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Abstract

Accurate land cover mapping at very high spatial resolution is essential for monitoring urban and environmental dynamics, yet the
transferability of deep learning models across geographic domains remains a challenge. This study evaluates the transferability
and generalization capability of the FLAIR-HUB semantic segmentation model, originally trained on French aerial imagery, when
applied to the metropolitan area of Ias, i, Romania. The model is tested across multiple spatial resolutions (0.084 m, 0.2 m, and
0.5 m) and temporal scenarios (2024 vs. 2019), enabling a comprehensive assessment of cross-resolution and temporal robustness.
A novel validation framework is introduced, combining conventional 2D raster-based evaluation with a 3D point-wise assessment
using semantically labeled UAV-derived point clouds. The results demonstrate strong performance for dominant classes such as
buildings and herbaceous vegetation, with improved accuracy at higher spatial resolution, while stable classes such as buildings and
impervious surfaces show a comparatively robust performance, confirming the model’s capability to consistently represent invariant
land cover types. However, performance decreases for heterogeneous and vegetation-related classes due to seasonal variability and
class complexity. The 3D validation reveals slightly lower but consistent results, highlighting its role as a more rigorous evaluation
approach. Overall, the study confirms the potential of transferring pre-trained semantic segmentation models to new geographic
contexts, while emphasizing the importance of spatial resolution, temporal consistency, and validation strategy.

1. INTRODUCTION

Accurate Land Cover (LC) mapping using remote sensing tech-
nologies is essential for monitoring key anthropogenic devel-
opment factors such as urban expansion, deforestation, and soil
sealing, particularly in regions undergoing rapid and complex
structural transformations, as observed in post-socialist Eastern
Europe (Garioud et al., 2025, Kucsicsa et al., 2019, Kuemmerle
et al., 2016). Reliable LC information supports spatial plan-
ning, environmental monitoring, and sustainable land manage-
ment (Ranatunga et al., 2026, Barman et al., 2026). At con-
tinental scale, publicly available products such as the European
CORINE Land Cover (CLC) database remain the primary source
of harmonized Land Use/Land Cover (LULC) information (Fer-
anec et al., 2016). However, despite continuous updates, CLC
data are limited by their relatively coarse spatial resolution-
historically 25 m and more recently 10 m—restricting their ap-
plicability for detailed urban and peri-urban analyses (Schultz
et al., 2025, Rujoiu-Mare and Mihai, 2016). Recent develop-
ments aim to overcome these limitations by integrating multi-
source data. For instance, the OSMlanduse dataset combines
OpenStreetMap information with Sentinel-2 imagery to provide
generalized LULC maps at 10 m resolution (Schultz et al., 2025).
Similarly, large-scale products derived from satellite time series,
such as those based on Sentinel-2 or Landsat data, have im-
proved temporal consistency but still lack the spatial detail re-
quired for fine-scale mapping (Manakos and Braun, 2014). In
this context, deep learning approaches—particularly convolu-

tional and transformer-based architectures—have demonstrated
significant potential for extracting high-resolution land cover
information, although challenges remain regarding their trans-
ferability across different geographic regions and acquisition
conditions (Garioud et al., 2025, Mo et al., 2022). The French

National Institute of Geographical and Forest Information (IGN)
has addressed this need by developing the FLAIR-HUB dataset
and its deep learning architectures, designed to fuse Very High
Resolution (VHR) aerial imagery (0.2 m spatial resolution) with
multi-temporal satellite data. However, this model’s capability
for generalization remains largely untested in geographically
and structurally distinct domains (Garioud et al., 2025, Garioud
et al., 2023a). Therefore, our proposed research investigation
analyses the ability of the FLAIR-HUB model to generalize to
a novel geographic context represented by the Ias, i metropolitan
area and its surroundings in Romania. As input, a UAV-based
orthophoto data set from 2024 with 0.084 m spatial resolution is
used. To the best of our knowledge, this research produces the
first land cover map of Ias, i city at an unprecedented very-high
resolution of 0.084 m for the year 2024. Compared with the
existing OSMlanduse dataset (Schultz et al., 2025), our meth-
odology firstly offers significantly higher spatial resolution, and
secondly utilizes the fine-grained semantic segmentation capab-
ilities of the FLAIR-HUB architecture to enable a precise focus
solely on Land Cover elements. Furthermore, a detailed tem-
poral robustness assessment will be performed by applying the
trained network parameters to the Iasi orthophoto from 2019 at
50 cm resolution, thus comparing classification accuracy across
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significantly different VHR inputs. As a key methodological
contribution, this study aims to validate the thematic accuracy
of the final land cover map using UAV-based photogrammetric-
ally semantically classified 3D point clouds.
Specifically, our research investigation has the main purpose in
finding the answers to the following research questions:

