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Highlights

What are the main findings?

e Data augmentation significantly improves building extraction under cross-domain
conditions, increasing mloU by up to 20% when training data are limited.

e  Geometric augmentation consistently outperforms radiometric and occlusion trans-
forms, indicating that structural invariance plays a dominant role in building segmen-
tation robustness.

What are the implications of the main findings?

e Augmented datasets using only 20% of training samples can outperform models
trained on the full non-augmented dataset under resolution and geographic shifts.

e  Data-centric strategies can reduce annotation requirements and improve cross-region
transferability for high-resolution urban mapping.

Abstract

Automatic building extraction from high-resolution imagery remains constrained by limited
training data and domain shifts across geographic regions and spatial resolutions. Although
data augmentation is widely applied in semantic segmentation, its capacity to compensate
for scarce labeled samples under varying domain conditions remains insufficiently quanti-
fied in remotely sensed data. Here, we present a controlled data-centric evaluation to quan-
tify how explicit, label-preserving augmentation influences model generalization under
varying domain shifts, rather than proposing a new augmentation algorithm. The experi-
mental design integrates DeepLabV3+ (CNN) and SegFormer (transformer) architectures
to assess whether augmentation effects persist across distinct feature-learning paradigms.
Four scenarios are constructed, including two intra-domain settings, a resolution shift
(0.3 m to 0.1 m), and a geographic shift across heterogeneous urban environments. Training
subsets are progressively sampled from 20% to 100% to isolate the interaction between
data volume and distributional variability. Geometric, radiometric, and occlusion-based
transformations are evaluated individually and in combination. Under cross-domain and
low-data regimes, augmentation substantially increases predictive performance. Combined
transformations increase mloU from 0.572 to 0.688 at 20% training data in the resolution
shift scenario, while geometric augmentation improves mloU from 0.444 to 0.533 under
geographic transfer. Models trained on 20% augmented data exceed the performance of
100% non-augmented configurations under pronounced domain discrepancies, establishing
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an operational threshold of data efficiency. Computational analysis indicates negligible
overhead (approximately 1 s per epoch) through asynchronous data pipelines. Augmen-
tation functions as a regularization mechanism in intra-domain settings and transitions
to a distribution bridging mechanism under cross-domain conditions. Geometric invari-
ance and engineered data diversity partially substitute for manual annotation, enabling
improved cross-domain building extraction performance.

Keywords: building extraction; data augmentation; data-centric Al cross-domain
generalization; high-resolution remote sensing; urban mapping

1. Introduction

High-resolution remote sensing imagery plays a central role in urban monitoring,
infrastructure assessment, and digital city modeling [1-3]. Building extraction from such
imagery provides a foundational layer for land use/land cover analysis, disaster response,
and spatial planning [4]. Deep learning architectures have substantially improved seman-
tic segmentation accuracy [5], yet segmentation performance remains highly dependent
on large volumes of accurately annotated data [6]. In operational unmanned aerial ve-
hicle (UAV) and aerial mapping workflows, annotation effort frequently becomes the
dominant constraint [7,8]. Limited geographic diversity in training samples often results
in discrepancies between training and deployment environments, leading to overfitting
and reduced transferability across regions and sensor resolutions [9,10]. Data scarcity,
therefore, constrains the scalability and transferability of building extraction in applied
Earth observation.

Methodological progress in remote sensing has traditionally emphasized architec-
tural refinement, including deeper networks and multi-scale feature integration. Recent
developments in data-centric artificial intelligence suggest that improvements in data
quality and representativeness may influence performance as strongly as architectural
modifications [11,12]. Within this perspective, multiple strategies have emerged to ad-
dress data limitations. Generative approaches, such as Generative Adversarial Networks
(GAN)-based synthesis, aim to expand distributional support through learned image gen-
eration [9,13,14]. Interactive segmentation methods, including Adaptive-Radius Encoding
Networks (ARE-Net), address data scarcity by reducing annotation effort through human-
in-the-loop optimization of user input [15]. These approaches target different stages of
the learning pipeline, either by increasing data diversity or by improving label acquisition
efficiency, but often introduce additional model complexity or workflow dependencies.

Data augmentation provides a complementary strategy that operates directly on exist-
ing annotated data. Geometric, radiometric, and occlusion-based transformations introduce
controlled variability during training while preserving label consistency, structural integrity,
and embedded spatial knowledge of object geometry [16,17]. Unlike generative approaches,
augmentation does not require additional model training, and unlike interactive methods,
it does not depend on human intervention during data preparation. In building extraction,
where rectilinear geometry and boundary continuity define object identity, preservation
of structural invariants is critical. These invariants encode domain-specific knowledge
of built environments and guide the model toward physically consistent representations.
Augmentation, therefore, functions as a controlled mechanism for expanding distributional
support while preserving domain-specific structural invariants.

Performance degradation under resolution shifts and geographic variability reflects
distributional misalignment between training and deployment conditions, indicating insuf-
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ficient coverage of structural and spectral variability in the training data [18,19]. Introducing
structured perturbations may partially reduce this misalignment by broadening the range
of plausible structural configurations encountered during training. Despite this conceptual
implication, most remote sensing studies evaluate augmentation within single datasets or
under fixed training scales. Comparative analysis across intra-domain settings, resolution
shifts, and geographic differences remains limited [20,21]. Augmentation is frequently
characterized as a regularization technique, yet its role in mediating domain discrepancies
has not been systematically quantified [22]. Interaction between network capacity and
augmentation-induced diversity also remains insufficiently examined under incremental
data regimes. In addition, no operational criterion has been established to determine when
augmented sparse data can achieve performance comparable to or exceeding larger non-
augmented datasets [17,23]. Existing studies also rarely isolate dominant sources of domain
shift (e.g., resolution versus geographic variability), limiting attribution of performance
changes to specific factors.

The present study addresses these gaps through a controlled and comparative evalua-
tion of augmentation under multiple types of distribution shift. Four experimental condi-
tions are examined: two intra-domain tasks, one resolution shift task, and one geographic
shift task. Although domain shift is inherently multi-dimensional, the experimental design
isolates dominant sources of variation, where the resolution shift scenario emphasizes
spatial scale differences and the geographic shift scenario captures variation in architectural
morphology and spectral characteristics. Training subsets are incrementally sampled from
20% to 100% to isolate the interaction between data volume and augmentation-induced
diversity. Rather than reporting absolute accuracy improvements alone, the analysis in-
troduces performance parity between sparse augmented data and full non-augmented
data as a measurable indicator of label-substitution capacity. To ensure the generalizability
of our findings, we validate the results across both DeepLabV3+ (CNN) and SegFormer
(transformer) architectures. The study is designed as a controlled data-focused evaluation
rather than a methodological innovation, quantifying how far explicit, label-preserving
augmentation alone can reduce domain discrepancies before applying more complex adap-
tation strategies.

Three research questions guide the study: (i) How does explicit augmentation influ-
ence segmentation performance under different domain shift types? (ii) How does network
depth interact with augmentation-induced diversity across incremental training scales?
(iii) At what training proportion can augmented data achieve performance comparable to
or exceeding full non-augmented datasets? These questions are sequentially structured,
progressing from performance evaluation (RQ1) to model-data interaction (RQ2), and to op-
erational thresholds for data efficiency (RQ3). By integrating multi-domain evaluation with
incremental data sampling, the study provides quantitative evidence on how controlled
augmentation reshapes empirical training distributions and contributes to data-efficient
building extraction in high-resolution remotely sensed data.

2. Materials and Methods
2.1. Model Architecture

The building extraction model in this study is based on the DeepLabV3+ architec-
ture [24], which integrates an encoder-decoder structure with Atrous Spatial Pyramid
Pooling (ASPP) to capture multi-scale contextual information [25]. A widely adopted
segmentation architecture is selected to minimize architectural variability and isolate the
influence of training data modifications rather than model design (Figure 1). The encoder
utilizes a ResNet backbone [5], specifically ResNet-18 and ResNet-152, representing shallow
and deep residual configurations with contrasting model capacities. ResNet-18 provides

https://doi.org/10.3390/1s18081176


https://doi.org/10.3390/rs18081176

Remote Sens. 2026, 18, 1176

4 0f 28

lower parameter complexity, whereas ResNet-152 offers substantially higher representa-
tional capacity. This configuration isolates the interaction between model capacity and
augmentation-induced data diversity across varying training scales.

The ASPP module enhances feature extraction through parallel atrous convolutions
with multiple dilation rates, allowing contextual information to be captured at different
spatial scales. The decoder recovers spatial details by fusing high-level semantic features
with low-level encoder features, improving boundary delineation in dense urban environ-
ments. The final output consists of binary building masks, and segmentation performance
is evaluated using Intersection over Union (IoU). Boundary-based metrics, including BF1,
B-Precision, and B-Recall, are incorporated to quantify the geometric integrity and struc-
tural characteristics of building outlines, providing a complementary assessment of edge
accuracy beyond area-based overlap metrics [26,27].

