019 with Table 11 for 2023). The SVM algorithm exhibited notable weaknesses in 
the classification of built-up areas, while the CART algorithm faced challenges with water 
body classification. In the figures, unclassified pixels are displayed in white, and LUCAS 
2018 points are marked as black dots. Visual comparisons of the classification results with 
the accuracy metrics in Table 11 show that both RF and SVM yielded the highest accuracy 
(OA = 0.8309). In contrast, the CART algorithm achieved an OA of 0.7347. 

Figures 6 and 7 highlight specific misclassification patterns, particularly for the Water 
class (Class 8). In the SVM results, significant overestimation of built-up areas as water 
bodies is evident. This issue is even more pronounced in CART classifications, where most 
water-covered areas are incorrectly identified as Woodland and Shrubland (Class 1). 
Zoomed-in sections (Figures 8 and 9) provide detailed views of these misclassifications 
for RF and SVM, respectively. 

 

Figure 5. Results of RF classification for 2023: unclassified areas are shown in white (code 0), while 
LUCAS 2018 data points are represented as black dots. 
Figure 5. Results of RF classification for 2023: unclassified areas are shown in white (code 0), while
LUCAS 2018 data points are represented as black dots.

Table 10. Classification accuracy metric (OA) for the 2019 Sentinale-2 collection.

2019 CART RF SVM

LUCAS 2018 0.6615 0.7891 0.7708
LUCAS 2018

validated 0.7085 0.8630 0.8338

Table 11. Classification accuracy metric (OA) for the 2023 Sentinale-2 collection.

2023 CART RF SVM

LUCAS 2018 0.6979 0.7838 0.7760
LUCAS 2018 validated 0.7347 0.8309 0.8309

Figures 6 and 7 highlight specific misclassification patterns, particularly for the Water
class (Class 8). In the SVM results, significant overestimation of built-up areas as water
bodies is evident. This issue is even more pronounced in CART classifications, where
most water-covered areas are incorrectly identified as Woodland and Shrubland (Class 1).
Zoomed-in sections (Figures 8 and 9) provide detailed views of these misclassifications for
RF and SVM, respectively.

Tables 11 and 12 summarize the classification accuracy metrics for 2019 and 2023,
comparing results derived from the original LUCAS 2018 database with those from the
modified, validated database. The highest accuracy (OA = 0.8630) was achieved in 2019
using the RF algorithm on the validated database. In 2023, the accuracy slightly decreased
to 0.8309 for both RF and SVM algorithms. The original database consistently yielded
lower accuracy, with discrepancies of 5% to 7%, highlighting potential errors in the LUCAS
2018 dataset.

Table 12. Confusion matrix RF 2023 on LUCAS 2018 validated data.

Predicted/True 1 3 5 6 8

1 73 0 4 5 2
3 1 26 1 3 0
4 4 0 150 8 0
6 4 7 17 34 0
8 2 0 0 0 2
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Interestingly, the average accuracy (ACC) metric, at 0.9324, appeared inflated com-
pared to OA. This discrepancy emphasizes the need to carefully interpret accuracy metrics
in the context of classification performance.

From the results summarized in Tables 12–16, the following insights can be drawn:

• The average accuracy (ACC) is significantly higher than the Overall Accuracy (OA)
(0.93 vs. 0.83, respectively).

• For each class, ML accuracy metrics (ACC, NPV, TNR) are consistently high, averaging
around 0.90 or above.

• ML error metrics are low, typically below 0.10, and much smaller than remote sensing
metrics such as OME and CME.

• The corresponding metrics from remote sensing and ML approaches are closely aligned.

Table 13. Binary confusion matrix RF 2023 on LUCAS 2018 validated data (notice TN).

Code 1 3 5 6 8

TP 73 26 150 34 2
TN 248 305 159 265 337
FP 11 7 22 16 2
FN 11 5 12 28 2

Table 14. RF 2023 accuracy metrics: OA= 0.8309, ACC average = 0.9324 (compare PA and UA with
tpr and ppv in Table 16; OME and CME with FNR and FDR in Table 15).

Code ACC PA UA OME CME

1 0.9359 0.8690 0.869 0.131 0.131
3 0.9650 0.8387 0.7879 0.1613 0.2121
4 0.9009 0.9259 0.8721 0.0741 0.1279
6 0.8717 0.5484 0.6800 0.4516 0.3200
8 0.9883 0.5000 0.5000 0.5000 0.5000
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Table 15. RF 2023 ML accuracy metrics (notice “error” metrics foRate and fpr and compare with OME
and CME Table 14).

Code fdr fnr foRate fpr mcc

1 0.1310 0.1310 0.0425 0.0425 0.8266
3 0.2121 0.1613 0.0161 0.0224 0.7937
4 0.1279 0.0741 0.0702 0.1215 0.8031
6 0.3200 0.4516 0.0956 0.0569 0.5359
8 0.5000 0.5000 0.0059 0.0059 0.4941

Table 16. RF 2023 ML accuracy metrics.