1. What is the spatial generalizability performance of the FLAIR-
HUB model, trained on French aerial data, when applied
to the geographically and structurally distinct landscape in
Iasi, Romania?

2. How to successfully transfer a semantic segmentation model,
primarily trained on 0.20 m very-high-resolution aerial data,
to datasets featuring significantly different spatial resolu-
tions, such as finer (0.084 m) or coarser (0.5 m)?

3. What is the temporal repeatability of the transferred model,
defined as the constancy of LC classification accuracy when
moving from the very high resolution 2024 input data to
the lower resolution 2019 orthophoto (0.084 m vs. 0.50 m)?

The manuscript is organized as follows: Section 2 describes the
study area and datasets; Section 3 presents the methodological
framework; Section 4 discusses the results; and Section 5 con-
cludes the work and outlines future research.

2. STUDY AREA AND USED DATASETS

The study focuses on the city of Ias, i, located in northeastern Ro-
mania, and its peri-urban surroundings (Figure 1). The area rep-
resents a diverse landscape, combining dense urban zones, in-
dustrial areas, and agricultural land, which makes it suitable for
testing the transferability and generalization of pretrained deep
learning models for land cover mapping. The FLAIR-HUB se-
mantic segmentation model is applied to recent UAV-based or-
thophotos derived from an aerial photogrammetric flight from
2024 with an Ultracam Eagle Mark 3 from Vexcel. The ortho-
photos have a spatial resolution of 0.084 m and are georefer-
enced in the national Stereo 70 coordinate system, with nor-
mal heights defined relative to the Black Sea vertical datum
(EPSG:3844). For temporal analysis and to test robustness across
variable input quality, the analysis also employs aerial-based or-
thophotos at a coarser 0.5 m spatial resolution, derived from a
fotogrammetric flight in 2019.
A rigorous model validation is achieved through Unmanned
Aerial Vehicle (UAV) photogrammetrically derived point clouds,
which are manually labeled to match the Land Cover semantic
classes defined by the pre-trained FLAIR-HUB model. The
reference UAV dataset was acquired on May 23 2025 with a
Matrice 350 RTK UAV system equipped with a SHARE penta
camera model (PSDK 102S V3 445), flown at a height of 60
meters above ground level, covering an area of 0.2km2 on the
ground. The subsequent photogrammetric processing was per-
formed using Agisoft Metashape, incorporating 28 Ground Con-
trol Points (GCPs) to ensure high spatial accuracy.

3. METHODOLOGICAL FRAMEWORK

The proposed methodological framework focuses on evaluat-
ing the cross-domain transfer of the pre-trained FLAIR-HUB
semantic segmentation model to very high and coarser resolu-
tions of orthophotos of 0.084 m and 0.50 m, in Iasi metropol-
itan area (Garioud et al., 2025, Garioud et al., 2023a, Garioud
et al., 2023b). The swin base patch4 window12 384 encoder

Figure 1. Overview of the orthophoto from 2024 (0.02 m) over
the Ias, i metropolitan area, with marked location of the validation

UAV dataset (yellow).

