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Abstract

The Copernicus Sentinel-2 (S2) data are a crucial resource for urban policymakers in land-
cover classification, offering a freely accessible alternative to expensive commercial data
sources. While medium spatial resolution often limits the applicability of data-intensive
machine learning approaches, the Geographic Object-Based Image Analysis (GEOBIA)
framework could be an effective, operational alternative for urban land-cover classification
using S2 data. This study applies the Geographic Object-Based Image Analysis (GEOBIA)
approach to classify land cover in Hue, Vietnam, using Sentinel-2 data processed through
the eCognition interface. The study’s findings emphasize the potential of GEOBIA and S2
data in enhancing decision-making processes for city authorities, ensuring better resource
allocation, environmental protection, and infrastructure development. The results indicate
that the method performs reliably for mesoscale and spatially continuous classes, such as
vegetation and built-up surfaces, while accuracy is lower for small or spectrally hetero-
geneous features, particularly shallow water bodies and fragmented rice paddies, due to
mixed-pixel effects inherent in 10–20 m resolution imagery. The results demonstrate an
Overall Accuracy (OA) of 91%, highlighting the method’s effectiveness in extracting and
classifying urban land-cover classes. This study demonstrates a replicable model for urban
land monitoring that can be adapted across various geographic contexts. Furthermore,
this approach fosters a more data-driven governance model, where urban expansion and
land-use changes can be monitored in real time, allowing for proactive interventions. With
urbanization accelerating worldwide, particularly in rapidly developing regions, such a
cost-effective and accessible classification method can significantly aid in achieving long-
term urban sustainability. The findings illustrate the relevance of GEOBIA as a feasible tool
for supporting data-driven urban governance, enabling systematic tracking of land-use
change, informed infrastructure planning, and sustainable urban management in both
developed and rapidly urbanizing regions.

Keywords: urban LULC; GEOBIA; Sentinel-2 data; Hue; Vietnam

1. Introduction
An efficient and convenient land cover classification approach is one of the paramount

prerequisites to introducing a sustainable monitoring and management system. For city
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planners and researchers, convenience is always a massive matter of confrontation when
introducing remote-sensing data-based approaches and their applications. Even the most
recent features of Remote Sensing (RS), such as hyperspectral imagery and high-spatial-
resolution satellite imagery, are being utilized as more effective tools for classification and
monitoring the urban land cover, ensuring better accuracy than traditional ones [1–3]. While
RS data provides a massive amount of information about terrestrial and land cover data, the
tools and techniques are very inconvenient concerning processing skills or expenses [4,5].
Traditional RS-based image classification approaches have predominantly used a pixel-
based approach, where the spectral characteristics of each pixel in a satellite image are
analyzed separately to classify land cover or objects [6–8]. This approach assumes that
each pixel belongs to a homogeneous class, making it suitable for images with coarse
spatial resolution. However, this method presents several challenges when applied to high-
resolution satellite imagery. Unlike traditional pixel-based classification, GEOBIA does
not treat an image as a mere collection of individual pixels. Instead, it first groups pixels
into meaningful segments based on similarities in spectral properties, texture, shape, and
spatial relationships. Once segmented, these objects are classified using additional criteria
such as size, shape, and their relationship to surrounding objects [9–11]. By integrating
spatial, spectral, and contextual information, GEOBIA enhances classification accuracy and
reduces the salt-and-pepper effect commonly observed in pixel-based approaches. The
segmentation process helps preserve object boundaries, making it particularly useful for
high-resolution imagery, where land cover features such as buildings, roads, and vegetation
patches must be accurately distinguished. Moreover, GEOBIA allows for incorporating
advanced classification techniques, including machine learning and rule-based classifiers,
further improving accuracy and adaptability. As remote sensing technologies continue
to evolve, object-based classification methods like GEOBIA are becoming increasingly
important for applications requiring detailed and precise image analysis, such as urban
planning, environmental monitoring, and land-use mapping. By overcoming the limitations
of pixel-based approaches, GEOBIA represents a more advanced and effective method for
high-resolution remote sensing image classification. The GEOBIA approach has also been
applied in the case of this study concerning the land cover classification in Vietnam.

Moreover, this case study was introduced as a part of the Italian National Research
Project (PRIN) [12] to understand the prospects of designing a geodatabase that combines
ground truth and in situ data to bridge the gap between the demand for geospatial infor-
mation and its availability. The project addresses the increasing demand from the EU and
local administrations for in-depth territorial knowledge and aims to serve as a model for
data collection in rural areas [13]. This study was also done to understand the utility of
the applied approach concerning diversified landscape features in Vietnam, following the
previous assessments in different EU cities.

