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Abstract

Hybrid classification approaches, combining pixel-based and object-based classification models, are
increasingly being adopted to overcome the inherent limitations of Very High Resolution (VHR)
image analysis. This paper proposes a hybrid classification framework that integrates probabilistic
pixel-based classification, object-based aggregation, and rule-based refinement to produce GIS-ready
Land Use/Land Cover (LULC) maps specifically designed for urban and regional planning.
WorldView-2 imagery is first processed using an AdaBoost classifier to derive pixel-level class
memberships; these results are subsequently aggregated at the object level following segmentation.
Beyond thematic labeling, a Stability Map is introduced to quantify intra-object classification
reliability, enabling the spatial identification of unstable or heterogeneous objects. The novelty lies
not only in the integration of pixel and object paradigms but also in the operational utility of this
stability map. When combined with rule-based reasoning, it provides a decision-oriented GIS
product. The results demonstrate superior classification accuracy and enhanced interpretability
compared to standard pixel-based or object-based approaches, highlighting the framework’s
relevance for geospatial data analysis and planning-oriented applications.

Keywords: WorldView-2; hybrid classification; rule-based; stability map; LULC; territorial planning

1. Introduction

Accurate and up-to-date maps of Land Use and Land Cover (LULC) represent a fundamental
component of geographic data infrastructures and activities related to land planning, environmental
monitoring, and resource management. Within the broader scope of GIScience, such cartographic
products serve as an essential informational basis to support complex decision-making processes and
to understand the dynamics of land transformation. Classic studies in the field of quantitative
geography and GIS have widely highlighted that thematic information derived from geospatial data
constitutes an essential component of Spatial Data Infrastructures (SDI), as it allows for the
integration and analysis of information from heterogeneous sources [1,2]. In this context, satellite
remote sensing has taken on a central role in the systematic production of large-scale thematic
mapping.

In the past two decades, the increasing availability of very high spatial resolution satellite
imagery (VHR) has significantly expanded the potential level of thematic and spatial detail of LULC
maps. Ever more powerful satellite sensors now allow for the observation of landscapes with
previously unimaginable levels of detail, enabling the discrimination of urban, infrastructural, and
environmental elements with great precision. Various studies have demonstrated how such data can
significantly improve the thematic characterization of land use and cover classes, especially in
complex urban contexts and areas with high spatial heterogeneity [3,4]. Concurrently, the evolution
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of image classification techniques has led to the development of increasingly sophisticated
methodologies for the analysis of multispectral and multitemporal data.

However, the increase in spatial resolution does not automatically result in improved
performance of classification methods. On the contrary, the greater intra-class spectral variability and
the presence of complex spatial structures can exacerbate some well-known issues in traditional
automatic classification approaches. In particular, pixel-based classifiers, which operate exclusively
on spectral information at the single pixel level, tend to produce maps characterized by high thematic
fragmentation and the well-known “salt-and-pepper” effect. These limitations have been extensively
discussed in the literature on remote sensing and uncertainty analysis in geographic data,
highlighting how the complexity of real landscapes often renders traditional methodological
applications inadequate [5,6].

In recent years, the development of Machine Learning (ML) and Deep Learning (DL) techniques
has significantly improved the performance of pixel-based classification systems for remote sensing
images. Despite these advancements, pixel-only classification still faces difficulties in accurately
representing spatial structures and contextual relationships present in complex landscapes.

To address these limitations, since the 2000s, the paradigm of Object-Based Image Analysis
(OBIA) has gradually emerged, shifting the unit of analysis from individual pixels to spatially
coherent objects obtained through image segmentation processes. Several studies have demonstrated
that object-oriented analysis can significantly enhance the quality of classifications in the presence of
high-resolution images, as it allows for the exploitation of additional information such as shape, size,
texture, and topological relationships between objects. Despite the advantages, the performance of
OBIA is strongly dependent on the quality of segmentation that can introduce systematic errors that
limit the robustness of the approach in complex operational contexts [7].

To overcome such challenges, recent literature has increasingly explored hybrid approaches
aimed at combining the strengths of pixel-based and object-based approaches.

Although these advancements, most hybrid solutions primarily focus on improving
classification performance or reducing cartographic noise, typically through the aggregation of pixel-
based information on segmented objects. However, two fundamental aspects remain relatively
underdeveloped in the research. The first concerns the explicit formalization of expert knowledge
through rule-based systems, which allow for the integration of contextual knowledge and
information from ancillary data in the classification process. The second relates to the availability of
spatially explicit reliability indicators, directly interpretable even by non-specialist remote sensing
users. In this case, the debate opens on how traditional global accuracy metrics are insufficient to
describe the spatial distribution of errors in thematic maps. When cartographic products are used to
support decision-making processes, the quality and reliability of geographic information play a
central role and are indeed fundamental elements to ensure a conscious use of such geographic
information [8].

This work fits into this context by proposing a hybrid pixel-object—rules classification
framework, designed to bridge these methodological gaps. The approach integrates three main
components: a supervised pixel-level classification, an aggregation and analysis process at the object
level, and a rule-based decision-making system that explicitly formalizes expert knowledge in the
classification process. This methodological framework allows for the generation of consistent,
interpretable LULC maps that can be directly used in large-scale land planning contexts [9].