To assess the architectural invariance of data augmentation effects beyond convolu-
tional neural networks (CNNs), the framework also incorporates SegFormer, a transformer-
based architecture for semantic segmentation [27]. Unlike CNNs, which rely on local
receptive fields and fixed convolutional kernels, SegFormer employs a hierarchical mix
transformer (MiT) encoder to capture multi-scale features and long-range dependencies
without positional encoding. The MiT-b0 backbone is selected to ensure computational effi-
ciency and comparability with the ResNet-18 configuration while retaining representative
transformer characteristics. The inclusion of SegFormer is intended to evaluate whether
the effects of structured data augmentation are consistent across fundamentally different
feature-learning mechanisms, rather than benchmark absolute model performance. This
design enables an assessment of whether geometric and structural diversity can reduce
domain discrepancies across both local feature extraction (CNNs) and global self-attention
mechanisms (transformers).
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Figure 1. DeepLabV3+ architecture with ResNet backbone used for building extraction. The network
consists of an encoder with a ResNet backbone and Atrous Spatial Pyramid Pooling (ASPP) module
(1 x 1 convolution, 3 x 3 atrous convolutions with rates 1, 6, 12, and 18, and image-level pooling),
followed by a decoder that integrates low-level features and performs successive up-sampling to
generate the final segmentation mask.
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2.2. Dataset and Experimental Scenarios

To ensure representation of diverse building morphologies and environmental condi-
tions, we utilize four high-resolution aerial imagery datasets: Wuhan University (WHU) [6],
Japan [28], Thailand [29], and a custom Hanoi University of Mining and Geology (HUMG)
dataset [30]. The WHU Building Dataset consists of 8189 image patches with a 0.3 m ground
sampling distance (GSD), partitioned into standard training and validation subsets [6].
The Japan and Thailand datasets contain 767 and 830 image tiles, respectively, and are
incorporated to evaluate cross-geographic generalization [28,29]. The HUMG dataset, col-
lected using unmanned aerial vehicle (UAV) imagery at 0.1 m GSD, is introduced to assess
model behavior under substantial spatial resolution differences [30]. The HUMG dataset
was manually annotated by trained operators following consistent building delineation
guidelines [30]. A two-stage quality control protocol was applied, including independent
annotation verification and cross-checking among annotators to ensure boundary consis-
tency and label reliability. To mitigate potential evaluation bias arising from the integration
of public and private datasets, strict separation between training and validation domains is
enforced. In the resolution shift scenario, HUMG is used exclusively as an unseen valida-
tion domain, ensuring that no data leakage occurs between training and evaluation sets. A
supplementary cross-resolution experiment was conducted using the HUMG dataset to
isolate the effect of spatial resolution independent of geographic variability. The dataset
includes imagery at both 10 cm and 30 cm GSD from the same geographic region, enabling
controlled evaluation of resolution mismatch without confounding differences in urban
morphology. Performance metrics for this experiment are reported in (Table A1).

In accordance with the data-centric AI (DCAI) pillars of training data development,
four experimental scenarios are designed to evaluate augmentation under controlled do-
main conditions [11]. Scenario 1 (S§1) and Scenario 2 (S2) are intra-domain experiments
conducted independently on WHU and Japan datasets to establish reference performance
under consistent geographic and sensor conditions. Scenario 3 (S3) evaluates resolution
shift adaptability by training on 0.3 m WHU data and validating on 0.1 m HUMG imagery.
Scenario 4 (54) investigates geographic domain shift by training on Japanese urban data
and validating on Thai imagery, where architectural patterns and spectral characteristics
differ. To quantify data efficiency, training data are incrementally sampled at 20%, 40%,
60%, 80%, and 100% proportions (Table 1). This incremental design isolates the interaction
between data volume and augmentation-induced diversity across all scenarios. Validation
set sizes remain constant at 1036 samples for WHU and 153 samples for Japan to ensure
consistent evaluation. Maintaining fixed validation sets allows performance comparison
across data regimes without introducing validation bias.

Table 1. Number of training and validation samples under incremental data proportions for the
WHU and Japan building datasets. Training subsets were constructed at 20%, 40%, 60%, 80%, and
100% of the available training data, while validation set sizes remained constant for each dataset.

Dataset % WHU Building Dataset Japan Building Dataset
Training Set  Validation Set = Training Set = Validation Set
20% 947 1036 123 153
40% 1894 1036 245 153
60% 2842 1036 368 153
80% 3789 1036 491 153
100% 4736 1036 614 153
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2.3. Systematic Data Development

Data augmentation (DA) is implemented to increase variability within the training
distribution [11]. Three categories of transformations are applied: geometric, radiometric,
and occlusion-based operations (Table 2). These transformations are selected to intro-
duce controlled variability while preserving label consistency in high-resolution building
segmentation tasks. Geometric transforms include shifting, scaling, and rotation (£15°).
Shifting and scaling are applied within limits of +5% and £10%, respectively, to simulate
moderate spatial displacement and size variation. The rotation limit of £15° is selected to in-
troduce structural variation without distorting the dominant rectangular orientation typical
of urban buildings. Horizontal and vertical flips are additionally applied with predefined
probabilities. All geometric operations are applied identically to images and corresponding
masks to maintain spatial alignment. Radiometric transforms are implemented through
adjustments in brightness and contrast (20%) and RGB channel shifts [31]. Brightness
and contrast limits are constrained to moderate ranges to simulate illumination variability
without altering rooftop-background separability. RGB shifts are applied within intensity
ranges defined in Table 2 to account for sensor and atmospheric variability. Channel shuffle
is introduced with low probability to increase spectral variability while preserving spatial
structure. Occlusion transforms are implemented using a GridDropout mechanism with
a5 x 5 grid configuration [32,33]. Randomized spatial masking encourages the model to
rely on broader structural cues rather than localized texture patterns. The mask ratio is con-
trolled to prevent excessive information loss. Augmentation parameters are defined within
constrained ranges to balance variability and physical plausibility (Table 2). Representative
augmented samples are provided for visual inspection (Figure 2). Parameter selection is
informed by preliminary sensitivity testing and established practice in high-resolution
remote sensing applications, ensuring consistency with real-world building imagery.

Table 2. Parameter settings and application probabilities for geometric, radiometric, and occlusion
augmentation strategies. Augmentation operations were implemented using the Albumentations
library. The table reports parameter names, selected value ranges, and probability of application (p)
for each transformation. “N/A” denotes parameters not applicable to a given operation.

Augmentation Group  Technique (Albumentations Class) Parameter Selected Value/Limit  Probability (p)
A.ShiftScaleRotate shift_limit 5% 0.8
Geometric scale_limit +10% 0.8
rotate_limit +15° 0.8
border_mode 0 (Black/Constant) 0.8
A.Horizontal Flip (N/A) (N/A) 0.5
A.Vertical Flip (N/A) (N/A) 0.3
Radiometric A'Ra“‘éom Brightness brightness_limit +20% 05
ontrast
contrast_limit +20% 0.5
A.RGB Shift r/g/b_shift_limit 15 (Intensity Units) 0.3
A.Channel Shuffle (N/A) (N/A) 0.1
Occlusion A.GridDropout holes_number_x/y (5 x 5 Grid) 0.3
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Original (Baseline)

o

Geometric Transforms

Figure 2. Examples of geometric, radiometric, and occlusion data augmentation transformations ap-
plied to high-resolution urban imagery. The figure presents the original image and representative out-
puts of ShiftScaleRotate, horizontal and vertical flipping, brightness and contrast adjustments, RGB
shift, channel shuffle, and dropout-based occlusion strategies (GridDropout and CoarseDropout) with
different grid configurations. Black patches denote masked regions introduced by occlusion-based
augmentation, simulating real-world obstructions (e.g., shadows or vegetation) and encouraging the
model to learn global structural features.

2.4. Training Protocol and Analytical Framework

Training is conducted using the Adam optimizer with an initial learning rate of
1 x 107* [34]. A step learning rate scheduler reduces the learning rate by a factor of 0.1 ev-
ery 30 epochs. The maximum number of training epochs is set to 150 to ensure convergence
across all incremental data regimes. Model performance is monitored using the Jaccard
Index (IoU) and binary cross-entropy loss. Early stopping with a patience of 15 epochs is
applied based on validation IoU to prevent overfitting and unnecessary computation. Each
experimental configuration is repeated three times using different random seeds for weight
initialization and data shuffling. The reported IoU values represent mean performance with
corresponding standard deviations (STDs). Standard deviation values are used to assess sta-
bility across repeated runs. Implementation details, hyperparameter settings, and calcula-
tion logs are publicly available at https:/ /github.com/trungdungtdct/Data-augmentation/
(accessed on 26 February 2026) to support reproducibility.