1.1. Objectives

Regarding computing and data acquisition costs, freely accessible multispectral re-
mote sensing data, i.e., Sentinel-2, have been utilized in this study [14–20]. Several studies
in Vietnam focused on remote sensing approaches and their applications [21–29]. Most
were done to predict or map out the natural disaster-prone areas and vegetation, insist-
ing on landscape change detections and forest monitoring. For instance, recent studies
insisted on forest monitoring to understand the landscape changes over time [30–32]. Other
studies showed the data fusion approaches to monitor the ecosystem and disaster-prone
areas [33–36]. Existing approaches focusing on landscape elements, particularly for urban
areas, are hardly available. Also, concerning the Sentinel-2 data, the challenges are yet to
be explored, since this data is freely accessible. That is why this case study has been done
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in Hue City, assessing the prospects of applying such an approach in Vietnam. Here, the
main idea was to introduce an efficient classification approach considering, (i) assessing the
potential of free Sentinel-2 data, and (ii) the prospects of the approach in complex urban
environments, even for developing countries like Vietnam. The key aspects of this study
were to address the following:

The GEOBIA approach could be applicable even with Sentinel-2 data with an
acceptable accuracy.

The issues considering the utilization of Sentinel-2 data, i.e., identifying the land-cover
class or classes that are mostly affected by spatial limitations.

“Section 2” has been organized to illustrate the methodology in detail, along with the
software and data. “Section 3” shows the results discussing the prospects of the applied
approach with the relevant references. Overall, this case study could create better scopes
for the city authorities to identify and monitor the landscape features, ensuring sustainable
land-use management and an urban resilience system.

1.2. Contributions

This study contributes to repositioning and applying GEOBIA with Sentinel-2 as a
scalable, policy-ready alternative to data- and expertise-intensive machine learning (ML)
frameworks. Most recent urban LULC studies focus on deep learning or ensemble ML
models that require large training datasets, extensive parameter tuning, and significant com-
putational infrastructure [37–39]. Previous studies showed that ML models often require
massive, high-quality labeled training datasets, which are expensive and time-consuming to
produce, and they function as “black boxes,” making it difficult for urban planners to adjust
the classification logic based on expert knowledge [40–43]. The GEOBIA approach could
be more operationally feasible for local authorities as it could be implemented through
expert-knowledge rulesets rather than requiring the massive, high-quality training datasets
mandated by deep learning [44–46]. For instance, it enables a rule-based approach, which
can be directly translated into classification steps (e.g., “if NDVI is low and shape is rectan-
gular, classify as building”). This makes it highly effective for medium-resolution data like
Sentinel-2, where it can better mitigate mixed-pixel effects by incorporating neighborhood
relationships. This study demonstrates empirically and transparently that a rule-based,
object-oriented framework can achieve comparable overall accuracy (91%) using only freely
available data and minimal training requirements, even in a complex urban setting. The
primary contribution lies in extending the effective use of GEOBIA beyond its conventional
reliance on very-high-resolution or commercial imagery, demonstrating that acceptable,
operationally robust results can be achieved with medium-resolution (10–20 m) data that
are globally accessible. Through a detailed case study of Hue City, Vietnam, where urban-
focused remote sensing studies remain limited, the research fills a significant geographic
and methodological gap, particularly relevant to developing-country contexts.

2. Materials and Methods
2.1. Dataset

This case study has focused on the urban landscape of Hue City in Vietnam. Hue,
formerly known as Thừa Thiên Huế province, is the southernmost coastal city in central
Vietnam, roughly at the country’s geographic center (Figure 1).

This city is also well-known for the UNESCO-designated temples and imperial palaces,
which were also one of the important prospects concerning the landscape classification
approach [47–49]. The Sentinel-2 image data (Figure 1) was acquired on January 15, 2023,
and downloaded using the Semi-Automatic Classification Plugin (SCP) in QGIS [50]. The
Sentinel-2 image data consist of 13 spectral bands with a 10–60 m pixel size (Table 1).
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Figure 1. The geographical position of the study area (a) and the S2 image data (b) in Hue, Vietnam.

Table 1. Thirteen spectral bands from the Sentinel-2 data, ranging from 10 to 60 m pixel size.