The most scientifically novel element of the proposed framework lies not only in the combination
of pixel-based and object-based aproaches but especially in the introduction of a Stability Map. This
cartographic product quantifies the stability and reliability of classification at the object level,
explicitly maintaining the spatial distribution of uncertainty. Unlike traditional accuracy indicators,
generally expressed as synthetic global metrics, the Stability Map is designed as an operational tool
to support decision-making processes, facilitate selective validation activities, and improve
transparency in the use of territorial data [10,11]. In this context, the stability of classification is not
simply interpreted as a diagnostic measure of model performance but as explicit spatial information,
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designed to be integrated into land planning and management workflows, as an additional
informational layer to enhance transparency in the use of cartographic products.

The article is organized as follows. After this introduction, the Related Works section presents a
review of the state of the art on pixel-based, object-based, and hybrid classification methods, with
particular attention to the integration of expert knowledge and the representation of uncertainty. The
Materials and Methods describe dataset, study area, and proposed methodology, including the
formulation of the Stability Map. The Results section presents the obtained results and the
comparison with traditional approaches. The Discussion section analyzes the methodological and
operational implications of the proposed framework, and finally, the Conclusions section
summarizes the main contributions of the research and discusses possible future developments.

2. Related Works

Automated classification to produce LULC maps has been a central theme in Earth Observation
(EO) research and GlIScience for several decades [12]. Over time, numerous methodological
approaches have been developed, differing mainly in the type of analysis adopted and the
information used in the classification process.

One historically established family of methods is represented by pixel-based classifiers, which
use only the spectral information associated with each pixel of the image. Due to their conceptual
simplicity and solid theoretical background, these pixel-based classifiers serve as a natural
foundation for thematic mapping. A systematic review of the main methods for classifying remote
sensing images has been provided in the literature [13]. However, when applied to VHR images,
these methods are heavily affected by increased spectral variability and landscape fragmentation.

Recently, the development of ML and DL techniques has significantly improved the
performance of these models by introducing non-parametric algorithms, such as Support Vector
Machines, Random Forests, and deep neural networks. These have demonstrated a remarkable
ability to handle high-dimensional datasets and classes characterized by complex spectral signatures,
without requiring assumptions about data distribution [14-16]. DL techniques have rapidly spread
in the field of remote sensing due to their effectiveness in numerous classification and semantic
segmentation applications, allowing them to overcome some limitations of traditional approaches by
capturing multiscale information in high-resolution satellite images [17-20]. Despite these
advancements, even these advanced approaches can struggle to adequately represent the spatial and
semantic structure of territorial elements when operating exclusively at the pixel level.

OBIA approach has progressively emerged in response to these limitations, considering spatially
coherent objects derived from image segmentation processes as the unit of analysis, rather than
individual pixels. This approach facilitates the integration of spectral characteristics with geometric,
textural, and contextual information, improving the semantic coherence of the results and making
the maps more compatible with the data models used in GIS systems [21-23]. By emphasizing scale,
semantics, and spatial context as key components of the interpretation of remote sensing images,
OBIA appears to be a suitable solution for LULC mapping in GIS [24-27]. Several studies have
demonstrated the effectiveness of OBIA in classifying high-resolution images. The comparison
between pixel-based and object-based classifications, on images with different spatial resolutions,
highlighting how object-oriented approaches can provide more accurate results when applied to
high-resolution data [28]. Similarly, other researchers showed how the integration of ancillary data
can further improve object-based classification by reducing confusion among spectrally similar
classes in urban areas [29]. However, OBIA approaches also present some challenges. In particular,
the performance of classification systems is heavily dependent on the quality of the initial
segmentation and the choice of scale parameters, which can significantly affect the definition of
objects and subsequent classification, especially in heterogeneous urban and peri-urban
environments.

To leverage the complementary strengths of pixel-based and object-based paradigms, hybrid
classification approaches have been increasingly studied [30,31]. Several studies have shown that
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integrating pixel-level spectral information with spatial structures derived from segmentation can
enhance both thematic accuracy and spatial consistency of cartographic products [32]. Early object-
oriented and hybrid solutions have demonstrated the potential of integrating spectral, spatial, and
semantic information to provide GIS-ready products [33,34]. One of the first contributions in this
direction is represented by a work that developed a fuzzy approach capable of combining pixel-based
and object-based classifications to enhance urban class discrimination in high-resolution images [35].
Subsequently, other studies have shown how the integration of information from different levels of
analysis can improve both thematic accuracy and spatial coherence of the produced maps [36-38].

In this context, subsequent studies have confirmed that hybrid approaches can outperform
strictly pixel-based or object-based methods, especially in complex landscapes, for LULC mapping
from VHR images, demonstrating the potential of integrating pixel-level classification and object-
level analysis [39,40]. However, most hybrid frameworks remain primarily focused on accuracy and
are often designed to provide a single thematic map, with limited attention paid to the internal
heterogeneity of the object or the explicit representation of classification reliability.

Although relatively unexplored, this additional strand of research looks at the integration of
expert knowledge into classification workflows through rule-based systems, particularly effective for
products to be used in GIS environments. In the context of object-based classification, rules allow for
the incorporation of semantic constraints, spatial relationships, and contextual knowledge into the
classification process, thereby improving the interpretability and adaptability of the results [41].
Nevertheless, in many operational workflows, such rules remain implicit or are used only as post-
processing heuristics rather than as integral elements of the classification strategy. In some cases, the
use of a decision trees demonstrated how it can automatically derive interpretable rule sets within
the context of object-based land cover classification [42]. Another open question concerns the
representation of uncertainty in classification results. Traditionally, the quality of thematic maps is
assessed through synthetic indicators such as Overall Accuracy and Kappa coefficient. However,
several authors have highlighted how such global metrics are insufficient to describe the spatial
distribution of error and uncertainty in classified products [43-45], and more recent analyses
emphasize the need to use more articulated and contextual indicators to correctly interpret the results
[46].