with Aerial RGBI modality and the upernet deocoder with
AERIAL LABEL − COSIA modality were considered in
the FLAIR-HUB model architecture to detect the following 15
land cover classes: building, greenhouse, swimming pool, im-
pervious surface, pervious surface, bare soil, water, snow, herb-
aceous vegetation, agricultural land, plowed land, vineyard, de-
ciduous, coniferous, and brushwood. The model inference was
performed on tiles of 2048 pixels with 512 pixel overlapping
margins each to avoid edge artifacts.
Corresponding to each experimental scenario, specific input and
output spatial resolutions were defined according to the charac-
teristics of the respective orthophotos. For the 2024 dataset, two
configurations were evaluated: (i) a native high-resolution setup
with both input and output at 0.084 m, and (ii) a resampled con-
figuration with input and output at 0.2 m. For the 2019 dataset,
a multi-resolution approach was adopted, using an input resolu-
tion of 0.5 m and generating predictions at an output resolution
of 0.2 m.

3.1 Proposed Workflow

The proposed workflow for evaluating the FLAIR-HUB model
transferability in Iasi, Romania (Figure 2) comprises the fol-
lowing main steps:
(1) Data preparation and harmonization: this initial step en-
sures that both the high-resolution (0.084 m) and coarse-resolution
(0.50 m) orthophotos from 2024 and 2019, respectively are well
georeferenced in the same reference coordinate frame.
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(2) Model inference: the pre-trained FLAIR-HUB semantic
segmentation model is applied to both input orthophotos at dif-
ferent spatial resolutions for generating land cover prediction
maps.
(3) Validation: semantic segmentation results are quantitat-
ively assessed against high-precision reference data derived from
semantically labeled UAV 3D point clouds.

Figure 2. Overview of the workflow developed to evaluate the
transferability performance of the IGN FLAIR-HUB model for

land cover mapping in the Ias, i metropolitan area, Romania.

The comparison between predicted land cover maps and refer-
ence UAV-derived 3D semantic labels enables a rigorous quant-
itative assessment of classification performance and supports
the evaluation of model transferability across varying spatial
resolutions and temporal domains. The UAV-derived data sup-
ports two complementary validation approaches:

(1) a 2D approach, when the labeled 3D point clouds are ras-
terized to create a spatially aligned reference map. This will en-
able a direct pixel-level comparison against the predicted land
cover maps for quantitative accuracy metrics.
(2) a 3D approach, when the 2D semantic labels produced by
the segmentation model are projected onto the 3D point cloud,
facilitating a point-wise evaluation of classification consistency
in a complex, three-dimensional space.

3.2 Class Harmonization and Thematic Compatibility

Prior to comparative accuracy assessment, to ensure a consist-
ent and statistically valid comparison between the classified or-
thophoto and the classified point cloud, a harmonized classifica-
tion scheme was established . As the two datasets differ in their
geometric properties, spatial resolution, and object detectabil-
ity, certain object classes present in the point cloud were not
explicitly represented in the orthophoto classification. There-
fore, a semantic harmonization of classes was required.
In line with the labeling strategy adopted in the FLAIR model,
movable and small-scale objects were not treated as independ-
ent land cover classes. Instead, they were assigned to the class
of the underlying surface on which they are located. This ap-
proach ensures conceptual consistency between datasets and
avoids introducing artificial discrepancies due to differences in
object-level detectability. The original point cloud classifica-
tion included additional object-level categories not explicitly
defined in the orthophoto-based land cover schema, including:
Vehicles (cars), Wall fences, Sealed grave surfaces within the

cemetery area, Pathways with stairs, and Electrical towers. Since
these objects do not represent independent land cover categor-
ies in the orthophoto classification, they were reassigned to se-
mantically and functionally equivalent land cover classes based
on the characteristics of the underlying surface.
The reclassification strategy was defined as follows:
• Vehicles (cars) were reassigned to impervious surfaces, as

they represent transient objects whose labeling follows the
surface on which they are positioned (e.g., asphalt roads),
consistent with the adopted labeling strategy.

• Wall fences were aggregated into impervious surfaces or
buildings, depending on their structural continuity and phys-
ical association with adjacent built structures, and their un-
derlying ground context.

• Sealed grave surfaces, pathways, and stairs were reclassi-
fied as impervious surfaces, reflecting their artificial and
non-permeable material characteristics.