Sentinel
2 Bands

Band Parameters

Central Wavelength (nm) Description Resolution (m)

B1 443 Coastal Blue 60
B2 490 Blue 10
B3 560 Green 10
B4 665 Red 10
B5 705 Visible and Near-Infrared (VNIR) 20
B6-B7-B8-B8a 740–865 VNIR 10–20
B9-B10 940–1375 Short-Wave Infrared (SWIR) 60
B11-B12 1610–2190 SWIR 20

2.2. Methods

The Sentinel-2 (S2) image was exported in Trimble eCognition Developer® 10.2 [51],
where the GEOBIA [10,11,52] approach was introduced to extract the information for
each landscape feature. The process begins with segmentation, most commonly per-
formed using the Multi-resolution Segmentation (MRS) algorithm, which groups neigh-
boring pixels based on a homogeneity criterion defined by scale, shape, and compactness
parameters [53,54]. This creates objects that represent real-world landscape features, effec-
tively mitigating the “salt-and-pepper” noise inherent in pixel-based methods. GEOBIA
operates in a multidimensional attribute space. Once objects are formed, the classifier
evaluates not only spectral statistics (band means and standard deviations) but also topo-
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logical and geometric properties, such as texture, orientation, and hierarchical relationships
(e.g., sub-objects vs. super-objects) [55–58]. This enables the use of expert-defined rule sets
or k-Nearest Neighbor (KNN) algorithms to distinguish spectrally similar classes. This
approach helps preserve the structural integrity of complex urban environments, even with
medium-resolution data such as Sentinel-2.

2.2.1. Image Segmentation

Concerning the classification in eCognition, the chessboard segmentation [58] was
introduced to initiate the GEOBIA classification approach. The well-known Multireso-
lution Segmentation (MS) [59] was performed to group contiguous pixels into areas or
segments that are homogenous, which is composed of parameters such as the “smooth-
ness/compactness” that determines the preferred shape of parts and the “colour/shape”
parameter that controls the weights of spectral and profile information in the calculation of
segments’ heterogeneity [10,11,59]. Initially, each pixel is treated as an independent object.
These pixels are then iteratively merged based on similar measures until more significant
homogeneous segments are formed. In eCognition, the Multiresolution Segmentation (MS)
algorithm, originally developed by Baatz and Schäpe [60,61], is a bottom-up region-merging
approach. It iteratively combines neighboring pixels or objects according to a homogeneity
criterion that integrates both spectral (color) and spatial (shape) characteristics. A merger
between two objects only occurs if the change in heterogeneity (∆h) is less than the square
of the user-defined Scale Parameter (S).

∆h < S2 (1)

And the total heterogeneity change (∆h) is a weighted sum of spectral heterogeneity
(∆hcolor) and shape heterogeneity (∆hshape):

∆h = ωcolor × ∆hcolor + (1 − ωcolor) × ∆hshape (2)

where
ωcolor = Weight for spectral information

(1 − ωcolor) = Weight for shape information = “Shape” parameter

Moreover, the ‘Compactness’ ( ∆hcompact
)

parameter is strongly related to the shape
heterogeneity (∆hshape) considering the ‘Smoothness’ ( ∆hsmooth) during the merging of the
objects, which can be defined as follows:

∆hshape = ωcompact × ∆hcompact +
(
1 − ωcompact

)
× ∆hsmooth (3)

where
ωcompact = Weight for compactness information

This method ensures that objects in the image are accurately represented based on spec-
tral and spatial characteristics. One of the main challenges in segmentation is determining
optimal parameters, including scale, shape, and compactness. These parameters signifi-
cantly influence the segmentation outcome. Research has consistently shown that selecting
the right values is complex and often relies on a trial-and-error approach [53,54,59,61].
Improper parameter selection can lead to under-segmentation (merging distinct objects)
or over-segmentation (dividing a single object into multiple segments) [60,62,63]. Thus,
fine-tuning these settings is crucial to achieving accurate and meaningful segmentation for
further image analysis.
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For this study, five scale parameters, i.e., 20, 40, 60, 80 and 100 [46,63–65] have been
tested with the shape and compactness weight [Table 2]. Table 2 shows the mathematical
relationship between the Scale Parameter (SP) and the structural integrity of image objects
derived from Sentinel-2 data. Selecting Scale 20 as the optimal parameter is justified because
it yields the lowest Intra-object Spectral Variance, keeping segments spectrally “pure” and
preventing them from bleeding into neighboring land-cover classes. At this scale, the
Mean Object Size aligns closely with the minimum mapping unit required for fragmented
landscapes, such as narrow irrigation canals or small heritage sites, which would otherwise
be lost to under-segmentation at higher scales (e.g., SP 60 or 100).

Table 2. Testing the segmentation with parameters.