In this context, there is an increasing need to develop spatially explicit reliability indicators
capable of representing not only overall accuracy but also the local stability of the classification. Such
information is particularly relevant in applications oriented towards land planning, where
understanding the uncertainty associated with the data is essential to support informed decisions
and to ensure that the results can be directly interpreted by end-users within GIS environments and
SDL

3. Materials and Methods
3.1. Dataset and Study Area

The methodology was tested using WV2 multispectral imagery, characterized by very high
spatial resolution (2 m) and eight spectral bands with 16-bit radiometric resolution, which enhance
the discrimination of land cover classes.

The study area corresponds to the Municipality of Pesaro (Marche Region, central Italy), a
representative medium-sized Mediterranean city (approximately 13,000 ha). The landscape is
characterized by dense urban fabric, industrial zones, complex agricultural mosaics, wooded hills,
and coastal environments.

GIS-based technical cartography provided by the local administration, including transport
networks, hydrographic features, and urban boundaries, was integrated into the workflow and
spatially aligned with the WV2 imagery. These ancillary layers, hereafter referred to as masking, were
applied as spatial constraints to selectively exclude predefined landscape elements. This approach
optimized both the segmentation and classification processes, enabling the automatic delineation and
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refinement of specific object classes. This strategy allows for a direct assessment of how masking
impacts classification quality and overall accuracy (Figure 1).

The study area represents a challenging test site for a large-scale (1:5000) automatic LULC
mapping, due to its high spatial heterogeneity and sharp land-use gradients, where both thematic
accuracy and spatial consistency are required. Consequently, the case study is not presented as an
isolated application, but rather as a representative scenario for many European municipalities facing
similar territorial mapping needs.

Figure 1. Municipality of Pesaro: location, WV2 imagery and GIS-based technical map.

3.2. Methodology

The proposed methodology is structured as a coherent, end-to-end workflow that integrates
image pre-processing, pixel-based classification, object-based spatial modeling, rule-based
refinement and finally the assessment (Figure 2).

wWw2
Multispectral Imagery I Ground and Ancillary data

‘—l—'

Image Processing and Feature Extraction
* Radiometric and geometry preprocessing
* Spectralindex (NDVI)
= Textural features (Gabor, Haralick, Ratio)
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Pixel-based Classification Image Segmentation
(AdaBoost) (Object Generation)

'—l—‘

Object based classification (WTA)
* Winnerclass
* Second class
* Percentage area per class

}

Rule-based refinement
* Semantic and contextual rules
* LULC Nomenclature constraints

|

Stability Assessment
* Internal membership consistency
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* GIS-ready LULC thematic map
* LULC Nomenclature constraints

Figure 2. Workflow of the framework.
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Attention is devoted to the pre-processing step, which is essential to ensure spectral consistency,
geometric reliability, and computational efficiency when operating on VHR satellite imagery.

The hybrid workflow is not conceived as a simple sequential chain of technical operations, but
as a structured integration strategy aimed at reconciling spectral discrimination, spatial abstraction,
and thematic interpretability. It was implemented in a modular architecture using the C++
programming language.

In this perspective, pixel-based classification preserves sensitivity to spectral variability, while
object-based structures provide spatial coherence and semantic aggregation required for large-scale
mapping standards.

3.2.1. Image Pre-Processing

WV2 multispectral bands were subjected to a series of standard yet essential pre-processing
steps to preserve the physical significance of spectral information and optimize the imagery for
subsequent analysis. Georeferencing ensured the correct spatial alignment of the imagery with
existing cartographic data and the GIS layers used for validation and interpretation, within the
National Reference System (Gauss-Boaga, Rome40). The multispectral image was co-registered to the
study area’s spatial reference framework, minimizing residual misalignments that could have
propagated errors during segmentation and object-based analysis.

To manage the high spatial resolution and data volume of WV2 imagery, an image pyramid
representation was generated. The pyramidal approach significantly reduces computational costs
during segmentation while preserving spatial patterns and spectral characteristics relevant to land
cover discrimination.

Spectral and textural features were then derived to enhance class separability [47,48]. The
Normalized Difference Vegetation Index (NDVI) was calculated and integrated, as an additional
layer, to support the discrimination of vegetated and non-vegetated surfaces. To improve the
differentiation of spectrally similar urban materials, Haralick texture features (Entropy, Contrast,
Homogeneity) were extracted from Gray-Level Co-occurrence Matrices (GLCM), which quantifies
spatial relationships between adjacent pixels [49]. These features are particularly relevant for
distinguishing built-up areas, impervious surfaces, and mixed urban fabrics where spectral responses
alone are often insufficient.

Complementary texture information was obtained using Gabor filters, which provide multi-
scale and multi-orientation representations of spatial frequency content, particularly suitable for
urban and agricultural pattern detection [50]. Gabor-based features are highly effective in detecting
repetitive patterns and directional structures, such as those associated with urban morphology, road
networks, and agricultural row structures [51].

Band algebra was applied to generate pseudo-bands through algebraic operations between the
original spectral bands. Band ratios are particularly effective in reducing illumination effects caused
by terrain slope and enhancing spectral contrasts relevant to object definition during segmentation.
While various band combinations produce markedly different visual responses, their utility is
evaluated primarily based on segmentation performance rather than visual appearance. In this study,
experimental tests identified the NIR/Coastal ratio as the most effective for enhancing boundary
definition and supporting large-scale image segmentation.