In addition to reporting absolute accuracy, comparative analysis is conducted to eval-
uate data efficiency. Models trained on augmented subsets (e.g., 20%, 40%) are compared
with non-augmented models trained at larger data proportions to identify performance
parity thresholds. Performance parity is defined as the training proportion at which aug-
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mented data achieve IoU equal to or exceeding that of the full non-augmented dataset. This
definition provides an operational measure of label-substitution capacity. Architectural
depth effects are examined by comparing ResNet-18 and ResNet-152 backbones under
identical sampling and augmentation conditions. The generalization gap is computed as
the difference between training and validation IoU to quantify robustness under domain
shift, with detailed training parameters and hardware configurations reported in Table 3.

Table 3. Experimental training protocol and system configuration. The table summarizes computa-
tional hardware, data loading parameters, optimization strategy (optimizer, learning rate, scheduler),
convergence controls (maximum epochs and early stopping), and performance metrics used for
model evaluation.

Category Parameter Value/Setting Description
Hardware Device GPU NVIDIA GeForce RTX Series (or equivalent)
. Batch Size 8 (WHU/HUMG); .. .
Data Loading Num-workers 2 (Japan /Thailand) Optimized for memory constraints and GSD
Optimization Optimizer Adam [34] Learning rate: 1074
Loss Function BCEWithLogitLoss Binary cross-entropy with sigmoid activation
LR Scheduler Step LR Step: 30, Gamma: 0.1
Convergence Max Epochs 150 Ensures full convergence of the data-centric
pipeline
Early Stopping 15 Epochs Patience threshold for validation IoU
Metrics Primary Metrics loU (Jaccard Index), Loss [35], Evaluated on both training and validation sets

Boundary-based metrics [36]

3. Results
3.1. Quantitative Performance Analysis of Data Augmentation

Validation performance for the ResNet-18 backbone across all scenarios at the 20% and
100% training proportions is summarized in Table 4. Detailed results for all incremental
training stages (20-100%) are provided in Tables A2-A5 of the Appendix A. Absolute
performance trends across increasing dataset proportions are illustrated in Figure 3, with
relative improvements compared with the non-augmented baseline shown in Figure 4.
Across all scenarios, data augmentation improves segmentation performance relative to the
non-augmented baseline, with the largest gains observed at the 20% training proportion.
As training data increase, the magnitude of improvement decreases progressively.

In Scenario 1 (WHU — WHU), the baseline mloU at the 20% training level is 0.663.
Geometric augmentation increases performance to 0.688, corresponding to a relative im-
provement of +3.8%. At the 100% training level, baseline performance increases from 0.851
to 0.860 under geometric augmentation (+1.1%). Performance differences among augmen-
tation strategies remain below 0.01 mIoU at the full-data scale (Figure 3). In Scenario 2
(Japan — Japan), the baseline mloU at 20% training data is 0.722. Geometric augmentation
increases performance to 0.741 (+2.6%). At the 100% training level, baseline performance
increases slightly from 0.798 to 0.801 (+0.4%). Relative gains are smaller than those ob-
served in cross-domain scenarios (Figure 4). In Scenario 3 (WHU — HUMG), the baseline
mloU at 20% training data is 0.572. Combined augmentation increases performance to
0.688 (+20.3%). The augmented 20% configuration (0.688) exceeds the non-augmented
100% baseline (0.655), indicating substantial data efficiency gains. At the full training scale,
geometric augmentation improves performance from 0.655 to 0.710 (+8.4%) (Figure 3). In
Scenario 4 (Japan — Thailand), the baseline mloU at 20% training data is 0.444. Geometric
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augmentation increases performance to 0.533 (+20.0%). At the 100% training level, baseline
performance increases from 0.506 to 0.589 (+16.4%). Relative improvements remain consis-
tently higher than those observed in intra-domain scenarios across all dataset proportions
(Figure 4). Across all scenarios, performance differences between augmentation strategies
decrease as dataset proportion increases, whereas cross-domain settings (Scenarios 3 and 4)
exhibit pronounced gains at lower training proportions (20-40%). Relative improvements
diminish progressively with increasing data availability, indicating that augmentation
primarily benefits low-data regimes, with diminishing returns as training distribution
coverage increases.

Table 4. Validation performance (mloU = standard deviation) of ResNet-18 for intra-domain, res-
olution shift, and geographic shift scenarios at 20% and 100% training data levels. Performance is
compared across non-augmented and augmented configurations, including geometric, radiometric,
occlusion, and combined transformations.

Scenario Dataset %  Non-Augmented Geometric Radiometric Occlusion All Transforms
20% 0.663 £ 0.030 0.688 £ 0.016 0.655 £ 0.019 0.663 £ 0.015 0.678 £ 0.018
S1: WHU — WHU
100% 0.851 & 0.008 0.860 & 0.010 0.849 4 0.006 0.853 = 0.010 0.859 4 0.008
20% 0.722 £ 0.024 0.741 £ 0.024 0.709 £ 0.030 0.719 £ 0.025 0.737 £ 0.019
S2: Japan — Japan
100% 0.798 £ 0.008 0.801 £ 0.013 0.794 £ 0.011 0.794 £ 0.011 0.798 £ 0.007
20% 0.572 = 0.034 0.647 = 0.032 0.559 4 0.041 0.592 4 0.034 0.688 &= 0.024
S3: WHU — HUMG
100% 0.655 4= 0.009 0.710 = 0.017 0.658 4= 0.015 0.661 &= 0.012 0.704 4= 0.006
20% 0.444 £ 0.033 0.533 £ 0.010 0.510 £ 0.011 0.435 £ 0.009 0.508 £ 0.011
S4: Japan — Thai
100% 0.506 & 0.007 0.589 + 0.007 0.551 4= 0.005 0.491 = 0.010 0.566 + 0.008
Scenario 1: WHU --> WHU Scenario 2: Japan --> Japan
0.9 0.9
0.8 0.8
% 0.7 fz 0.7
g g
0.6 0.6
0.5 0.5
0.4 0.4
40% 60% 80% 100% 20% 40% 60% 80% 100%
Dataset Percentage (%) Dataset Percentage (%)
Scenario 3: WHU --> HUMG Scenario 4: Japan --> ThaiLand
0.9 0.9
0.8 0.8
% 0.7 % 0.7
g g
0.6 0.6
0.5 0.5
0.4 0.4
40% 60% 80% 100% 20% 40% 60% 80% 100%

Dataset Percentage (%)

B Geometric

Dataset Percentage (%)

I Non augmented I Radiometric BB Occlusion B All transforms

Figure 3. Absolute IoU performance across four experimental scenarios. Validation mlIoU is shown
for five training proportions (20-100%) under five augmentation strategies: non-augmented, geo-
metric, radiometric, occlusion, and combined transforms. Scenarios include intra-domain conditions
(S1: WHU — WHU; S2: Japan — Japan), resolution shift (53: WHU — HUMG), and geographic shift
(S4: Japan — Thailand). Error bars indicate standard deviation across three independent runs.
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Figure 4. Relative IoU improvement (%) compared with the non-augmented baseline. Bars represent
percentage improvement in validation mIoU under geometric, radiometric, occlusion, and combined
augmentation strategies at incremental training proportions (20-100%). Positive values indicate
performance gains relative to the non-augmented model within each scenario.

3.2. Qualitative Performance Analysis of Data-Centric Interventions

Qualitative comparisons of predicted building masks across the four experimental
scenarios are presented in Figure 5. True Positive (TP), False Positive (FP), and False
Negative (FN) regions are visualized to illustrate spatial error patterns under different
augmentation strategies. In Scenario 1 (WHU — WHU), geometric and combined augmen-
tation produce more continuous building boundaries compared with the non-augmented
baseline. Boundary-related FN regions are reduced, particularly along roof edges and
compact structures. Radiometric transforms introduce minor inconsistencies in boundary
delineation, while occlusion-based augmentation leads to fragmented predictions for small
buildings. In Scenario 2 (Japan — Japan), building outlines remain largely consistent across
augmentation strategies, with only marginal improvements observed under geometric
transformations. Error patterns remain structurally similar to the baseline, indicating
limited modification of spatial representation under distribution-consistent conditions. In
Scenario 3 (WHU — HUMG), resolution differences introduce additional fine-scale texture
variations in the validation imagery. The non-augmented model exhibits scattered FP de-
tections on non-building surfaces and discontinuities along narrow structures. Combined
augmentation reduces FP noise and improves continuity of elongated buildings, while
geometric augmentation decreases boundary fragmentation. In Scenario 4 (Japan — Thai-
land), baseline predictions omit complex roof geometries and produce irregular boundaries.
Geometric and combined augmentation recovers larger portions of building footprints
and reduces FN regions in multi-faceted structures. Radiometric augmentation allevi-
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ates some spectral confusion but does not fully resolve structural omissions, whereas
occlusion introduces additional fragmentation. Qualitative improvements are primarily
expressed through enhanced boundary continuity, reduced fragmentation, and improved
reconstruction of rectilinear structures. These patterns prove that topology-preserving
transformations enhance the model’s sensitivity to spatial configuration rather than local
texture cues. Differences between augmentation strategies are more pronounced under
cross-domain conditions (Scenarios 3 and 4), where structural variability and resolution
mismatch introduce greater challenges to spatial consistency.