Code npv ppv tnr tpr ts

1 0.9575 0.8690 0.9575 0.8690 0.7684
3 0.9839 0.7879 0.9776 0.8387 0.6842
4 0.9298 0.8721 0.8785 0.9259 0.8152
6 0.9044 0.6800 0.9431 0.5484 0.4359
8 0.9941 0.5000 0.9941 0.5000 0.3333

The analysis demonstrates that the RF algorithm performs the best in classifying
the Kraków ROI, with the highest overall accuracy achieved using a validated LUCAS
database. The findings underscore the importance of database quality, as inaccuracies in
the original LUCAS dataset led to lower classification performance. Despite high average
accuracy metrics, the observed discrepancies with OA highlight the need for a nuanced
evaluation of classification methods, particularly when assessing specific classes like Water.
These results contribute to refining classification methodologies and improving land cover
mapping reliability.

3.3. Feature Importance

In the analysis of feature importance presented in the Figure 10, we focus on a collec-
tion of Sentinel-2 images captured during three distinct vegetation periods: spring, summer,
and autumn. This dataset comprises multiple sets of images, each containing 12 spectral
channels, with the exception of channel 10, which corresponds to the Cirrus band, known
for its limited utility in vegetation analysis.

Out of the total of 36 individual images in the entire collection, a significant finding
is that 14 of these images account for 50% of the overall information captured. This
statistic highlights the effectiveness of using a selective subset of images for analysis,
indicating that not all images contribute equally to understanding the vegetation dynamics
over the seasons. Notably, the distribution of these key images reveals a dominance of
autumn and spring data, with seven images from autumn and five from spring being
particularly informative. In contrast, only two images from the summer season were
identified as important, suggesting that the spectral characteristics of vegetation may be
more pronounced or more easily discernible in the spring and autumn periods.

Moreover, the analysis indicates a prevalence of infrared channels over visible channels
in this dataset. Specifically, there are a total of nine infrared channels compared to just five
visible channels. This trend suggests that infrared spectral information is more relevant
for capturing the variations in vegetation during these periods. The infrared channels are
known for their sensitivity to plant health, moisture content, and biomass, making them
critical for understanding vegetation conditions. Therefore, the emphasis on infrared data
may provide deeper insights into seasonal changes in vegetation, enhancing the overall
analysis and interpretation of the data.
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This exploration of feature importance not only underscores the temporal dynamics
of vegetation as observed through Sentinel-2 imagery but also emphasizes the significance
of selecting appropriate spectral channels for effective monitoring and assessment of
ecological and environmental conditions across different seasons.
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4. Discussion
In the discussion section, we compare our results on the accuracy analysis of the

LUCAS database and classification outcomes with findings from other studies in the
literature. In the second part of the discussion, we highlight instances of ambiguous
accuracy metrics to illustrate the challenges in comparative interpretations.

Preliminary work on crowdsourcing in relation to the LUCAS database can be re-
viewed in [6]. As part of the research, a mobile application called FotoQuest Go was
developed, although it is no longer available. Fieldwork using this application allowed for
verification of the LUCAS database. It was found that the overall accuracy for the primary
level of detail (Artificial, Cropland, Woodland, Shrubland, Grassland, Bareland, Water,
Wetland) is 0.89 (Table 5 [6]). In our study, the discrepancy between LUCAS 2018 and the
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2023 orthophotomap was 0.86. Some differences likely resulted from land use changes,
such as Grassland to Agricultural land and Woodland/Shrubland to Artificial land. Other
discrepancies were due to the unsuitable positioning of the measurement point for remote
sensing analyses, and some were due to random error. But, in general, we obtained results
consistent with [6]. In our case, it would be more accurate to discuss the currency of the
LUCAS 2018 database or the changes that occurred between 2018 and 2023, rather than its
accuracy. This implies that for the codes we examined, the current reliability of the LUCAS
2018 database should be considered to be approximately 85%.

Our research results demonstrated that it is feasible to use the old LUCAS 2018
database to classify basic land cover/land use types, with an accuracy level around 80%
(78% using LUCAS 2018 and 83% using the 2023-validated LUCAS 2018 database). The
accuracy achieved aligns with findings in the existing literature. For instance, in [26], a
study combining Sentinel-1 and Sentinel-2 data created a detailed land use and land cover
map for the EU-28, using LUCAS 2018 for validation. Monthly and annual features from
S2 along with 10-day composites from S1 were classified with a Random Forest algorithm,
achieving 78.3% accuracy across 21 classes, which increased to 82.7% when grouped into
eight broader categories—improving both accuracy and spatial coverage over using S1 or
S2 data alone.