The resulting feature set enriched the spectral-spatial representation of the WV2 imagery and
provided a robust input for subsequent analysis in complex and mixed land-use environments
(Figure 3).
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(c) (d)

Figure 3. Images from Gabor filter (a), Haralick filter (b), NDVI filter (c), and Ratio image (d).

3.2.2. Pixel Based Classification

The first analytical step of the framework involves a pixel-based supervised classification,
designed to fully exploit the spectral and textural richness of WV2 imagery while preserving fine-
scale thematic information prior to spatial aggregation. This pixel-level approach is intentionally
adopted as the initial stage to maximize thematic detail and generate soft class membership values,
which constitute a key input for subsequent object-based aggregation and rule-based refinement.

Classification was performed using the AdaBoost (Adaptive Boosting) algorithm within a
supervised learning context. AdaBoost is an ensemble learning technique that iteratively combines
multiple weak classifiers into a single strong classifier by adaptively re-weighting training samples
based on their classification difficulty [52]. In each iteration, higher weights are assigned to
misclassified pixels, forcing the algorithm to focus progressively on spectrally ambiguous or
heterogeneous areas. This iterative mechanism makes AdaBoost particularly suitable for VHR
imagery, where class boundaries are complex and intra-class variability is high.

Training and control samples were manually selected for each land cover class using
representative areas distributed across the study area. These datasets were explicitly associated with
the CORINE Land Cover (CLC) nomenclature at the third hierarchical level, including artificial
surfaces, agricultural areas, forest and semi-natural environments, and water bodies. This choice
ensures a standardized and transferable thematic structure, while maintaining semantic consistency
across pixel-based classification, object-level aggregation, and stability assessment.

Sample selection represents one of the most critical phases of the classification process, as the
quality and spatial correctness of training and control samples directly influence classification
performance. To reduce bias and improve generalization, samples were selected to ensure spectral
representativeness, spatial diversity, and independence between calibration and validation datasets.
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The first pixel-based classification, obtained after convergence of the boosting process, produced
a detailed thematic map characterized by high local accuracy but affected by the typical salt-and-
pepper effect associated with pixel-level approaches applied to VHR imagery (Figure 4).

PIXEL CLASSIFICATION LEGEND
Permanent meadows
Wooded

Maritime waters

Continuous residential settlement

Industrial and commercial settlement

Infrastructure networks

Arable land in a non-vegetative state

Arable land in a vegetative state

Permanent crops

Beaches, dunes and sands

Waterways, canals and waterways

Figure 4. AdaBoost classification (10 masking).

A second pixel-based classification was implemented following the application of a mask (class
999), derived from urban, road, and river layers provided by the Municipality of Pesaro and
superimposed onto the spectral data. As shown in Figure 5, the resulting thematic map is spatially
coherent, featuring well-defined class boundaries and a limited ‘salt-and-pepper’, local noise effect,
which underscores the positive impact of masking on classification clarity. However, the resulting
map still exhibits a systematic overestimation of the Permanent crops class within urban areas, mainly
due to spectral similarities between urban vegetation and agricultural surfaces at very high spatial
resolution. Such a limitation highlights the intrinsic weakness of strictly pixel-based approaches in
semantically complex environments.

PIXEL CLASSIFICATION LEGEND
23 | Permanent meadows
31 |Wooded
52 | Maritime waters
111 | Continuous residential settlement
121 [Industrial and commercial settlement
122 | Infrastructure networks

211 |Arable land in a non-vegetative state
212 |Arable land in a vegetative state
22 Permanent crops

331 |Beaches, dunes and sands
999 |Mask
12224 Other dirt roads

Figure 5. AdaBoost classification (with masking).

The AdaBoost classifier, that achieved robust performance, with an Overall Accuracy of 90%
and a Kappa coefficient of 0.88, in the no masking case, was improved with an Overall Accuracy of
91% and a Kappa coefficient of 0.895, with masking refined. In any case these results confirm the
suitability of AdaBoost as a reliable baseline for VHR multispectral classification.

Nevertheless, the pixel-based outputs were not treated as final products. Despite their high
thematic detail, they remain affected by local noise and semantic ambiguity in heterogeneous
environments. For this reason, pixel-based classification is embedded within a hybrid framework,
where soft class memberships, by AdaBoost, are aggregated at the object level and subsequently
refined through explicit rule-based reasoning. This strategy enables classification uncertainty to be
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propagated and spatially operationalized through the stability map, providing a direct link between
pixel-level discrimination and object-level reliability assessment.

3.2.3. Image Segmentation

Image segmentation represents a pivotal stage in the proposed hybrid framework, as it defines
the spatial units through which pixel-level information is aggregated and transformed into GIS
objects. In this study, segmentation is conceived not merely as a pre-processing step, but as a
structural component that bridges the gap between fine-scale spectral information and semantically
meaningful landscape entities relevant for territorial planning.

Segmentation quality directly affects both object geometry and the effectiveness of subsequent
object-based classification. Variations in input imagery, texture features, and segmentation
parameters result in fluctuating object counts and boundary precision. Accordingly, segmentation
quality must be defined in relation to the intended application, input data characteristics, and
thematic requirements of large-scale LULC mapping, in line with established OBIA principles [33].