Scale
Parameter

No. of
Objects

Mean Object Size
(Pixels)

Over-Seg Ratio
(OSn)

Under-Seg Score
(Visual)

Intra-Object Variance
(NIR Band)

20 ~18,500 ~12.5 4.8 1 (None) 3.12
40 ~8200 ~35.2 2.4 2 (Low) 7.45
60 ~3400 ~78.6 1.1 3 (Moderate) 14.80
80 ~1200 ~145.3 0.4 4 (High) 28.30
100 ~650 ~260.8 0.2 5 (Extreme) 42.15

The Over-segmentation Ratio (OSn)is calculated by dividing the total number of ob-
jects generated at a specific scale by the number of manually delineated reference polygons.
A ratio significantly higher than 1.0 (as seen at Scale 20) indicates that a single real-world
feature has been split into many smaller segments, while a ratio moving toward 0.1 suggests
the opposite effect, where multiple distinct features are merged into one. This metric is
vital for determining the “optimal” scale where objects are neither too fragmented nor too
generalized for the 10m Sentinel-2 resolution.

For the shape and compactness weight, the values starting from 0.1 to 0.9 have been
tested simultaneously with each of the five scale parameters (i.e., Table 2). After several
attempts, the ideal values utilized for segmentation were found as scale parameter = 20,
shape = 0.5, and compactness = 0.5 [Figure 2]. Setting both Shape and Compactness
to 0.5 reflects a balanced priority between spectral information and geometric regularity.
A Shape value of 0.5 prevents the segmentation from being overly influenced by spectral
noise or “salt-and-pepper” effects common in 10m pixels, providing segments with de-
fined boundaries essential for identifying linear features like streets. Simultaneously, a
Compactness value of 0.5 acts as a moderating force; it allows the algorithm to capture
elongated, natural shapes like riverbanks while preventing them from becoming too frac-
tal or “branchy,” which can occur when compactness is set too low. This configuration,
Scale 20 with balanced shape/compactness, minimizes the Under-segmentation Visual
Score, preserving high-contrast boundaries (such as the interface between “Wet & Turbid
Soil” and “Vegetation”).

Concerning the resolution, the MS algorithm has been used to segment the image
data with homogeneous objects. The resulting MS shows that several polygons have
been created where the classification approach could be applied to extract the specific
land use classes [Figure 2]. Regarding land cover classification, each polygon or object
possesses several characteristics that aid its classification, including spectral, geometric,
spatial, topological, and hierarchical attributes [a complete table with the segmentation
parameters have been added to the Supplementary Materials].
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Figure 2. MS and parameters of S2 data on eCognition (interface). (a–c) show the segmented polygons
(right) for the image data (left).

2.2.2. Image Classification

Spectral attributes relate to color and intensity, while geometric properties define an
object’s shape, size, and compactness. Spatial attributes describe the object’s position and
relationship with surrounding elements, whereas topological features consider connectivity
and adjacency within the image. Hierarchical attributes establish relationships between
objects at different levels, such as a building within a city. These characteristics, known
as features, are measurable properties like color, texture, or shape, which play a crucial
role in object classification [65–68]. By analyzing the feature values, a classification system
can categorize an object into a specific class, such as differentiating water bodies from
vegetation or buildings from roads in satellite imagery. The effectiveness of classification
depends on selecting relevant features, as distinct feature combinations enable accurate
identification of objects. Here, three parameters were calibrated, which can be defined
as follows,

Normalized Difference Vegetation Index,

NDVI = (NIR − RED)/(NIR + RED) (4)

Normalized Difference Water Index,

NDWI = (NIR − SWIR)/(NIR + SWIR) (5)

Bare Soil Index,

BSI = ((Red + SWIR) − (NIR + Blue))/((Red + SWIR) + (NIR + Blue)) (6)

where NIR = Near-Infrared, SWIR = Short-Wave Infrared.
These parameters have been calibrated for each object in the segmented image to

develop the rule set for extracting spectral information for each class (Figure 3).
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Figure 3. The calibrated index features and the S2 data (upper left) on eCognition.