• Electrical towers were reassigned to impervious surfaces,
as their footprint corresponds to artificial ground surfaces
and their limited spatial extent does not justify a separate
class at the given raster resolution.

This aggregation strategy, based on the assignment of objects
to their underlying land cover class, reduces artificial disagree-
ment arising from differences in object detectability between
2D and 3D datasets and ensures thematic compatibility between
the compared classifications.

3.3 Validation approaches

Before the quality and validation assessment step, all raster
datasets were ensured to have identical spatial characteristics,
including extent, spatial resolution, and coordinate reference
system (projected national coordinate system Stereo 70, EPSG
code 3844), so that each pixel corresponds spatially to the same
ground location.
(1) 2D approach (pixel-based): This approach enabled a dir-
ect qualitative and quantitative comparison between the classi-
fied model output and the UAV reference dataset. For this, the
UAV-based point attribute labels were projected into a regular
two-dimensional grid representation using the Rasterize mod-
ule of the OPALS software (Pfeifer et al., 2014). Therefore, the
classification attributes were written to the output raster grid
according to the planar (2D) location of each point. In cases
where multiple points fall within a single grid cell, the dom-
inant or representative class value was assigned according to
the rasterization settings. To ensure consistency with the spa-
tial resolution of the classified model output, the resulting ras-
ter dataset was generated at cell sizes of 0.2 m and 0.084 m.
The raster layers were then compared on a pixel-by-pixel basis.
NoData values were excluded from the analysis to avoid intro-
ducing bias from undefined areas.

(2) 3D approach (point cloud-based): The 2D semantic labels
from the segmentation model are projected onto the 3D point
cloud, enabling a point-wise evaluation in a three-dimensional
space. The reference point cloud is manually labeled, and, de-
pending on the respective input resolution of the models (0.2 m,
0.084 m, and 0.5 m), the corresponding predicted class labels
are assigned to each point. The final evaluation is then per-
formed by comparing the projected model-derived labels with
the reference labels at the individual point level.

As not all classes defined in the classification scheme are present
in the evaluated scene, the analysis was restricted to the classes
occurring in the input datasets. This prevented bias in the con-
fusion matrix and ensured that the reported metrics reflect only
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relevant classes. To evaluate the prediction performance of the
model and counter class imbalance, metrics such as Intersection
over Union (IoU), precision, recall, and F1-score were derived
for each class. Global metrics for Overall Accuracy, mean and
weighted IoU and F1-score were also computed.

4. RESULTS AND DISCUSSION

4.1 Reference data

The UAV dataset acquired in May 2025 was used to assess
the semantic segmentation accuracy and transferability of the
FLAIR-HUB model. From the SHARE Penta camera system,
only nadir images were selected for further processing. The
UAV imagery was processed following a standard photogram-
metric workflow, beginning with the measurement of ground
control points (GCPs) in the images, followed by image orient-
ation and subsequent 3D point cloud reconstruction. The main
acquisition parameters, results regarding ground control point
(GCP) accuracy and photogrammetric processing are summar-
ised in Table 1.
The resulting photogrammetrically derived 3D UAV point cloud
was manually labeled into the corresponding land cover seg-
mentation classes, matching the FLAIR-HUB model’s output
(Figure 3).

No.
img

Nadir
GSD

GCPs Accuracy
Mean residual

Reproj.
error

3D point
cloud

[cm/px] X[m] Y[m] Z[m] [px] [mil]
1310 1.24 0.02 0.02 0.16 0.20 4.34

Table 1. Reference UAV dataset: georeferencing accuracy and
photogrammetric processing results.

Figure 3. 3D-view of the UAV-photogrammetrically derived 3D
point cloud: (a) RGB colors; (b) semantic class labels

4.2 FLAIR model semantic segmentation inference

The FLAIR-HUB semantic segmentation model was applied to
the orthophotos over Iasi city at different dates and resolutions
(Figure 4). Overall, the results for the two orthophotos acquired
in 2024 (with spatial resolutions of 0.2 m and 0.084 m) show
a high degree of consistency, particularly in the delineation of
buildings, impervious surfaces, water bodies, and herbaceous
vegetation. However, notable discrepancies are observed for
coniferous areas as well as agricultural and plowed land land
surfaces. In contrast, an improved representation of vineyards,
deciduous forests, and agricultural land can be observed in the
2019 dataset. This can primarily be attributed to the acquisition

period in summer, characterized by full foliage, whereas the
2024 dataset was acquired in April under leaf-off conditions,
affecting the spectral and structural appearance of vegetation
classes.