The image segmentation algorithm, employed in this study, integrates edge-detection and
region-growing strategies, combining boundary-sensitive information with region homogeneity
criteria. Region growing aggregates spatially adjacent pixels based on spectral similarity criteria,
while edge-detection identifies radiometric discontinuities that constrain region expansion and
improve boundary localization. The underlying hypothesis is that significant objects within
multispectral imagery are characterized by closed boundaries, which play a dominant role in object
perception and recognition.

Segmentation was performed on the pyramidal Coastal band of WV2 imagery, selected for its
sensitivity to fine spatial discontinuities and its ability to enhance object boundaries in heterogeneous
landscapes. The use of an image pyramid approach facilitated segmentation at an appropriate spatial
scale, reducing computational complexity while preserving dominant spatial patterns and structural
landscape features. Segmentation was provided both with no masking and with masking, enabling a
direct evaluation of the effect of ancillary spatial constraints on object geometry and homogeneity
(Figure 6).

Figure 6. Segmentation suitable for large-scale mapping: no masking (left), with masking (right).

Segmentation parameters were configured to generate geometrically regular and
cartographically meaningful objects, assigning higher weights to compactness, solidity, and
convexity, and lower weights to roundness and shape factors. Parameters with marginal impact on
segmentation quality were held constant based on established literature and preliminary testing. The
analysis focused on optimizing key variables: input imagery, spectral difference threshold, theta
coefficient, and minimum mapping unit (MMU). These parameters were calibrated through an
iterative process to strike a balance between over-segmentation (resulting in fragments lacking
semantic meaning) and under-segmentation, which risks merging distinct land cover types, such as
urban fabric, agricultural parcels, and natural areas, into single objects.

To further reduce over-segmentation, a region redistribution phase based on spatial adjacency
and spectral similarity was applied. This strategy, inspired by Yu and Wang [53], was adapted in this
study to improve robustness and flexibility when processing heterogeneous VHR imagery.
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Although a perfect correspondence between image objects and real-world geographic features
cannot be assumed, the adopted segmentation strategy produces spatial units that are sufficiently
coherent to support object-based classification, rule-based reasoning, and planning-oriented spatial
analysis, in a GIS environment [25].

3.2.4. OBIA Classification

Following image segmentation, pixel-level classification outputs were aggregated at the object
level to transform detailed but noisy pixel-based results into spatially coherent and semantically
meaningful LULC objects. This aggregation step constitutes an important step of the proposed hybrid
framework, as it explicitly bridges probabilistic pixel-based classification with object-based spatial
entities compatible with GIS data models and territorial planning requirements.

Object-level representation preserves internal heterogeneity while enabling spatial coherence,
allowing the identification of mixed or transitional features, which are common in fragmented and
peri-urban landscapes. Integration is achieved by means structured aggregation strategies, including
Winner Takes All (WTA) rules and membership-based attribution. The initial WTA classification is
applied to the output derived from the AdaBoost classifier and mapped to segmented objects without
masking (Figure 7) [54].

At this stage, object labeling was not based on the assignment of a single dominant class. Instead,
for each object, pixel-level membership values were ranked to derive object-level membership
distributions. Pixel-based thematic information was aggregated within each segmented object by
counting the number of pixels assigned to each class and their respective membership values.

This aggregation allowed the identification of dominant and secondary classes, the computation
of area percentages for each class, and the estimation of intra-object heterogeneity. Spatial effects
become clearly visible when the same pixel-based classification is referenced to objects derived from
masked segmentation (Figure 8). This approach is particularly critical for LULC mapping in complex
peri-urban environments characterized by gradual land-use transitions, as it preserves information
on mixed land-cover conditions and provides a quantitative basis for both rule-based refinement and
stability assessment.

Similar aggregation strategies have proven effective in bridging pixel and object-based
paradigms and in supporting GIS integration of classified products. Object-level aggregation was
performed in accordance with the third-level CLC nomenclature adopted in this study.

LEGEND OBJECT-BASED CLASSIFICATION (WTA)
23 |Permanent meadows
31 |Wooded
52 | Maritime waters
111 | Continuous residential settlement
121 |Industrial and commercial settlement
122 |Infrastructure networks
211 |Arable land in a non-vegetative state
212 |Arable land in a vegetative state
22 |Permanent crops
331 |Beaches, dunes and sands
511 |Waterways, canals and waterways

Figure 7. AdaBoost + OBIA (10 masking).
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LEGEND OBJECT-BASED CLASSIFICATION (WTA)
23 | Permanent meadows

31 |Wooded

52 Maritime waters
111 |Continuous residential settlement
121 |Industrial and commercial settlement
122 |Infrastructure networks
211 |Arable land in a non-vegetative state
212 |Arable land in a vegetative state

22 |Permanent crops
331 |Beaches, dunes and sands

999 |Mask
12224/ Other dirt roads

Figure 8. AdaBoost + OBIA (with masking).

3.2.5. Stability Accuracy Assessment

The accuracy assessment of OBIA classification is based on stability. In this context, stability is
interpreted as the degree of thematic dominance within each object and is quantified by a stability
(confusion) index. Stability is derived from the internal consistency of pixel-level membership values
relative to the assigned class and is expressed as a continuous measure ranging from 0 to 1, used to
distinguish between areas of high thematic confidence and zones of intrinsic ambiguity.