Scenario 1: WHU -» WHU (Intra-domain)

Non_Augmented Geometric Radiometric Occlusion All transforms
2 0aa 3 Men  raa e 3N
5, S S %),S WS 'S
ner ne ”ne ner ne
R, T R, TR R,V R
AR o SR L b S L A B S o

TP: 56,721 | TN: 196,931
FP: 4159 | FN: 4333

TP: 57,455 | TN: 196,968
FP: 4122 | FN: 3599

TP: 57,057 | TN: 196,173
FP: 4917 | FN: 3997

TP: 57,504 | TN: 197,467
FP: 3623 | FN: 3550

TP: 56,651 | TN: 197,009
FP: 4081 | FN: 4403

Scenario 2: Japan - Japan (Intra-domain)

ugmented Geometric Radiometric Occlusion All transforms
S . me o= - - ~- . e w ~w we -
Wwie o ] Wi wie
hea haes® PRae PReae
S W o1 bty
?‘ v ..3‘{.’.‘,‘ % ’ G % 3 ¢ e .11'*3 3 vee affh >
s » 2 ’® O » o L] o
"« o ¢ 0“13 - ’ "‘"o ) v ““‘% o v “"-'0 -
ﬁ:'o 2, ‘\‘“‘ 5"‘ S, o X S S, ‘o B§ e % o > “§ g S o
ln.‘\‘e. -t R .“."*" g » g‘\‘; “ “‘Y’ﬁt" .‘.3.;;“ -
[ (I [ P [T
= L ,-=\.4 b . y P B N PY- N
ptTE S . i i = : atim N = .
:'ls"n.‘ sa :'is.h- el ¢ 5"" oy ,,’I&h. I "5."' e -
S o 000 S8 e 2ha S8 v el SE w0 S5 e abu L
loU: 0.8076 loU: 0.815 loU: 0.7993 loU: 0.8018 loU: 0.8124

TP: 187,565 | TN: 814,638
FP: 30,472 | FN: 15,901

TP: 184,384 | TN: 821,617
FP: 23,493 | FN: 19,082

TP: 188,383 | TN: 815,314
FP: 29,796 | FN: 15,083

Scenario 3: WHU -» HUMG (Resolution-shift-domain)

Occlusion

TP: 182,894 | TN: 824,368
FP: 20,742 | FN: 20,572

TP: 188,128 | TN: 813,217
FP: 31,893 | FN: 15,338

Geometric All transforms

Non_Augmented
-

35 b . 3 - () "W 358 2T, e W
8 : S %
iy <4 .

1 g :‘.“:.U: :'l

.'
1 !
loU: 0.7825

TP: 259,164 | TN: 717,379
FP: 53,893 | FN: 18,140

Ve, m
f,:' adt l;‘ i.’..v'l..-: I: -

loU: 0.8162
TP: 262,010 | TN: 727,556
FP: 43,716 | FN: 15,294

loU: 0.7954
TP: 260,248 | TN: 721,392
FP: 49,880 | FN: 17,056

loU: 0.7786
TP: 258,177 | TN: 716,988
FP: 54,284 | FN: 19,127

loU: 0.7654
TP: 264,645 | TN: 702,834
FP: 68,438 | FN: 12,659

Scenario 4: Japan - Thailand (Geographic-shift-domain)

Non_Augmented Geometric Radiometric Occlusion All transforms
¥ * rv',- h = ;‘ —~ - . 7 4' PP
0 a'. q 'al.t ey ‘;a' » J't i '. p "?“"'ﬂa!:
iy < o : '’y »v" ‘.j" 29 r'rS
i , () r & ‘ (i ’ oy e
M R /é ‘o ‘e @ 2 ¢
O T £0®: S /MY N % Sl
®. $9o & N S W, & Lor % & N,
loU: 0.5142 loU: 0.6358 loU: 0.5988 loU: 0.4956 loU: 0.6391

TP: 55,304 | TN: 154,590
FP: 10,662 | FN: 41,588

TP: 74,988 | TN: 144,198
FP: 21,054 | FN: 21,904

TP: 72,999 | TN: 140,234
FP: 25,018 | FN: 23,893

TP: 52,403 | TN: 156,408
FP: 8844 | FN: 44,489

TP: 75,102 | TN: 144,629
FP: 20,623 | FN: 21,790

[ TP (Correct) B FP (Error) FN (Missing) -4 | TN (Background)

Figure 5. Qualitative comparison of building segmentation results across four experimental scenar-
ios. Visual comparison of predicted building masks under five configurations: non-augmented,
geometric, radiometric, occlusion, and combined transformations. Results are shown for Sce-
nario 1 (WHU — WHU), Scenario 2 (Japan — Japan), Scenario 3 (WHU — HUMG), and Scenario 4
(Japan — Thailand). TP regions are shown in green, FP regions in red, and FN regions in yellow.
Differences in boundary continuity, omission errors, and spurious detections can be observed across

augmentation strategies and domain conditions.
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To further assess structural integrity, a boundary-focused error analysis is conducted
using object-based metrics and visual inspection (Figure 6). Color-coded TP, FP, and FN
maps reveal consistent improvements in edge delineation under geometric and combined
augmentation. In intra-domain scenarios (S1 and S2), improvements are concentrated along
building boundaries, where FN regions are reduced while maintaining rectilinear geometry.
In cross-domain scenarios (S3 and S4), augmentation reduces fragmentation and suppresses
spurious FP detections caused by resolution-induced noise and spectral ambiguity. These
observations demonstrate that augmentation improves not only pixel-level accuracy but
also the preservation of geometric structure, which is critical for reliable building extrac-
tion. Visual and metric-based assessments confirm that topology-preserving perturbations
enhance the reconstruction of fine-scale structural details, resulting in more coherent and
geometrically consistent building representations across varying domain conditions.

3.3. Analysis of Overfitting Dynamics and Generalization Gap

The generalization gap, defined as the difference between training and valida-
tion mloU, is summarized in Figure 7, with detailed epoch-wise values provided in
Tables A6—A9 of the Appendix A. Gap magnitude increases under stronger domain shifts
and limited training data, indicating reduced generalization capacity under distribution
mismatch. Data augmentation reduces this gap under all experimental conditions, although
the magnitude of reduction varies with domain type and dataset scale.

In Scenario 1 (WHU — WHU), the non-augmented baseline exhibits a generalization
gap of 24.4% at the 20% training proportion. Geometric augmentation reduces this value to
12.4%, while combined augmentation results in a gap of 13.4%. At the 60% and 80% training
proportions under combined augmentation, the gap becomes negative (—2.1% and —2.7%,
respectively; Table A6), indicating improved validation performance relative to training. At
100% training data, the baseline gap decreases to 8.2%, compared to 7.6% under geometric
augmentation and 5.1% under combined augmentation. In Scenario 2 (Japan — Japan), the
baseline gap of 19.3% at the 20% training proportion decreases to 10.2% under combined
augmentation. At the full training scale, the gap is 7.0% for the baseline and 4.4% for
the combined strategy (Table A7), indicating a consistent reduction in overfitting under
augmentation. In Scenario 3 (WHU — HUMG), the baseline generalization gap reaches
27.6% at the 20% training proportion. Combined augmentation reduces this value to
11.9%. At 100% training data, the baseline gap remains high at 25.0%, whereas combined
augmentation reduces it to 13.1% (Table A8), demonstrating persistent domain-induced
overfitting despite increased data volume. In Scenario 4 (Japan — Thailand), the baseline
gap reaches 44.5% at the 20% training level. Geometric and combined augmentation
reduces this value to approximately 30.5%. At 100% training data, the baseline gap remains
elevated at 39.7%, compared with 18.0% under combined augmentation (Table A9).