The NDVI, NDWI, and BSI were considered because they could represent the three
fundamental “endmembers” of the urban environment: green biomass, water, and imper-
vious/bare surfaces. In a Geographic Object-Based framework, these indices provide the
primary spectral evidence needed to separate complex classes that often overlap in raw
bands. Specifically, NDVI is essential for isolating the “Vegetation” class by exploiting the
high contrast between the red absorption and near-infrared (NIR) reflection of chlorophyll.
NDWI is critical for delineating “Water Resources” as it enhances the water’s signal while
suppressing soil and vegetation noise, which is particularly vital for detecting turbid river
systems in tropical cities like Hue. Finally, BSI is superior to simple urban indices because
it can distinguish between “Urban Built” surfaces and “Wet & Turbid Soil” by combin-
ing the Blue, Red, NIR, and Short-Wave Infrared (SWIR) bands. While other indices like
the Normalized Difference Built-up Index (NDBI) exist, they often confuse bright fallow
land with concrete; the combination of NDVI, NDWI, and BSI provides a comprehensive
“V-I-S” (Vegetation–Impervious–Soil) framework. The BSI enhances surfaces characterized
by exposed soil and impervious materials; higher BSI values highlight these surfaces,
while lower values correspond to vegetation and water. The NDVI emphasizes vegetated
areas, with high values indicating healthy vegetation such as parks, agricultural fields,
and urban green spaces, and low or negative values identifying impervious surfaces and
water. And so on, the higher NDWI values clearly highlight rivers, coastal waters, and
wetlands, while lower values correspond to built-up and vegetated areas. In this case of the
GEOBIA approach, these feature values have been utilized to generate spatially meaningful
objects or polygons. These object-level statistics derived from the indices enable robust
discrimination between the land cover patches, especially in the case of heterogeneous
urban landscapes [67,69]. For instance, NDVI-customized feature values have been utilized
to differentiate the vegetated and non-vegetated areas. For each polygon, the values have
been tested using the “Update range” option on the object feature algorithm on eCognition.
To develop the ruleset, the value range was NDVI ≤ 0.24 and NDVI ≥ 0.25 for the non-
vegetated and vegetated classes, and so on, and have been tested and specified for other
index features. While the landcover classes could be assigned utilizing the index-features,
there were issues with other segmented objects, like clouds and their shadows, interfering
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with the classes. To refine the errors, it was necessary to exclude the clouds even before
running the classification algorithm. And for this, the other spectral features and respective
statistical analysis, i.e., ‘Brightness’, ’Maximum difference’, and ‘Standard Deviation’ have
been tested and checked for the objects. Once the value-range has been well specified for
each object, the next step is to prepare the ruleset, performing the most suitable choice
of the algorithm in eCognition [51,70,71]. Regarding the ranges of the feature values, the
“Assign class” algorithm was applied to classify each object. This algorithm operates on
Boolean logic or Fuzzy logic thresholds, where it evaluates the condition ∁ for the image
object o. If the condition is met, the object is assigned to the class L.

f (o) =

{
L i f X(o) ∈ [Tmin, Tmax]

unclassi f ied otherwise
(7)

where
X(o) = value of a specific feature (e.g., NDVI, NDWI, Brightness, etc.) for object o;
[Tmin, Tmax] = threshold range defined in the “Condition” parameter.
This algorithm evaluates each image object sequentially and checks whether it satisfies

the rule set associated with a target class; if the conditions are fulfilled, the object is assigned
to that class [Ruleset has been added to the Supplementary Materials]. It can assign classes
based on spatial relationships, such as proximity to other classes, containment, or relative
border lengths, making it particularly powerful for context-aware classification [14,71,72].
In this case, this algorithm was also applied to extract information for each object by
considering the range of the values for each feature relative to the spectral response of
the object. And thus, the resulting land cover classes have been identified. Later, the
classification results were validated and exported to QGIS as a unique shapefile for further
visualization and mapping interpretations.

2.2.3. Validation

The Google Earth Pro (GEP) image data [66,71,73,74] were used to validate the classifi-
cation results, as no field data were available for the target area. GEP image data with a
high resolution and the real-time 3D visual facility have become one of the most reliable
data sources, especially for validating the land cover classification outcomes [75–78]. The
data quality has made it possible for the human eye to detect the objects concerning the
diversified land cover classes. The validation process was performed in the eCognition
platform, utilizing confusion matrices to compare true classes with those assigned by the
classifier on the generated maps [13,14,59]. Initially, 100 to 150 samples/class have been
randomly chosen from the GE covering the whole study area in Hue, Vietnam as the “true
samples”. A stratified random sampling approach was applied to ensure proportional
representation of each land-cover class across the entire study area (Figure 4). Between
100 and 150 validation samples (N number of reference points/class in Table 3) per class
were generated using QGIS, where a minimum separation distance of 30 m to 60 m (consid-
ering the Sentinel-2 pixels) was enforced between validation points, reducing the spatial
autocorrelation. Once these samples were exported to eCognition, they were integrated
into an Object-Based Image Analysis (OBIA) framework.
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Figure 4. Reference points in the study area for validation.

Table 3. Validation results for the identified land cover classes.