Rather than being dismissed as classification errors, low-stability objects are considered as
significant indicators of landscape complexity, semantic overlaps, or scale discrepancies. Specifically,
instability tends to cluster in heterogeneous urban areas and within large-scale objects encompassing
multiple land-use types. Although unstable polygons may represent a significant portion of the total
objects count, their spatial distribution and areal extent indicate that instability is fundamentally
linked to inherent landscape complexity rather than random classification errors.

The stability of each object R;is quantified through a stability (confusion) index CI;, defined as:

Cly = W @
where W;represents the membership value of the winning class within object R;, and S;corresponds
to the membership value of the second most represented class.

Low values of CI;indicate a clearly dominant class within the feature, corresponding to
homogeneous and reliable objects, whereas high values of CI; identify mixed objects characterized
by competing class memberships, reflecting greater classification uncertainty. Based on the stability
index defined in Equation (1), objects were classified as stable or unstable using a threshold value
T = 0.65:

CI; > t = Unstable object (2)

CI; < T = Stable object (3)

The threshold was empirically derived from exploratory analysis and previous experimental
evidence. This approach reflects a methodological choice where uncertainty is not suppressed but
rather explicitly mapped and managed as a core component of the cartographic product.

While the conventional confusion matrix, derived from pixel-based classification, provides an
overall measure of thematic accuracy, it does not identify the spatial distribution of classification
uncertainty. The proposed hybrid framework overcomes this limitation by generating an explicit
Stability Map, which distinguishes stable and unstable objects based on the confusion index. This
map supports interpretation of the final LULC product by highlighting polygons whose classification
requires verification before operational use. Moreover, the Stability Map highlights areas of high
internal heterogeneity, where multiple classes coexist within the same object, supporting both rule-
based refinement and the definition of more complex, semantically coherent LULC classes.
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Figures 9 and 10 illustrate the Stability Map obtained with no masking and with masking,
respectively, and the corresponding accuracy metrics, expressed as the percentage of unstable versus
stable polygonal areas, across the study area, serving as indicators of the thematic reliability of the
OBIA classification.

Instability | 41%
Stability |59%

Instability | 33%
Stability |67%

Figure 10. Stability Map (with masking).

3.2.6. Rule Based Refinement

Rule-based refinement was implemented as a hierarchical set of transparent decision rules
operating on object-level membership distributions. This approach follows well-established
principles of OBIA and GIS-integrated classification, where rules are employed to formalize domain
knowledge and resolve ambiguities that cannot be effectively handled by statistical classifiers alone.
Rather than replacing automated classification, the rule-based component complements it by
introducing controlled expert intervention where automated evidence is insufficient.

Rules ensure semantic consistency of final class assignments, as each object label can be directly
traced back to a specific combination of membership conditions and decision rules, facilitating
validation process, sensitivity analysis, and transferability across study areas and planning objectives
(Table 1). For instance, objects predominantly characterized by artificial surface classes, but showing
residual membership in vegetation categories, were assigned to urban fabric classes only when
artificial memberships exceeded predefined thresholds. This approach prevented the
misclassification of urban green spaces as built-up areas. However, object heterogeneity was
explicitly exploited to identify mixed land-use classes through dedicated rule sets.

The rule-based refinement substantially improves the initial WTA results. In particular, the over-
representation of the Permanent Crops class is substantially reduced in both urban and agricultural
contexts, while the newly introduced mixed classes enhance overall thematic consistency.

Table 1. Object-level rule-based refinement applied to the WTA results.
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D n(Ié)l:)je;nLele;ls Decision Logic Purpose Stability Impact
Winner is Class 2.2; Reduces misclassification of ~ Increases object

cultural 1 i
Second is Class 2.1.1  Assign object to agricultural and urban  stability by resolving

R1 or2120r23 0r31 Second dominant fringe polygons erroneously mixed membership

labelled as permanent crops  distributions and

and %area of Second class . ..
is> 15% due to sparse trees or mixed reducing internal class
B vegetation heterogeneity
Introduces a semantically Stabilizes objects with
Assign object to meaningful mixed high spectral and

Winner is Class 2.1.1

RD and %area of Class Comple?c cropping agricultur.al—settlement functior?al
111 s> 20% and particle systems class capturing fragmented  heterogeneity by
(Class 2.4.2) cropping systems with  assigning a dedicated
scattered buildings mixed-use class
Reduces instability by

Winner is Class 2.1.1  Assign object to
or212or23and  Temporary crops
R3 Second is Class 2.2 associated with
and %area of Second  permanent crops
is 225% (Class 2.4.1)

Explicitly models preventing forced
coexistence of temporary assignment to single
and permanent crops  agricultural classes in
within the same parcel mixed cropping
systems

By redistributing class memberships at the object level according to explicit contextual rules, the
refinement directly modifies the internal membership structure of each object. This evidence is
subsequently quantified by the Stability Map as a spatially explicit indicator of classification
reliability and residual ambiguity.

As a final refinement step, GIS features representing built-up areas were employed as spatial
masks to constrain OBIA. Specifically, objects spatially intersecting the built-up mask were restricted
from being assigned to non-artificial CLC classes, enforcing semantic consistency between remote
sensing data and existing geospatial datasets. This GIS-based constraint complements the process,
resulting in enhanced thematic reliability and overall accuracy.

Overall, the results confirm that a rigid application of OBIA alone can lead to excessive semantic
oversimplification and the loss of thematic detail. The integration of rule-based refinement
significantly improves thematic stability. By incorporating contextual information and expert-
defined rules, several unstable polygons are reassigned to more semantically coherent classes,
particularly in complex urban environments.