Training variations shown in Figure 7 and summarized in Figure 8 further reflect these
gap patterns. In intra-domain settings (Scenarios 1 and 2), gap values decrease with in-
creasing training proportion, reflecting improved model convergence. Under cross-domain
conditions (Scenarios 3 and 4), a larger separation between training and validation perfor-
mance persists, indicating sustained distributional mismatch. Augmentation consistently
reduces this separation, demonstrating its role in improving generalization under both
data-limited and domain shift conditions.
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Figure 6. Qualitative error analysis and structural integrity assessment across four experimental
scenarios. The visualization employs color-coded maps (Green: TP, Red: FN, Orange: FP) to contrast
the proposed data augmentation (DA) strategies against the non-augmented baseline. Below each
sample, pixel-wise IoU is reported alongside object-based boundary metrics (BF1, B-Precision, and
B-Recall) to quantify edge delineation accuracy.
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Figure 7. Generalization gap (training mIoU minus validation mIoU) across four experimental
scenarios under varying training data proportions and augmentation strategies. Line plots show
the gap values for non-augmented, geometric, radiometric, occlusion, and combined transforms in
Scenario 1 (WHU — WHU), Scenario 2 (Japan — Japan), Scenario 3 (WHU — HUMG), and Scenario 4

(Japan — Thailand).
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Figure 8. Overfitting analysis under different data augmentation (DA) strategies based on training and
validation loss and IoU metrics: (a) radiometric transforms; (b) occlusion transforms; (c) geometric
transforms; and (d) combined transforms. The curves illustrate convergence behavior and the
generalization gap between training and validation performance across augmentation strategies.
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3.4. Interaction Between Model Capacity and Data Augmentation Efficacy

The interaction between model depth and data augmentation is evaluated by com-
paring ResNet-18 and ResNet-152 backbones under identical training regimes. Validation
mloU and generalization gap values are reported in Tables 4 and 5, with detailed results
provided in Tables A2-A5 and A10-A13, and comparative trends illustrated in Figure 9.

In Scenario 1 (WHU — WHU), ResNet-18 achieves higher mloU at lower training
proportions (20% and 40%) across augmentation strategies. Under the combined transfor-
mation configuration, ResNet-18 records an mIoU of 0.678 compared to 0.649 for ResNet-152
at the 20% training proportion, and 0.823 versus 0.818 at the 40% level. At 20% training
data, the generalization gap under combined augmentation is 13.4% for ResNet-18 and 8.4%
for ResNet-152. At 40%, the gap decreases to 2.7% for ResNet-18 and 4.0% for ResNet-152.
From the 60% training proportion onward, ResNet-152 achieves higher validation mIoU
and lower or comparable generalization gaps. At 100% training data, ResNet-152 reaches
0.869 mloU under combined augmentation, compared with 0.859 for ResNet-18. In Scenario
2 (Japan — Japan), ResNet-152 consistently achieves higher validation mloU across all
dataset proportions. Under combined augmentation at the 20% training level, ResNet-152
records 0.768 mloU compared with 0.737 for ResNet-18. At 40%, the corresponding values
are 0.787 and 0.764. Generalization gaps are also lower for ResNet-152; at 20% training
data, the gap is 9.3% compared with 10.2% for ResNet-18. At 100% training data, ResNet-
152 achieves 0.827 mloU with a 2.1% gap, compared to 0.798 mloU and a 4.4% gap for
ResNet-18.

Performance differences between backbones vary systematically with training pro-
portion. At lower data regimes, ResNet-18 attains competitive or higher mloU, indicating
more efficient learning under limited variability. As training data increase, ResNet-152
achieves higher validation performance and reduced generalization gaps, reflecting im-
proved utilization of its greater representational capacity. These patterns reveal that model
capacity interacts with augmentation-induced diversity in a scale-dependent manner:
shallow networks converge more efficiently under constrained data conditions, whereas
deeper networks benefit more strongly from increased data diversity and exhibit superior
generalization when sufficient variability is available. Detailed comparisons of mean IoU
and overfitting gap trends under individual augmentation strategies are provided in the
Appendix A (Figures A1-A3).

Table 5. Comparison of ResNet-18 and ResNet-152 validation mloU (mean + STD) for intra-domain
experiments at low (20%) and full (100%) training data levels. Performance is evaluated under
non-augmented and combined augmentation (all transforms) settings.

Scenario Backbone Non-Aug (20%)  All Transforms (20%)  Non-Aug (100%)  All Transforms (100%)
ResNet-18 0.663 £ 0.030 0.678 £ 0.018 0.851 £ 0.008 0.859 + 0.008
S1: WHU — WHU
ResNet-152 0.632 £ 0.023 0.649 £ 0.014 0.865 £ 0.006 0.869 £ 0.005
ResNet-18 0.722 £ 0.024 0.737 £ 0.019 0.798 £ 0.008 0.798 £ 0.007
S2: Japan — Japan
ResNet-152 0.758 £ 0.014 0.768 £ 0.022 0.825 + 0.007 0.827 + 0.008
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Figure 9. Comparison of validation mloU and generalization gap between ResNet-18 and ResNet-152
across training data proportions and augmentation strategies. Line plots show performance trends
for the two backbones under non-augmented, geometric, radiometric, occlusion, and combined
transform configurations in Scenario 1 (WHU — WHU) and Scenario 2 (Japan — Japan).

3.5. Data Efficiency Analysis and Augmentation Equivalence

The effect of augmentation under reduced training proportions is assessed by com-
paring validation mloU across dataset scales. Augmentation equivalence is defined as
the condition in which a model trained on a reduced augmented dataset achieves per-
formance equal to or greater than that of a model trained on the full non-augmented
dataset. Validation results are reported in Table 5, with detailed values provided in
Tables A4 and A5 (Appendix A) and relative improvements illustrated in Figure 4. In
Scenario 3 (WHU — HUMG), the non-augmented model achieves 0.572 mloU at the 20%
training proportion. Under the combined augmentation strategy, performance increases
to 0.688 (Table A4), exceeding the non-augmented 100% baseline (0.655). At the 40%
training proportion, combined augmentation reaches 0.703 mloU, remaining above the
full-data baseline.

A comparable pattern is observed in Scenario 4 (Japan — Thailand). The baseline
mloU at 20% training data is 0.444. Geometric augmentation increases performance to
0.533 (Table A5), surpassing the non-augmented 100% baseline (0.506). At the 40% training
proportion, geometric augmentation achieves 0.562 mloU, also exceeding the full-data
baseline. In contrast, intra-domain scenarios do not exhibit augmentation equivalence
at reduced training proportions. In Scenarios 1 and 2, augmented models trained at
20% remain below the performance of the non-augmented 100% configuration, indicating
that increased data volume remains the dominant factor under distribution-consistent
conditions. Standard deviation values reported in Tables 5, A4 and A5 indicate lower
variability under geometric and combined augmentation compared with radiometric or
occlusion-only strategies. Greater relative improvements at lower training proportions are
observed under cross-domain conditions (Figure 4), highlighting the role of augmentation
in compensating for distributional mismatch rather than simply increasing data volume.

3.6. Cross-Architecture Validation with Transformer-Based SegFormer

To evaluate whether augmentation effects persist across different deep learning
paradigms, the proposed strategies are further validated using the transformer-based
SegFormer model with an MiT-b0 backbone. This experiment is designed to assess the
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generality of data-driven effects rather than to benchmark state-of-the-art performance.
Results at the 20% training proportion are reported in Table A14 (Appendix A). Geometric
and combined augmentation (All transforms) consistently outperform the non-augmented
baseline for the SegFormer architecture, mirroring the trends observed in the ResNet-18
experiments. In Scenario 3 (resolution shift), the model achieves an mloU of 0.671 under the
combined augmentation strategy, exceeding the non-augmented ResNet-18 baseline at full
training scale (0.655). In Scenario 4 (geographic shift), geometric augmentation increases
mloU from 0.469 to 0.518, indicating substantial improvement under domain mismatch. In
addition to accuracy gains, structured augmentation reduces overfitting in the transformer
architecture. As reported in Table A15 (Appendix A), the generalization gap in Scenario 3
decreases from 30.3% to 14.6% under the combined augmentation strategy. These results
suggest that augmentation benefits arise from increased distributional coverage rather than
architecture-specific inductive biases. The observed improvements across both CNN-based
and transformer-based models suggest that geometric and structural diversity enhances
the model’s ability to generalize under domain shift by improving the representation of
spatial configurations.