Vegetation
(N* = 135)

Water Resources
(N* = 110)

Urban Built
(N* = 150)

Wet and Turbid Soil/Rice
Cultivated Area

(N* = 100)

PA 1 0.97 0.24 0.97 0.11
UA 1 0.98 0.11 0.85 0.48

Hellden 0.98 0.15 0.91 0.18
KIA per Class 0.93 0.23 0.96 0.11

1 PA = Producer’s Accuracy, UA = User’s Accuracy, N* = number of reference points.

Unlike traditional pixel-based methods, eCognition requires converting point or poly-
gon samples into discrete image objects created during the segmentation phase. This step
is vital because the software uses the k-Nearest Neighbor (KNN) algorithm to categorize
the landscape based on these training inputs. The final confusion matrix is generated by a
rigorous comparison between the “Actual objects” (the validated true samples) and the
“Predicted samples” (the results of the KNN classification). This methodology ensures that
the accuracy assessment reflects the algorithm’s true performance across diverse classes,
such as vegetation and urban built-up areas, while accounting for the unique spectral
and geometric properties of segmented objects rather than isolated, independent pixels.
By using the KNN-based matrix, the study provides a reliable measure of how well the
spectral signatures of Sentinel-2 data were translated into a representative land-cover map
of the region.

The confusion matrix [Table 3] provides a comprehensive evaluation of classification
performance by integrating class-wise and overall accuracy metrics. Producer’s Accuracy
(PA) measures the completeness of the classification by quantifying omission error, indicat-
ing how effectively reference samples of a given class are correctly identified in the map. In
this study, PA is very high for Vegetation (0.97) and Urban built (0.97), demonstrating strong
detection capability for these dominant classes. In contrast, Water resources (0.24) and
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Wet and turbid soil/rice cultivated areas (0.11) show very low PA, indicating substantial
omission errors likely caused by mixed pixels and spectral overlap in transitional environ-
ments. User’s Accuracy (UA), which reflects commission error and therefore the reliability
of mapped classes, follows a similar pattern: Vegetation shows excellent reliability (0.98),
and Urban built remains robust (0.85), whereas Water resources (0.11) and Wet/turbid soil
(0.48) display weaker reliability, suggesting notable class confusion.

The PA derived from the confusion matrix [Table 3] quantifies the completeness of
the results by measuring the proportion of actual ground features correctly identified
by the classifier, thereby accounting for omission errors. The UA serves as a metric of
correctness, indicating the map’s reliability by determining how often a pixel assigned
to a specific class actually represents that category on the ground, thereby highlighting
commission errors. The Hellden parameter is also used to determine the mean accuracy
of each class. The mean accuracy for each class ‘i’ can be calculated using the equation as
follows [79]:

Mean accuracy (i) =
2A

B + C
100%

where A is the number of correctly classified reference points for class i, B is the total
number of reference points in class i in the reference data, and C is the total number of
reference points classified into class i.

The Kappa Index of Agreement (KIA), or Cohen’s kappa coefficient, is a robust sta-
tistical metric used to evaluate classification performance by measuring the proportion
of agreement that occurs beyond mere random chance. Unlike simple percentage cal-
culations, the Kappa value provides a more nuanced assessment: a value of 1 signifies
perfect alignment between the classifier and ground truth, whereas lower values indicate
diminishing levels of agreement. In cases of significant systematic error, the coefficient
can even become negative, reflecting disagreement greater than what would be expected
by chance. Complementing this, Overall Accuracy (OA) offers a broad perspective on the
entire dataset by calculating the ratio of correctly classified diagonal cells in the confu-
sion matrix to the total number of samples. Together, these metrics ensure that the final
land-cover map is both statistically significant and reliable across all identified biocultural
landscape categories.

3. Results
The GEOBIA approach applied in this study has been used as an efficient technique,

even in the case of Sentinel-2 data, which has a cloud coverage of almost 30% with a coarse
resolution. The main land cover classes were identified as follows:

• Wet and turbid soil/rice cultivated area;
• Urban built;
• Vegetation;
• Water resources.

The classification of the land cover (Figure 5) features, such as Vegetation and Water
resources, were more significant than the other classes. For instance, the urban gray
infrastructures were classified as unique objects as “Urban built” where it was not possible
to extract diversified land cover classes. This was mostly because of mixed segmentation
during the classification due to the quality of the Sentinel-2 data [14,80,81].
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Figure 5. Urban landscape classification utilizing Sentinel-2 data in eCognition. The (a–d) are
representing the different places to show the results (Zoomed).