Figure 4. Results of the FLAIR-HUB model inference over the
Ias, i metropolitan area on: (a) Orthophoto 2024 (0.2m); (b)
Orthophoto 2024 (0.084m); (c) Orthophoto 2019 (0.5m).

The inference results for the UAV reference area are presented
in Figure 5. Owing to the temporal discrepancies between the
datasets, elements of change detection are inherently present;
however, the analysis focuses primarily on temporally stable
classes, particularly buildings and impervious surfaces. The
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detection of impervious paved graves varies across scenarios.
These features are not identified in the 2019 dataset (input res-
olution 0.5 m) nor in the 2024 dataset at 0.2 m resolution, where
they are either omitted or insufficiently represented. In contrast,
at the higher spatial resolution (0.084 m), some of these struc-
tures are partially captured, although they are occasionally mis-
classified as buildings (Figure 6(a)). Overall, buildings and im-
pervious surfaces are consistently well detected across all scen-
arios, with only minor deviations (Figure 6(b)), indicating ro-
bust model performance for structurally distinct and stable land
cover classes. However, classification inconsistencies are ob-
served in the 2019 dataset, likely due to differing radiometric
properties. In this case, deciduous vegetation is frequently mis-
classified as brushwood, while certain surfaces, such as roads,
are correctly identified as pervious, reflecting their unpaved con-
dition at the time of acquisition. A clear influence of spatial
resolution is observed for impervious surfaces, which are not
fully captured at 0.2 m resolution but are more accurately de-
lineated at 0.084 m (Figure 6(c)). Similarly, coniferous veget-
ation is primarily detected in the higher-resolution dataset, fur-
ther demonstrating the benefit of finer spatial detail for class
discrimination. Seasonal effects significantly impact vegetation
classification. As the 2024 dataset was acquired under leaf-off
conditions (April), many deciduous areas are misclassified as
herbaceous vegetation, highlighting the sensitivity of spectral-
based classification to phenological variation.

4.3 2D approach validation results

The validation results show that the FLAIR model reproduces
the overall class distribution reasonably well for dominant classes,
especially buildings and herbaceous vegetation (Figure 7, Table
2). Herbaceous vegetation is consistently overestimated, while
impervious surfaces are systematically underestimated, indicat-
ing confusion with adjacent classes such as pervious or vegeta-
tion surfaces (Figure 8).
The higher-resolution dataset (8.4 cm) improves the agreement,
especially for impervious surfaces and buildings, confirming
the positive effect of finer spatial resolution on class discrim-
ination. However, vegetation subclasses (deciduous) remain
strongly underestimated, mainly due to seasonal differences.

Class Reference Predicted Predicted
UAV 0.2m DOP 0.2m DOP 0.084m

Herbaceous 47.01 52.97 51.42
Impervious 24.30 18.24 20.24
Buildings 14.60 14.39 14.68
Pervious 9.00 13.25 11.20
Deciduous 4.89 0.73 1.02
Coniferous 0.12 0.00 0.35
Brushwood 0.08 0.34 0.64

Table 2. Class distribution comparison between reference and
predicted datasets (values given in %).

The resulting metrics indicate an overall robust performance of
the model for well-defined and dominant classes, particularly
buildings and herbaceous vegetation (Table 3). At 0.2 m resol-
ution, buildings achieve high and balanced scores (F1 = 0.904,
IoU = 0.824), demonstrating reliable detection of structurally
distinct objects. Similarly, herbaceous vegetation shows strong
performance (F1 = 0.876). The higher-resolution dataset (0.084
m) further supports these findings, showing improved agree-
ment for most major classes, with the highest scores (F1 = 0.91,
IoU = 0.835) for buildings class. Across all scenarios, minor
and spectrally ambiguous classes (deciduous, brushwood, con-
iferous) show low performance, which is expected due to their

Figure 5. Results of the FLAIR-HUB model inference for the
validation area: (a) UAV-based 3D point cloud 2025 with
reference class labels; (b) Orthophoto 2019 (0.5 m); (c)

Orthophoto 2024 (0.2 m); (d) Orthophoto 2024 (0.084 m).

limited spatial extent, class imbalance, and sensitivity to sea-
sonal and phenological variation.