4. Discussion
4.1. Data Augmentation as Regularization and Distribution Bridging

The function of data augmentation depends on the degree of alignment between
training and validation distributions. In intra-domain scenarios (51 and S2), augmentation
primarily constrains the memorization of site-specific textures and noise. The occurrence of
negative generalization gaps at intermediate training proportions indicates reduced sensi-
tivity to superficial pixel correlations, suggesting that perturbation-based training promotes
reliance on stable structural features rather than local intensity patterns. This behavior is
consistent with previous findings that controlled spatial perturbations encourage models
to prioritize semantic structure over pixel-level coincidences [37]. Under cross-domain
conditions (S3 and 54), augmentation operates under different constraints. Resolution and
geographic shifts introduce structural and spectral discrepancies between source and target
domains. Substantial performance gains under reduced training proportions (e.g., ~20%
in Scenario 3) indicate that augmentation increases overlap between source and target
feature representations. Rather than acting solely as a regularization mechanism, geometric
diversity expands the effective support of the training distribution. Studies on distribution
alignment suggest that such perturbations smooth high-dimensional feature manifolds and
reduce sensitivity to domain-specific artifacts [11,13,38]. Unlike preprocessing operations
that modify intensity or contrast without altering spatial configuration, structured augmen-
tation introduces controlled geometric variability. This variability improves distributional
coverage and reduces misalignment between training and validation domains by exposing
the model to a broader range of plausible spatial configurations [9]. However, persistent
generalization gaps in Scenarios 3 and 4 indicate that augmentation reduces but does not
eliminate distribution mismatch.

4.2. Structural Invariance in Building Extraction

Geometric transformations produce more stable performance improvements than
radiometric perturbations. Modifications in orientation, scale, and aspect ratio preserve
building topology while increasing spatial variability within the training distribution.
Buildings are characterized by rectilinear geometry, consistent edge alignment, and well-
defined boundary structure, making structural cues the dominant source of discrimination.
Transformations that preserve geometric constraints while varying spatial configuration
increase invariance to orientation and scale without altering object topology. This behavior
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is consistent with evidence that spatial configuration plays a central role in the segmentation
of rigid urban objects [16].

Radiometric transformations alter pixel intensity distributions but do not modify
boundary topology. When structural cues dominate the discriminative signal, intensity
variation contributes less to representation transferability. Preservation and controlled
variation in geometric structure, therefore, support more stable feature representations
than spectral modification. Previous studies have noted that geometric transformations
are computationally simple and preserve semantic annotation consistency, although they
may introduce limited additional information due to repeated spatial patterns [39-41]. The
present results indicate that even constrained geometric perturbations substantially im-
prove generalization when domain discrepancies arise primarily from spatial configuration
rather than spectral variation.

The cross-domain setting in Scenario 4 further supports this interpretation. Archi-
tectural forms differ between Japanese and Thai urban environments, particularly in roof
materials, texture, and spectral response. Rectilinear geometry, by contrast, remains largely
conserved. Higher validation performance under geometric augmentation, therefore,
reflects the transferability of structural priorities across regions. Radiometric attributes
vary with illumination, atmospheric conditions, and sensor configuration, resulting in
reduced cross-domain consistency [2]. These observations suggest that augmentation
strategies should be aligned with object characteristics. For rigid built structures, topology-
preserving spatial perturbations provide more reliable gains in cross-domain generalization
than intensity-based transformations [14].

4.3. Implications of Augmentation Equivalence

Augmentation equivalence refers to the condition in which a model trained on a
reduced augmented dataset achieves performance comparable to or exceeding that of a
model trained on the full non-augmented dataset. In cross-domain scenarios, this condi-
tion is observed when 20% augmented configurations outperform 100% non-augmented
baselines. Such behavior reflects the role of distributional diversity in improving general-
ization through the expansion of feature support rather than the reduction in estimation
variance. Increasing data volume within a narrow distribution primarily reduces variance
but does not expand feature coverage. Augmentation, by contrast, introduces controlled
variability that broadens the effective support of the training distribution. This broader
support increases overlap between the source and target feature spaces, thereby reducing
distributional misalignment under domain shift.

When source and target domains differ in resolution or geographic characteristics,
expanded distribution support becomes more influential than density within a restricted fea-
ture space. These findings align with recent discussions in data-centric learning, which em-
phasize data representativeness and distribution coverage alongside model capacity [13,38].
Controlled augmentation strategies increase representation diversity without proportion-
ally increasing annotation effort [11,17]. Augmentation improves data efficiency by expand-
ing distributional coverage, enabling sparse datasets to approximate the representational
capacity of larger datasets. Augmentation equivalence does not occur in intra-domain
scenarios, where reduced augmented datasets remain below full non-augmented baselines.
Under distribution-aligned conditions, variance reduction dominates, making increased
sample density more effective than diversity expansion. The relative contribution of aug-
mentation, therefore, depends on the magnitude of distribution shift [23]. Data volume
and data diversity play distinct roles: volume stabilizes estimation within a distribution,
whereas augmentation expands distribution breadth under cross-domain conditions.
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Explicit transformations used in this study preserve geometric topology. Generative
models (e.g., GANs) provide alternative pathways for distribution expansion but require
strict control to avoid distortion of rectilinear building structures. Automated augmentation
policies (e.g., Rand Augment) introduce additional optimization complexity and reduce the
interpretability of transformation effects. Human-in-the-loop interactive methods address
data scarcity at a different stage of the workflow. ARE-Net demonstrates that optimized
interactive encoding (e.g., adaptive-radius) reduces annotation effort [15]. Integrating effi-
cient label acquisition with topology-preserving augmentation provides a complementary
strategy for reducing annotation cost while improving generalization performance.

4.4. Interaction Between Architecture Depth and Diversity Internalization

Model capacity and inductive bias interact with augmentation differently across data
regimes and architectural paradigms. At lower training proportions, shallower archi-
tectures such as ResNet-18 often achieve comparable or higher validation accuracy in
intra-domain settings. Limited feature variability constrains the learning problem, allowing
simpler models to converge efficiently without requiring high representational capacity.
As training proportion increases or when structured augmentation is introduced, deeper
networks such as ResNet-152 achieve higher peak performance and reduced generalization
gaps. The greater representational capacity of deeper residual networks enables modeling
of more complex feature interactions [42] but effective utilization of this capacity depends
on sufficient variability within the training distribution.

To evaluate whether these effects depend on convolutional inductive bias, the analysis
is extended to the transformer-based SegFormer (MiT-b0). Despite fundamental differences
between local connectivity in CNNs and global self-attention in transformers, the effect
of geometric and structural diversity remains consistent. In Scenario 3 (resolution shift),
the SegFormer model trained on 20% augmented data achieves an IoU of 0.671, exceeding
the 100% non-augmented ResNet-18 baseline of 0.655. In Scenario 4 (geographic shift), the
20% augmented SegFormer (0.559 IoU) surpasses its full-data non-augmented baseline of
0.469 IoU.

Consistency across architectures demonstrates that augmentation modifies the struc-
ture of the input distribution rather than relying on architecture-specific inductive biases.
Expansion of effective distribution support enables both CNNs and transformers to access
a broader range of spatial configurations during training. Local feature extractors benefit
through improved invariance to orientation and scale, whereas self-attention mechanisms
benefit from more diverse global contextual relationships. Reduction in generalization gaps
across architectures further suggests that increased model capacity alone does not guaran-
tee robustness under domain shift. Robust performance emerges when representational
capacity is matched with sufficient diversity in spatial structure. Architecture defines the
potential representational range, whereas augmentation governs the diversity of patterns
available for internalization.

4.5. Computational Efficiency and Pipeline Optimization

The computational overhead of the data augmentation (DA) pipeline remains min-
imal relative to model training cost. As reported in Table A16 (Appendix A), theoretical
augmentation latency increases linearly with dataset size (approximately 20 ms per im-
age), yet training time per epoch remains effectively unchanged between augmented and
non-augmented configurations. At the full training scale (4736 samples), the difference
in epoch duration is limited to 1 s (247 s versus 248 s). Parallel execution of CPU-bound
augmentation and GPU-based model training enables this behavior, preventing augmen-
tation from becoming a computational bottleneck. The asynchronous multi-threaded
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pipeline (num_workers = 2) ensures that data transformations are completed concurrently
with forward and backward propagation steps. The negligible computational overhead
demonstrates that improvements in generalization arise from modification of the training
distribution rather than increased computational complexity. This characteristic is particu-
larly important for large-scale urban mapping applications, where annotation effort, rather
than computational cost, represents the primary constraint on large-scale deployment.

5. Limitations and Future Directions

Persistent generalization gaps remain under severe cross-domain conditions despite
measurable improvements from structured augmentation. In Scenario 4, an 18.0% general-
ization gap at full training proportion indicates that pixel-level geometric and radiomet-
ric perturbations do not fully resolve semantic discrepancies between source and target
domains. These discrepancies arise from higher-level structural variations, including dif-
ferences in urban density, roof typology, construction materials, and spatial organization,
which extend beyond the representational capacity of input-level transformations. Such
differences highlight the limitations of augmentation strategies that operate exclusively at
the pixel or patch scale [9]. Failure cases are explicitly observed in domain shift scenarios
where critical visual cues are either ambiguous or absent. These include regions with com-
plex or non-rectilinear roof geometries, dense informal settlements with irregular spatial
layouts, and strong shadow occlusion that obscures building boundaries. In addition, per-
formance degradation is evident in areas where rooftops exhibit high spectral similarity to
surrounding surfaces (e.g., unpaved roads or bare soil), leading to misclassification despite
geometric perturbations. Under these conditions, topology-preserving transformations
provide limited benefit, as augmentation cannot recover missing structural information or
resolve semantic ambiguity when discriminative features are not present in the input data.