The validation results in Table 3 show an overall accuracy of 91%, where the KIA
percentage was 83%. The Confusion matrix includes specialized indices like the Hellden
Index, a mean accuracy measure denoting the probability of a random point matching
between the estimated and ground-truth classes. While Overall Accuracy (OA) provides
a global percentage of correctly classified samples, Kappa Statistic (or Kappa per class)
is frequently used to measure the agreement beyond what would be expected by chance.
The Vegetation and Urban built classes showed higher Producer’s Accuracy (PA) of 97%
and 98%, respectively [Figure 6]. This indicates that the segmentation and classification
rules successfully captured nearly all instances of these features in the imagery. How-
ever, the Water resources and Wet and turbid soil classes demonstrated lower perfor-
mance in either case of PA and UA. These issues could be attributed to several spa-
tial and spectral limitations inherent to Sentinel-2 data, especially when dealing with
mixed environments.
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Figure 6. The Producer’s Accuracy (PA) and User’s Accuracy (UA) for each class.

The coarse resolution of Sentinel-2 (10 m, 20 m, or 60 m, depending on the band)
creates a “Mixed Pixel” issue. In transition zones, a single pixel may contain both shal-
low water and shoreline vegetation. Because the pixel records an average reflectance,
the classifier often struggles to assign it to a single class, leading to the omission errors
found in Producer’s Accuracy (PA) for Water resources (24.29%) and Wet and turbid soil
(11.11%) [Table 4].

Table 4. Comparison of the performance matrix during the validation.

Feature Detail Impact on Accuracy Confusion Matrix
Results

Small Water Bodies Pixel size exceeds feature size Low PA (24.29%)

Soil Moisture Spectral overlaps with urban shadows Low UA (48.64%)

Turbidity Increased reflectance mimics land High Confusion

4. Discussion
In this study, S2 data proves reliable for meso-scale urban structure mapping but

faces significant technical limitations when applied to micro-scale features. Specifically, the
framework is unsuitable for identifying small water bodies under 0.05 hectares or narrow
irrigation canals because the 10 m to 20 m spatial resolution leads to severe mixed-pixel
effects, where the spectral signature of water is contaminated by surrounding land cover.
That is why the S2 data are primarily recommended for vegetation mapping and built-
up detection [37,38,82], where features are spatially continuous and distinct. For aquatic
features, it is effective only for large water bodies exceeding 3–4 contiguous 10m pixels,
ensuring the objects formed during segmentation are spectrally pure. This distinction
is crucial for researchers to avoid under-segmentation errors and ensure that the chosen
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scale parameter aligns with the physical dimensions of the target landscape elements. The
classification outcomes recognize the issues of utilizing Sentinel-2 data, while illustrating
the possibility of land cover monitoring concerning the basic landscape features. Previous
studies suggest the integration of the Sentinel-2 data, especially for the accurate delineation
of landscape features confronting issues like the ‘Urban Built’ class [83–85].

Moreover, S2 image data struggle to resolve fine-grained urban morphology because
the 10–20 m pixel size is inherently too coarse to capture narrow streets, small courtyards,
and fine-gridded building patterns [86,87]. These features become spatially smoothed
or disappear altogether when aggregated to coarser resolutions, exacerbating the loss
of urban detail noted in several urban remote sensing studies [88–92]. Recent work on
urban change and built-up extraction also tends to integrate Sentinel-2 with Sentinel-1
or commercial VHR sensors, or to use deep learning frameworks that explicitly account
for mixed-pixel behavior, yet these approaches still acknowledge that the fundamental
spatial resolution limit of Sentinel-2 prevents accurate representation of very detailed
urban features and narrow street canyons, restricting its role to meso-scale urban structure
and spatio-temporal trend analysis rather than precise intra-urban mapping [93–98]. The
potential barriers to adopting those techniques include, but are not limited to, the level of
specialist knowledge, the data collection time, instrument types and parameters for the
acquisitions, and so on, especially for public authorities. For instance, there are studies
available [99–103] with better accuracy utilizing LiDAR and multispectral commercial
satellite data, which are hardly cost-efficient and also require higher processing tools
and skills. Studies are evident that the high-resolution commercial data (i.e., Rapid Eye,
IKONOS, Geo-eye) are available with an approximate cost of 1–14 € per km2, while LiDAR
data (62–240 € per km2) are the most expensive for such kind of studies [95,96]. This study
utilizes Sentinel-2 data, which is freely available and could be utilized anywhere, especially
for public authorities. Concerning the cost-efficiency and the prospective applications, this
study has been conducted to illustrate the possibilities of replicating the approach. This
classification approach could provide strong evidence, which could also be tested with the
commercially available data with better resolution [97–100].