Due to the five-year temporal discrepancy between the data-
sets, the analysis of the 2019 orthophoto was limited to stable
land cover classes, namely buildings and impervious surfaces.
All areas subject to temporal changes were excluded, including
building construction or demolition, modifications of street sur-
faces (e.g., unpaved to paved) and land cover changes within
the cemetery associated with its expansion.
A comparison of area differences (in %) between the predicted
classification and the reference UAV labeled projections for the
two stable classes (buildings and impervious) across all scen-
arios is shown in Figure 9. The results show that impervious
surfaces are consistently underestimated across all scenarios,
with larger deviations at coarser resolution (-6.06%) and im-
proved agreement at finer resolution (-1.60%). This behavior
can be partly attributed to the thematic harmonization, as the
UAV-derived reference raster includes additional elements such
as sealed grave surfaces, walls, and stairs within the impervi-
ous class, increasing its complexity and extent. In contrast, the
building class shows only minor deviations (¡+/-0.3%), indicat-
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Figure 6. Results of the FLAIR-HUB model inference - detail
view: (a) Cemetery; (b) Built-up area; (c) Street, houses.

Figure 7. Class distribution comparison between UAV-reference
and model predictions at 0.20 m and at 0.084 m resolutions.

ing a more robust and stable classification performance. Over-
all, the results highlight the influence of spatial resolution and

Figure 8. Normalized confusion matrices for: (a) FLAIR
prediction 0.2 m resolution; (b) FLAIR prediction 0.084 m

resolution. Values represent pixel frequencies (%) per reference
class, with diagonal elements indicating classification accuracy

and off-diagonal elements misclassification patterns.

class definition on classification accuracy, particularly for het-
erogeneous surface types such as impervious areas.

Figure 9. Comparison of area differences (values in %).
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Class Prec Recall F1 IoU IoU-Baseline
DOP 2024 0.2m

Buildings 91.0 89.7 90.4 82.4 83.9
Impervious 89.2 66.9 76.5 61.9 75.7
Herbaceous 82.6 93.1 87.6 77.9 54.3
Pervious 53.2 78.3 63.3 46.3 57.2
Coniferous 0.0 0.0 0.0 0.0 62.6
Deciduous 66.7 9.90 17.3 9.50 71.7
Brushwood 1.9 7.8 3.1 1.6 30.2

DOP 2024 0.084m
Buildings 90.8 91.3 91.0 83.5 83.9
Impervious 87.9 73.1 79.8 66.5 75.7
Herbaceous 82.5 89.9 86.1 75.5 54.3
Pervious 50.5 66.4 57.4 40.2 57.2
Coniferous 15.2 39.9 22.0 12.3 62.6
Deciduous 54.1 11.3 18.6 10.3 71.7
Brushwood 2.7 20.2 4.8 2.4 30.2

Table 3. Validation results for selected classes using DOP 2024
orthophotos at different spatial resolutions (values given in %).

4.4 3D approach validation results

The 3D validation results confirm the performance observed in
the 2D analysis, with consistent class distributions for buildings
and herbaceous vegetation (Figure 10, Table 4) and improved
performance for the higher spatial resolution scenario. Class
buildings achieves the highest and most consistent scores across
both resolutions (F1 = 90.5–91.1, IoU up to 83.7), indicating
robust detection of structurally well-defined objects (Table 5).
Herbaceous vegetation also shows high recall and stable per-
formance (IoU up to 64.4), while impervious surfaces benefit
from higher resolution, improving to IoU = 60.3 at 0.084 m.
Particular improvement is pronounced at the Coniferous class,
with IoU increasing from near-zero to 16.0%, demonstrating
that higher spatial detail enables better discrimination of fine-
scale canopy structures. Similar to the 2D results, minor and
spectrally ambiguous classes remain poorly detected, reflect-
ing class imbalance and sensitivity to structural and radiometric
variability.