As shown in the following Results section, the Stability Map of the final LULC product,
highlights a clear reduction in the percentage of unstable polygonal areas after rule-based refinement
and masking, demonstrating the effectiveness of controlled expert intervention within the proposed
hybrid framework. This approach yields LULC map that is not only thematically accurate, but also
semantically consistent. This integration ensures a robust transition from pixel-level classification to
GIS-ready thematic products, while preserving the necessary information for subsequent stability
assessments. Furthermore, this explicit formalization of expert knowledge enhances the long-term
reproducibility and maintainability of the classification framework.

4. Results

The results of the proposed hybrid pixel-object-rule-based approach are presented to evaluate
both the performance of the automated EO analysis, and the added value provide by the stability
assessment. The following comparison aims to highlight not only the differences in global accuracy
metrics but also the significant qualitative and spatial improvements introduced by the method,
which make it well-suited for operational use.

Overall, the GIS-ready LULC map is characterized by high thematic coherence, reduces salt-and-
pepper noise, and improves spatial consistency compared to purely pixel-based classification (Figure
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11). Urban fabrics, agricultural parcels, and natural areas are delineated in closer agreement with
real-world landscape entities, reflecting the synergistic effect of object-level aggregation and rule-
based semantic constraints. Compared to standard OBIA outputs, the hybrid framework shows an
enhanced capability to manage internal object heterogeneity. While OBIA alone improves spatial
regularity, it can still suffer from misclassification when segmented objects contain mixed spectral
signatures. By maintaining and leveraging pixel-level membership distributions, the hybrid
proposed approach mitigates this limitation, enabling rule-based refinement to resolve ambiguous
cases in a transparent and reproducible manner.

The spatial distribution of stability values further refines the result interpretation. High stability
objects are predominantly associated with spectrally homogeneous and semantically well-defined
classes, such as compact urban areas, dense vegetation, and uniform agricultural fields. In contrast,
low stability values are consistently observed in fragmented land-use patterns and transitional or
mixed land-cover areas. This spatial behavior confirms that the Stability Map captures meaningful
information regarding classification reliability rather than random noise (Figure 12).

Beyond representing internal heterogeneity, the Stability Map acts as an operational diagnostic
layer, systematically highlighting objects that require expert re-evaluation due to a higher probability
of misclassification. This capability supports targeted validation strategies, allowing quality control
efforts to focus on critical areas rather than being uniformly applied across the map. Such behavior
confirms that stability can be interpreted not only as a measure of internal consistency, but also as a
practical indicator for error localization and quality control in planning-oriented classification
workflows.

Finally, the integration of the GIS-based technical map masking procedure contributed to a
moderate but steady improvement in global accuracy metrics, particularly by reducing semantic
misclassifications within inhabited areas and enhancing the separation between homogeneous and

heterogeneous objects.

HYBRID CLASSIFICATION LEGEND

23 |Permanent meadows
31 [Wooded
52 |Maritime waters
111 |Continuous residential settlement
121 |Industrial and commercial settlement
122 |Infrastructure networks
211 |Arable land in a non-vegetative state
212 |Arable land in a vegetative state
241 |Temporary crops associated with permanent crops
242 |Complex cropping and particle systems
22 |[Permanent crops
331 |Beaches, dunes and sands
999 |Mask

12224 | Other dirt roads

Instability | 27%
Stability |73%

Figure 12. Stability Map.
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4.1. Quantitative Comparison Between the Approaches

A concise quantitative comparison was conducted to evaluate the performance of different
classification strategies presented herein: (i) pixel-based classification no masking, (ii) pixel-based
classification with masking, (iii) OBIA classification no masking, (iv) OBIA classification with
masking, and (v) the proposed full hybrid framework with rule-based refinement.

Results show a consistent improvement in overall accuracy metrics when transitioning from
pixel-based to OBIA and, finally, to the hybrid approach (Table 2).

Table 2. Accuracy comparison between classification approaches.

Classification Masking Rulfe-Based Overall Kal?p.a Stability Index*
Approach Refinement Accuracy Coefficient
Pixel-based No No 90% 88
classification
Pixel-based Yes No 91% 89,5
classification
OBIA No No 59%
OBIA Yes No 67%
Full hybrid
framework Yes Yes 73%
(OBIA + rules)

* The stability index is expressed as a percentage of the object’s stable areas.

The proposed hybrid framework achieves the highest overall performance, confirming the
added value of combining pixel-level probabilities, object-based aggregation, and explicit rule-based
refinement. The stability index complements traditional accuracy metrics by preserving spatial
variations in classification reliability. While Overall Accuracy and Kappa summarize classification
performance into single values, the Stability Map preserves local variations in reliability. This allows
for the identification of regions where classification results are dependable and areas where caution
or further validation is required.

This additional layer of information is particularly relevant in planning-oriented applications,
where localized uncertainty can significantly impact decision-making. By providing an explicit
reliability indicator, it enables the informed use of LULC products in spatial analysis and planning
processes.

5. Discussion

The results obtained highlight how the proposed hybrid classification framework constitutes a
methodologically robust solution for the analysis of VHR satellite images in complex territorial
contexts. The most relevant aspect emerging from the analysis of the results does not exclusively
concern the improvement of performance by combining different approaches, but rather the
method’s ability to produce additional spatial information on the internal coherence and reliability
of the classification, which are directly interpretable in an operational context of geospatial data
usage. From this perspective, the discussion focuses on the main methodological contributions
emerging from the analysis of the results.