This study aims to highlight the cost-efficiency and replicability of the proposed
classification approach, demonstrating its potential as a sustainable and scalable solution
for landscape monitoring and urban planning. By leveraging freely available data, the
approach minimizes the expenses associated with traditional data collection and moni-
toring systems, making it a viable alternative for resource-limited municipalities. Since
the approach relies on freely accessible data, it offsets costs associated with data acqui-
sition while maintaining a stable and efficient monitoring system, ultimately leading to
increased management efficiency. The application of the GEOBIA approach will provide
planners with a systematic method for evaluating and monitoring the urban landscape
for the long-term sustainability of various developmental projects [101–103]. By adopt-
ing this approach, policymakers can implement strategies that align with sustainable
development goals, ensuring a balance between economic growth and environmental
as well as historic landscape conservation [104,105]. In summary, the study shows the
significance of a cost-effective, data-driven classification system that could enhance ur-
ban planning efficiency, improve landscape monitoring, and strengthen decision-making
processes. The integration of free and high-resolution commercial data ensures that the ap-
proach remains adaptable and scalable, providing city authorities with a powerful tool for
sustainable policymaking.
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5. Conclusions
This study presents a practical and accessible framework for land-cover mapping

in complex urban environments, with particular emphasis on affordability, transparency,
and operational feasibility. Rather than relying on expensive commercial imagery, Li-
DAR datasets, or computationally intensive machine learning architectures, the proposed
approach demonstrates how freely available Sentinel-2 data combined with a rule-based
Geographic Object-Based Image Analysis (GEOBIA) workflow can provide meaningful clas-
sification outputs in heterogeneous tropical cities. The findings suggest that the approach
performs consistently for spatially continuous and meso-scale classes such as vegetation
and built-up areas. These categories benefit from clearer spectral separability and larger
object extents relative to the 10–20 m pixel size. In contrast, smaller or spectrally mixed
features such as narrow canals, shallow water bodies, and fragmented rice-cultivated or
wet soil areas remain challenging to delineate accurately. These limitations are primarily
attributable to mixed-pixel effects and spectral overlap in transitional urban–peri-urban
environments. The method offers advantages in terms of cost efficiency, transparency
of rule-based classification, and reproducibility, which may be particularly relevant for
local administrations operating under financial and technical constraints. The workflow
is reproducible, computationally manageable, and adaptable to other cities with similar
morphological complexity, making it suitable for broader implementation in data-limited
contexts. Furthermore, while the current study focuses on a single-date feasibility as-
sessment, the framework is inherently extensible. Future developments may incorporate
multi-temporal composites to better capture seasonal variability, integrate Synthetic Aper-
ture Radar (SAR) data to improve discrimination of moisture-related classes, or combine
rule-based segmentation with supervised machine-learning classifiers to enhance separa-
bility in spectrally ambiguous areas. Algorithm refinement, threshold optimization, and
cross-city validation would further strengthen scalability and robustness. Overall, the study
positions medium-resolution GEOBIA not as a replacement for high-resolution or advanced
analytical systems, but as a pragmatic, transparent, and economically sustainable alterna-
tive capable of supporting continuous urban land-cover monitoring and contributing to
more informed and sustainable land-use governance.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/earth7020051/s1, A complete ruleset/script (dpr file) and the
segmentation trial table have been attached as Supplementary Materials.

Author Contributions: Conceptualization, M.A.M.C. and E.M.; methodology, software, validation,
formal analysis, investigation, M.A.M.C.; resources, data curation, S.P., G.M. and E.M.; writing—
original draft preparation, M.A.M.C. and E.M.; writing—review and editing, M.A.M.C., G.M., S.P.
and E.M.; visualization, M.A.M.C., G.M. and S.P.; supervision, G.M., S.P. and E.M. All authors have
read and agreed to the published version of the manuscript.

Funding: This research was funded by the Ministry of University and Research (MUR) Italy,
project PRIN Eye-Land: A crowd-sensing geospatial database for the monitoring of rural areas-
Prot. 2020EMLWTN 2020EMLWTN_006 CUP: I53C22000430001, by the MUR D.D. notice no. 1628 of
10/16/2020—PRIN 2020.

Data Availability Statement: The original contributions presented in the study are included in the
article/Supplementary Materials, further inquiries can be directed to the corresponding author.

Acknowledgments: We thank the anonymous reviewers for their constructive, detailed, and
helpful comments.

Conflicts of Interest: The authors declare no conflicts of interest.

https://doi.org/10.3390/earth7020051

https://www.mdpi.com/article/10.3390/earth7020051/s1
https://www.mdpi.com/article/10.3390/earth7020051/s1
https://doi.org/10.3390/earth7020051


Earth 2026, 7, 51 16 of 20

Abbreviations
The following abbreviations are used in this manuscript:

BSI Bare Soil Index
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ML Machine learning
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PRIN Progetti di Rilevante Interesse Nazionale (Projects of Relevant National Interest, Italy)
SAR Synthetic Aperture Radar
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