Figure 10. Class distribution comparison between
UAV-reference and model predictions at 0.20 m and at 0.084 m

resolutions.

4.5 Discussion

While the 3D validation results are broadly consistent with the
2D evaluation, they reveal a slightly reduced performance in
the global metrics: overall accuracy, mean and weighted scores

Class Reference Predicted Predicted
UAV 0.2m DOP 0.2m DOP 0.084m

Herbaceous 32.91 45.40 42.89
Buildings 25.74 23.16 24.03
Impervious 23.21 17.37 19.97
Deciduous 10.88 1.17 1.69
Pervious 6.72 12.43 10.12
Coniferous 0.35 0.03 0.58
Brushwood 0.18 0.44 0.70

Table 4. Class distribution comparison between reference labels
and projected predictions in the 3D point cloud (values in %).

Class Prec Recall F1 IoU IoU-Baseline
DOP 2024 0.2m

Buildings 95.5 86.0 90.5 82.7 83.9
Impervious 82.6 61.8 70.7 54.6 75.7
Herbaceous 67.6 93.2 78.3 64.4 54.3
Pervious 43.1 79.8 55.9 38.8 57.2
Coniferous 1.1 0.1 0.2 0.1 62.6
Deciduous 81.2 8.7 15.8 8.6 71.7
Brushwood 2.1 5.2 3.0 1.5 30.2

DOP 2024 0.084m
Buildings 94.0 88.3 91.1 83.7 83.9
Impervious 82.9 68.8 75.2 60.3 75.7
Herbaceous 67.4 89.1 76.7 62.2 54.3
Pervious 42.6 64.8 51.4 34.6 57.2
Coniferous 21.9 37.0 327.5 16.0 62.6
Deciduous 71.1 11.3 19.6 10.9 71.7
Brushwood 4.3 17.8 6.9 3.6 30.2

Table 5. Validation results for selected classes using DOP 2024
orthophotos at different spatial resolutions (values given in %).

((Table 6)). Lower efficiency can also be observed for sev-
eral classes, particularly impervious and pervious surfaces, in-
dicating a higher sensitivity to projection uncertainties at the
point level. In contrast, buildings remain robust across both ap-
proaches, confirming that structurally distinct classes are less
affected by the transition from 2D to 3D evaluation. These
differences highlight that, although the overall trends are pre-
served, the 3D assessment provides a more rigorous evaluation
framework, especially for heterogeneous and less well-defined
classes.
The comparison between 0.2 m and 0.084 m spatial resolutions
shows that increasing spatial resolution leads to a consistent im-
provement in segmentation performance. Improvement can be
observed at the individual class level, especially for the stable
classes such as buildings (IoU increase from 82.4% to 83.5%
and from 82.7% to 83.7% for the 2D and 3D validation ap-
proaches, respectively) and impervious surfaces (IoU increase
from 61.9% to 66.5% and from 54.6% to 60.3% for the 2D
and 3D validation approaches, respectively). Moreover, the
global metrics show a substantially improvement of the mean
IoU (from 39.94% to 41.53% and from 35.80% to 38.84% for
the 2D and 3D validation approaches, respectively) and mean
F1-score (from 48.31% to 51.38% and from 44.91% to 49.77%
for the 2D and 3D validation approaches, respectively), indic-
ating a better class-wise balance (Table 6).