Evaluation across the transformer-based SegFormer architecture confirms that geo-
metric diversity improves generalization beyond convolutional inductive biases. However,
extension to higher-capacity vision transformers (ViTs) remains necessary to assess how
large-scale self-attention mechanisms interact with structured augmentation under vary-
ing data regimes. CNN architectures emphasize local spatial patterns and translation
invariance, whereas self-attention models capture long-range dependencies; the interaction
between augmentation-induced diversity and these distinct feature-learning mechanisms
remains insufficiently characterized. Parallel data pipelines effectively mitigate computa-
tional overhead, yet scalability to more complex settings remains uncertain. Application
to multi-sensor fusion, multi-temporal analysis, or tasks requiring topological continuity
(e.g., road network extraction) may introduce additional constraints that are not captured
in the current experimental design. These limitations suggest that augmentation alone is
insufficient for scenarios requiring semantic reasoning beyond geometric structure. Estab-
lishing standardized evaluation protocols for data-centric interventions, therefore, remains
necessary to enable consistent comparison across datasets, tasks, and model families [22].
Future work should examine multi-scale structural augmentation, feature-level adaptation,
and integration with domain adaptation techniques to better capture semantic variability
across domains. Particularly, combining topology-preserving augmentation with multi-
sensor inputs (e.g., LIDAR or SAR) or semantic-aware learning frameworks may help
address the identified failure modes. Systematic exploration of the boundary conditions
under which augmentation improves or fails to improve generalization is required to guide
its application in large-scale Earth observation workflows.
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6. Conclusions

Interactions between structured data augmentation (DA), training volume, domain
shifts, and architectural paradigms govern generalization performance in high-resolution
building extraction. Results demonstrate that the functional role of DA shifts from a regu-
larization mechanism in intra-domain settings to a distribution bridging mechanism under
cross-domain conditions. Geometric perturbations exert the strongest influence, yielding
relative mIoU improvements of approximately 20% in scenarios involving resolution and
geographic shifts. Augmented datasets using only 20% of samples can exceed the perfor-
mance of models trained on 100% non-augmented data under pronounced source—target
discrepancies, indicating that spatial diversity contributes more to cross-domain gener-
alization than raw sample volume. Structural variability produces consistent benefits
across both CNN and transformer-based architectures, including SegFormer, indicating
that augmentation effects arise from the modification of training distribution rather than
architecture-specific inductive biases. Higher representational capacity only translates into
improved performance when sufficient spatial diversity is present within the training data.
Augmentation, therefore, acts as an enabling condition that allows model capacity to be
effectively utilized. Implementation of an asynchronous multi-threaded pipeline ensures
that these accuracy gains are achieved without increasing computational time, maintaining
high training throughput for operational workflows. Improvement in generalization is,
therefore, achieved through data-centric modification rather than increased computational
cost. Pixel-level perturbations do not fully resolve high-level semantic discrepancies under
extreme domain shifts. However, topology-preserving spatial transformations provide
an efficient mechanism for reducing annotation requirements while maintaining struc-
tural fidelity. For rigid built structures, geometric consistency aligns closely with urban
form, establishing data-centric augmentation as a practical and scalable strategy for robust,
cross-domain urban mapping.
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Figure A1. Comparison of segmentation accuracy and overfitting dynamics between ResNet-18 and
ResNet-152 under geometric augmentation for Scenarios 1 and 2. The left panel presents mean IoU
across training data proportions (20-100%), and the right panel shows the overfitting gap (training
IoU minus validation IoU). Solid lines correspond to Scenario 1 (WHU — WHU), while dashed lines
correspond to Scenario 2 (Japan — Japan).
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Figure A2. Segmentation accuracy and overfitting dynamics of ResNet-18 and ResNet-152 under
the radiometric augmentation strategy in Scenarios 1 and 2. The left panel shows mean IoU across
training data proportions (20-100%), and the right panel illustrates the overfitting gap between
training and validation performance. Solid lines correspond to Scenario 1 (WHU — WHU), while
dashed lines correspond to Scenario 2 (Japan — Japan).
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Figure A3. Segmentation accuracy and overfitting dynamics of ResNet-18 and ResNet-152 under the
occlusion augmentation strategy in Scenarios 1 and 2. The left panel shows mean IoU across training
data proportions (20-100%), while the right panel illustrates the overfitting gap between training
and validation performance. Solid lines correspond to Scenario 1 (WHU — WHU), and dashed lines
correspond to Scenario 2 (Japan — Japan).

Table Al. Cross-resolution evaluation of building extraction performance on the HUMG dataset
using DeepLabV3+ (ResNet-18). The dataset comprises 6500 UAV-derived patches (512 x 512 pixels)

at 10 cm and 30 cm GSD.
Train Resolution Metric Test: 10 cm Test: 30 cm

Accuracy 0.974 0.961

Precision 0.931 0914

10 cm Recall 0.915 0.699
Fl-score 0.921 0.786

IoU 0.857 0.657

Accuracy 0.950 0.977

Precision 0.906 0.901

30 cm Recall 0.738 0.893
F1-score 0.800 0.897

IoU 0.684 0.814

Table A2. Performance validation (mloU & STD) across various augmentation strategies using
DeepLabV3+ with ResNet-18 backbone under intra-domain conditions (Scenario 1: WHU 30 cm to

WHU 30 cm).

% Dataset Non-Augmented Geometric Radiometric Occlusion All Transforms
20% 0.663 £ 0.030 0.688 & 0.016 0.655 £+ 0.019 0.663 £ 0.015 0.678 £ 0.018
40% 0.814 £ 0.031 0.836 £ 0.015 0.812 +0.019 0.814 £+ 0.014 0.823 £ 0.014
60% 0.830 £ 0.015 0.848 £ 0.012 0.830 £ 0.013 0.830 £ 0.007 0.833 £+ 0.011
80% 0.843 £ 0.011 0.857 4 0.009 0.840 + 0.008 0.845 + 0.009 0.850 4 0.016
100% 0.851 £ 0.008 0.860 £ 0.010 0.849 £ 0.006 0.853 £ 0.010 0.859 £ 0.008
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Table A3. Performance validation (mloU & STD) across various data augmentation techniques using
DeepLabV3+ with ResNet-18 backbone under intra-domain conditions (Scenario 2: Japan 30 cm to

Japan 30 cm).

% Dataset Non-Augmented Geometric Radiometric Occlusion All Transforms
20% 0.722 £ 0.024 0.741 £ 0.024 0.709 £ 0.030 0.719 £ 0.025 0.737 £ 0.019
40% 0.754 £ 0.024 0.771 £ 0.016 0.744 £ 0.013 0.749 £ 0.014 0.764 £ 0.010
60% 0.767 £+ 0.012 0.781 4+ 0.008 0.772 £ 0.018 0.772 £ 0.011 0.788 £ 0.007
80% 0.779 £+ 0.008 0.797 £+ 0.008 0.777 £+ 0.008 0.779 £ 0.008 0.797 £ 0.014
100% 0.798 £+ 0.008 0.801 £+ 0.013 0.794 £+ 0.011 0.794 £ 0.011 0.798 £ 0.007

Table A4. Performance evaluation (mloU + STD) across different augmentation strategies using
DeepLabV3+ with ResNet-18 backbone under resolution shift conditions (Scenario 3: WHU 30 cm to
HUMG 10 cm).

% Dataset Non-Augmented Geometric Radiometric Occlusion All Transforms
20% 0.572 £0.034 0.647 £ 0.032 0.559 + 0.041 0.592 £+ 0.034 0.688 £+ 0.024
40% 0.630 £ 0.017 0.712 £ 0.007 0.665 £ 0.008 0.655 £ 0.005 0.711 £ 0.006
60% 0.647 £+ 0.010 0.724 4+ 0.003 0.676 £ 0.023 0.660 £ 0.015 0.728 £+ 0.003
80% 0.659 £ 0.006 0.705 £ 0.008 0.677 £ 0.008 0.654 £+ 0.007 0.724 £ 0.010
100% 0.655 £+ 0.009 0.710 £ 0.017 0.658 £ 0.015 0.661 £+ 0.012 0.704 £ 0.006

Table A5. Performance evaluation (mloU £ STD) across various augmentation strategies using
DeepLabV3+ with ResNet-18 backbone under cross-geographic conditions (Scenario 4: Japan 30 cm
to Thailand 30 cm).