To support detailed crop monitoring in the EU, a new 10 m resolution map was
developed for 2022, detailing 19 crop types as an update to the 2018 version [27]. Using
LUCAS 2022 field data, Sentinel-1 and Sentinel-2 imagery, land surface temperature, and
elevation data, the approach generated two classification layers with Random Forest: a
primary map and a gap-filling map for cloud-covered areas. This map, covering 27 EU
countries, achieved 79.3% accuracy for major land cover classes and 70.6% for all crop types.

In another study [28], Eurostat’s LUCAS 2018 data with Sentinel-2 imagery was used
to create a high-detail LULC map for Europe, distinguishing 19 crop types and two broader
land categories. The approach generated S2 composites with spectral reflectances, indices,
and bio-geophysical indicators, selecting the most relevant features for classification via
support vector machine and random forest algorithms. The results showed an overall
accuracy of 77.6%.

Similarly, our results are on par with those reported in the literature [26–28]. It should
also be noted that we used the LUCAS 2018 archive database in the classification of the
Sentinel-2 collection from 2023. Furthermore, in most cases, researchers also achieve the
best results using the RF method.

All of the above-mentioned research results, including accuracy metrics, come from
remote sensing contexts. The metrics reported adhere to standards that have been in use
within remote sensing for years, making the results clear, understandable, and compara-
ble [37–40]. Unfortunately, not all publications present results in a similar manner, which
can make interpretation difficult [41–47]. While the issue is complex, it can be illustrated
through the use of accuracy metrics, specifically the interchangeable use of “average ac-
curacy” (ACC) and “overall accuracy” (OA), often unintentionally. When a publication
reports only the ACC metric as “accuracy” without also providing OA, it can give the
impression that the metric reflects the commonly used OA. This can lead to confusion,
as average ACC values in multi-class classifications often exceed 90%. Interpreting such
results is challenging, especially when dealing with new ML models, where higher accuracy
levels are typically expected.

Unfortunately, in the intriguing publication [41] on various ML models, the authors
use the metrics ACC and OA interchangeably, comparing them directly. Naturally, the
reported accuracies exceed 90%. On the other hand, reference [46] focuses on precision and
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recall metrics, which correspond to UA and PA rather than OA. This makes it challenging
to draw reliable conclusions about the analyzed models.

A typical approach to accuracy estimation in ML image classification on satellite
images with deep learning, including code, can be found in [42]. This work explicitly
presents the ACC metric along with high values for this metric when comparing different
models. Eight models were compared (three variants of RESNET 50, two variants of CNN,
and three variants of MobileNet). The differences between seven of the models ranged
from 0.946 to 0.993, while one model (MobileNet) recorded an accuracy of 0.852.

In [42], the formula for ACC is presented as OA, and the accuracy of the seven analyzed
models exceeds 95%, with differences among them being only a few percentage points.
Similarly, other publications [43,44] have employed the ACC metric, reporting accuracies
above 90–95%. However, in those cases, the metrics were not referred to as OA.

Our paper demonstrates the discrepancies between ACC and OA values. In both cases
examined here (LUCAS 2018 accuracy/divergence analysis and classification accuracy
analysis), reporting accuracy with ACC creates an artificial impression of higher accuracy,
overestimating it by approximately 10%. Our other studies demonstrate that the smaller the
OA, the greater this difference, as ACC often exceeds 90% in multi-class classifications [48].

A notable aspect of our study is the use of the widely accessible Google Earth Engine
(GEE) cloud platform, which provides both harmonized Sentinel-2 image collections and
seasonal composite analysis algorithms, as well as machine learning algorithms for image
classification. Additionally, the LUCAS database is freely available across Europe, enabling
its application in any region within Europe. The data and GEE code used in this research
have also been shared.

Accuracy analyses, including the computation of accuracy metrics, were conducted
using custom Python scripts, which have been made available on GitHub.

5. Conclusions
This article presents research on the feasibility of using the LUCAS 2018 database, even

in its original form, to classify basic land cover and land use types in Europe. It also analyzes
discrepancies between commonly used accuracy metrics in machine learning (ML) and
remote sensing, highlighting the implications of these metrics in land cover classification
tasks. The topic should be considered significant, particularly because the entirety of
Europe is covered by LUCAS data. Over the years, this project has amassed a vast amount
of data. The study utilizes existing datasets (LUCAS 2018) for land classification and
validates their accuracy, which can be seen as a substantial contribution to the integration
of remote sensing and ML in land use research.

In conclusion, potential future research directions can be outlined as follows:

• Utilizing updated LUCAS datasets and analyzing the performance of additional
machine learning algorithms, including Convolutional Neural Networks (CNNs) and
deep learning methods.

• Validating classification results using independent datasets from different test areas,
accompanied by an in-depth analysis of inconsistencies within the reference datasets.
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