For the most representative classes in the validation UAV data-
set, namely Herbaceous, Buildings, and Impervious, the IoU
values show mixed agreement with the high-quality benchmarks
provided by the FLAIR-HUB dataset, which is based on very-
high-resolution (20 cm) annotations (Garioud et al., 2025). Our
results for the Building class (up to 83.7%) are very closely
aligned with the reported baseline (83.9%), confirming the ef-
fectiveness of transformer-based architectures in capturing struc-
tural textures. However, a noticeable discrepancy could be ob-
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Approach O.A. mIoU wIoU mF1 wF1
Baseline 77.50 64.10

2D 0.2m 80.68 39.94 70.62 48.31 79.48
0.084m 80.10 41.53 69.58 51.38 79.41

3D 0.2m 73.47 35.80 58.71 44.91 71.20
0.084m 73.82 38.84 62.14 49.77 72.46

Table 6. Global evaluation for Land Cover Segmentation -
Comparison of validation approaches (values given in % for:

Overall Accuracy, mean and weighted Intersection Over Union,
mean and weighted F1-score).

served for the Impervious Surface class, where our results (66.5%)
are with 9.2% lower than the reported value (75.7%). This dif-
ference is largely attributable to the semantic harmonization re-
quired for our validation dataset, assigning additional objects
such as vehicles (cars), wall fences, sealed grave surfaces, path-
ways with stairs, and electrical towers to the impervious class.
In our case, the model struggled to recognize these specific in-
tegrated objects — particularly the sealed grave surfaces, which
were not identified at all — leading to a lower IoU for the
broader impervious category. In contrast, our findings for Herb-
aceous Vegetation show a significant improvement over the FLAIR-
HUB baseline, reaching 77.9% compared to the reported IoU
value of 54.3%. Finally, our Overall Accuracy (80.68%) demon-
strates strong generalization capabilities, exceeding the 78.2%
reported by the most complex multimodal configuration which
integrated aerial, elevation, and satellite data(Garioud et al.,
2025).

5. CONCLUSIONS AND FUTURE WORK

This study investigated the cross-domain transferability of the
FLAIR-HUB semantic segmentation model to a geographic-
ally distinct environment in Ias, i, Romania, while evaluating
its robustness across varying spatial and temporal conditions.
The results demonstrate that the model generalizes well to new
geographic contexts, particularly for dominant and structurally
well-defined classes such as buildings and herbaceous vegeta-
tion. Despite the domain shift between Western and Eastern
European landscapes, the model maintains high classification
performance, confirming that learned geometric and textural
features can be effectively transferred beyond the original train-
ing domain.
Regarding the transfer across spatial resolutions, the analysis
shows that the model can be successfully applied to both finer
(0.084 m) and coarser (0.5 m) datasets, although with varying
performance. An increase in spatial resolution consistently im-
proves both class-wise and global metrics, enhancing the de-
lineation of complex surfaces such as impervious areas. Con-
versely, coarser resolution data leads to a noticeable degrada-
tion in accuracy due to reduced spatial detail and increased class
mixing. At the same time, very high resolution introduces addi-
tional intra-class variability, which may result in over-segmentation
and misclassification of fine-scale objects.
The temporal transferability assessment highlights that model
performance decreases when applied to datasets acquired at dif-
ferent times, particularly due to seasonal and radiometric dif-
ferences. Vegetation classes are especially affected, with de-
ciduous areas frequently confused with herbaceous or brush-
wood categories under leaf-off conditions. Nevertheless, stable
classes such as buildings and impervious surfaces remain com-
paratively robust, confirming the model’s ability to maintain
consistent performance for invariant land cover types.
A key contribution of this work is the introduction of a dual

2D–3D validation framework based on semantically labeled UAV
point clouds. While the 3D evaluation yields slightly lower per-
formance metrics due to increased sensitivity to spatial incon-
sistencies, it provides a more rigorous and realistic assessment
of classification quality in complex environments. This demon-
strates that combining 2D and 3D validation approaches en-
hances the reliability and interpretability of semantic segment-
ation results.

Future work should focus on improving model adaptation to
heterogeneous classes and temporal variability by incorporat-
ing multi-seasonal training data and refining class definitions to
better capture complex land cover types. Additionally, integ-
rating 3D information directly into the training process, rather
than only in validation, could further enhance classification ro-
bustness. Finally, extending the approach to larger areas and ad-
ditional geographic regions would provide further insights into
the scalability and generalization capabilities of deep learning-
based land cover mapping frameworks.
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