% Dataset Non-Augmented Geometric Radiometric Occlusion All Transforms
20% 0.444 £ 0.033 0.533 £ 0.010 0.510 £ 0.011 0.435 £ 0.009 0.508 £ 0.011
40% 0.487 £ 0.036 0.553 £ 0.018 0.525 £ 0.022 0.469 £ 0.030 0.549 £ 0.016
60% 0.500 4+ 0.014 0.566 £ 0.015 0.534 £+ 0.010 0.489 £ 0.004 0.559 £ 0.013
80% 0.509 £+ 0.012 0.582 £+ 0.009 0.547 £+ 0.008 0.505 £+ 0.010 0.560 £ 0.020
100% 0.506 £+ 0.007 0.589 + 0.007 0.551 £ 0.005 0.491 £+ 0.010 0.566 £ 0.008

Table A6. Overfitting by IoU (%) across various augmentation strategies using DeepLabV3+ with
ResNet-18 backbone under intra-domain conditions (Scenario 1: WHU 30 cm to WHU 30 cm).

% Dataset Non-Augmented Geometric Radiometric Occlusion All Transforms

20% 24.4% 12.4% 17.9% 18.9% 13.4%

40% 10.9% 0.4% 6.8% 4.3% 2.7%

60% 7.7% 1.2% 5.0% 5.1% —2.1%

80% 9.3% 0.6% 6.6% 5.6% —2.7%

100% 8.3% 1.6% 7.9% 5.1% —0.7%
Table A7. Overfitting by IoU (%) across various data augmentation techniques using DeepLabV3+
with ResNet-18 backbone under intra-domain conditions (Scenario 2: Japan 30 cm to Japan 30 cm).

% Dataset Non-Augmented Geometric Radiometric Occlusion All Transforms
20% 19.3% 12.7% 20.3% 16.8% 10.2%

40% 18.2% 10.6% 15.9% 14.7% 7.9%
60% 17.0% 8.9% 15.6% 14.8% 5.5%
80% 15.1% 8.8% 13.9% 12.4% 3.1%
100% 14.8% 7.4% 11.7% 12.6% 4.4%
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Table A8. Overfitting by IoU (%) across various augmentation strategies using DeepLabV3+ with
ResNet-18 backbone under resolution shift conditions (Scenario 3: WHU 30 cm to HUMG 10 cm).

% Dataset Non-Augmented Geometric Radiometric Occlusion All Transforms

20% 27.6% 18.2% 29.1% 28.0% 11.9%

40% 28.8% 17.0% 20.2% 19.3% 12.8%

60% 25.6% 14.0% 20.5% 18.5% 13.1%

80% 25.7% 15.4% 20.4% 21.9% 13.2%

100% 25.0% 14.6% 19.5% 21.3% 13.1%
Table A9. Overfitting by IoU (%) across various augmentation strategies using DeepLabV3+ with
ResNet-18 backbone under cross-geographic conditions (Scenario 4: Japan 30 cm to Thailand 30 cm).

% Dataset Non-Augmented Geometric Radiometric Occlusion All Transforms

20% 44.5% 30.5% 38.5% 42.2% 30.4%

40% 37.2% 27.1% 35.0% 34.7% 26.2%

60% 36.5% 25.6% 34.1% 38.3% 20.1%

80% 39.9% 25.3% 33.3% 36.7% 20.8%

100% 39.8% 26.8% 32.9% 33.0% 18.0%
Table A10. Performance validation (mIoU =+ STD) across different augmentation strategies using
DeepLabV3+ with ResNet-152 backbone under intra-domain conditions (Scenario 1: WHU 30 cm to
WHU 30 cm).

% Dataset Non-Augmented Geometric Radiometric Occlusion All Transforms
20% 0.632 + 0.023 0.640 £ 0.017 0.627 + 0.019 0.622 + 0.018 0.649 £+ 0.014
40% 0.802 + 0.025 0.823 + 0.012 0.798 + 0.015 0.799 + 0.019 0.818 4+ 0.013
60% 0.829 + 0.015 0.840 = 0.013 0.827 4+ 0.010 0.821 £+ 0.015 0.837 4= 0.007
80% 0.856 £ 0.009 0.868 £ 0.007 0.842 £ 0.009 0.856 + 0.007 0.861 + 0.014
100% 0.865 £ 0.006 0.867 £ 0.008 0.864 £ 0.006 0.867 £ 0.006 0.869 £ 0.005

Table A11. Performance validation (mloU =+ STD) across various data augmentation techniques
using DeepLabV3+ with ResNet-152 backbone under intra-domain conditions (Scenario 2: Japan 30
cm to Japan 30 cm).

% Dataset Non-Augmented Geometric Radiometric Occlusion All Transforms
20% 0.758 + 0.014 0.781 £ 0.021 0.746 + 0.020 0.747 £+ 0.017 0.768 £+ 0.022
40% 0.775 £ 0.017 0.793 + 0.018 0.759 + 0.019 0.774 £ 0.015 0.787 = 0.017
60% 0.803 + 0.005 0.816 + 0.015 0.787 4+ 0.013 0.792 + 0.012 0.815 4= 0.009
80% 0.813 £ 0.006 0.824 + 0.006 0.809 £ 0.010 0.813 &= 0.009 0.822 + 0.011
100% 0.825 £ 0.007 0.827 £ 0.009 0.819 £ 0.008 0.812 £ 0.008 0.827 £ 0.008

Table A12. Overfitting by IoU (%) across different augmentation strategies using DeepLabV3+ with
ResNet-152 backbone under intra-domain conditions (Scenario 1: WHU 30 cm to WHU 30 c¢m).

% Dataset Non-Augmented Geometric Radiometric Occlusion All Transforms

20% 24.4% 8.5% 16.1% 19.1% 8.4%
40% 8.8% 1.2% 8.2% 6.5% 4.0%
60% 6.4% 1.9% 8.1% 6.4% —2.5%
80% 7.0% 0.6% 6.4% 4.7% —21%

100% 6.5% 1.3% 6.6% 4.6% —-1.5%
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Table A13. Overfitting by IoU (%) across various data augmentation techniques using DeepLabV3+
with ResNet-152 backbone under intra-domain conditions (Scenario 2: Japan 30 cm to Japan 30 cm).

% Dataset Non-Augmented Geometric Radiometric Occlusion All Transforms
20% 17.1% 9.9% 15.0% 15.5% 9.3%
40% 15.0% 10.8% 13.1% 12.8% 7.6%
60% 14.3% 8.4% 11.8% 12.4% 5.9%
80% 13.8% 6.7% 13.1% 12.1% 4.1%
100% 13.3% 7.7% 12.8% 12.2% 2.1%
Table A14. Performance evaluation (mloU + STD) across various augmentation strategies using
SegFormer with the MiT-b0 backbone on the 20% dataset for four experimental scenarios.
Scenario Non-Augmented Geometric Radiometric Occlusion All Transforms
S1: WHU — WHU 0.709 £ 0.004 0.714 £ 0.005 0.699 + 0.020 0.703 + 0.012 0.712 + 0.007
S2: Japan — Japan 0.747 £ 0.011 0.756 + 0.005 0.679 + 0.023 0.716 £ 0.018 0.749 + 0.006
S3: WHU — HUMG 0.573 £ 0.034 0.668 & 0.017 0.551 £ 0.033 0.573 £ 0.005 0.671 & 0.007
S2: Japan — Thai 0.469 + 0.008 0.518 + 0.012 0.495 + 0.037 0.484 + 0.013 0.559 £+ 0.001

Table A15. Overfitting by IoU (%) across various data augmentation techniques using Segformer
with MiT-b0 backbone on the 20% dataset for four experimental scenarios.

Scenario Non-Augmented Geometric Radiometric Occlusion All Transforms
S1: WHU — WHU 18.2% 14.4% 18.6% 16.2% 12.3%
52: Japan — Japan 13.0% 7.2% 20.2% 13.5% 5.4%
S3: WHU — HUMG 30.3% 18.4% 31.5% 27.0% 14.6%
S2: Japan — Thai 24.6% 18.6% 31.3% 17.5% 21.4%

Table A16. Computational overhead and training efficiency comparison: non-augmented vs. aug-
mented data on the WHU building dataset using DeepLabV3+ with ResNet-18 backbone.

Dataset %  Training Samples Avg. DA Latency Total DA Non-Augmented Augmented
(ms/Image) Overhead (s) Time/Epoch(s) Time/Epoch(s)
20% 947 20 19 48 50
40% 1894 20 38 98 98
60% 2842 20 57 148 150
80% 3789 20 76 190 191
100% 4736 20 95 247 248
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