One of the most evident aspects of the results concerns the framework’s ability to
complementarily exploit the information available at different scales of analysis. The combination of
the two analytical approaches makes it possible to preserve the informational detail of multispectral
data without compromising the spatial structure of the LULC map, generating territorial objects that
are closer to the real entities of the landscape compared to purely pixel-based classifications.
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A second significant contribution concerns the introduction of rule-based refinement in the final
process of thematic map production. The results highlight how the rule-based system acts as an
interpretation level that integrates statistical information derived from classification with explicit
decision criteria, allowing for more flexible management of the internal variability of objects. This
approach introduces an element of interpretability and transparency into automatic classification, as
final decisions do not depend exclusively on the behavior of an automatic classifier, but can be traced
back to formalized and verifiable rules. From a methodological point of view, this aspect represents
an important step towards the development of more interpretable classification workflows, in line
with the growing need for explainability in geospatial analysis processes.

A central element emerging from the results concerns the role of Stability Map as a classification
evaluation tool. Traditionally, the quality of LULC classifications is evaluated through global
accuracy metrics that, although they are indispensable for comparing different methods, they do not
provide indications on the spatial distribution of uncertainty. The stability index, coming from the
distribution of pixel-level memberships within each object, represents a synthetic measure of the
semantic compactness of the object with respect to the assigned class, defining in this manner the
evaluation of the internal coherence of classified objects.

The analysis of the results shows that stability is not randomly distributed in space but reflects
significant territorial patterns. Areas characterized by high stability values generally correspond to
spectrally and morphologically homogeneous surfaces, while lower values are concentrated in
transition zones or in more complex territorial contexts. This behavior suggests that the Stability Map
does not simply represent a technical indicator of classification quality but can be interpreted as a
spatial proxy of the territorial complexity observed in the image.

At this point, a relevant aspect concerns the potential operational use of the Stability Map. The
possibility of explicitly representing the spatial distribution of classification reliability allows for
overcoming the traditional binary approach based on the distinction between correct and incorrect
classifications. Instead of merely evaluating the overall performance of the model, the methodology
allows for identifying areas characterized by different levels of reliability, providing users with a
concrete tool for interpreting classification results.

In applied contexts, this information can be used to:

J support targeted validation activities, concentrating checks in areas of low stability;
J identify territorial zones characterized by high heterogeneity;
. integrate an explicit informational layer on data quality into GIS.

In this sense, Stability Map can be considered as a true metadata quality layer integrated into
the geographical product, fully compatible with the logic of SDI, where transparency and traceability
of information represent fundamental requirements for supporting territorial decisions [55].

Overall, the results suggest that the main contribution of the work does not solely lie in the
improvement of accuracy metrics compared to reference approaches. The added value of the
methodology consists rather in defining a workflow that integrates cartographic production and the
evaluation of its reliability within the same analytical process.

This approach introduces a methodological perspective in which classification is no longer
considered a static result, but as an informational product enriched with explicit indicators of its
coherence and stability.

In this perspective, the proposed framework moves beyond conventional LULC classification
approaches by embedding the evaluation of spatial reliability directly within the mapping process,
enabling classification outputs to function not only as thematic representations of land cover but also
as operational tools for managing uncertainty in spatial decision-making. As also highlighted in
recent studies, the integration of explicit reliability indicators into remote sensing derived products
represents an increasingly relevant research direction for making geospatial information truly usable
in applied contexts [56].

6. Conclusions
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This paper presented a hybrid classification framework, using VHR imagery, to overcome the
limitations of purely pixel or OBIA methods, producing GIS-ready LULC maps with improved
thematic coherence and spatial consistency.

A core contribution of this work is the introduction of the Stability Map as a spatially explicit
reliability indicator associated with the final classification. Unlike traditional global accuracy metrics,
stability is computed at the object level and preserved as an independent information layer.
Uncertainty and internal heterogeneity are therefore not treated as residual effects of the classification
process, but they are explicitly mapped up and made accessible to end users. This marks a conceptual
shift from simple and general accuracy to the confidence mapped, which is particularly useful for
applications where local reliability takes precedence over global performance statistics.

From a planning perspective, the proposed framework supports decision-making processes by
providing both thematic information and explicit reliability indicators. These enable risk-based
analysis, prioritization of field surveys, and adaptive planning strategies. Objects characterized by
high stability can be used with confidence for regulatory, analytical, and monitoring purposes;
conversely, low-stability areas can be systematically identified as critical zones requiring further
inspection, validation, or targeted data acquisition.

This approach aligns with SDI principles emphasizing transparency, usability, and quality
awareness in spatial decision support systems.

Beyond this specific case study, the methodology is transferable to other VHR datasets and
planning contexts, as it relies on interpretable features, explicit decision rules, and modular
processing stages rather than black-box optimization.

Looking ahead, this hybrid classification framework offers significant opportunities for further
development. The stability concept could support multi-temporal and change-detection analyses,
enabling the assessment of temporal consistency and the reliability of detected changes, as well as
the integration of the proposed workflow into automated, scalable SDI services. Incorporating
additional data sources, such as LiDAR or SAR, could further enhance class discrimination.
Moreover, advancements in machine learning, particularly in Al could bolster the adaptive
components of rule-based systems while preserving their interpretability.

From an institutional perspective, adopting hybrid methodologies could foster standardized,
repeatable workflows for land-use mapping at regional and administrative levels. This would
facilitate consistent monitoring, reduce production costs, and improve the comparability of spatial
data over time.
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