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Abstract

Accurate building roof modeling is fundamental to urban analytics, digital twins, and 3D city reconstruction. However, progress
in deep learning—based reconstruction is constrained by the limited availability of diverse, high-resolution datasets with detailed
geometric annotations. This study introduces ROOFVIP dataset, a large-scale benchmark featuring very high-resolution RGB
orthophotos paired with 2D roof vectors that capture diverse urban morphologies across Munich, Germany. Following Level
of Detail (LoD) 2 principles, ROOFVIP encompasses a broad range of roof geometries and architectural complexities, providing a
robust foundation for evaluating both segmentation- and vectorization-based reconstruction methods. Two reconstruction paradigms
are examined: a two-step segmentation-based approach (Cascade Mask R-CNN, Mask R-CNN, SOLOV2, YOLACT) and a one-
step direct vector prediction approach (HEAT, PolyRoof). ImageNet-pretrained region-based models, particularly Mask R-CNN and
Cascade Mask R-CNN, achieve the highest segmentation accuracy, effectively delineating complex roof boundaries while revealing
challenges in small or irregular structures. Geometry-based models exhibit complementary strengths: HEAT prioritizes topological
regularity, while PolyRoof emphasizes geometric precision. Although performance metrics are lower than those on simpler datasets
such as HEAT and Roof Intuitive, ROOFVIP effectively exposes the challenges of geometric diversity and scale variation, serving
as a rigorous benchmark for future research. The dataset includes predefined training, validation, and test splits, enabling consistent
benchmarking across methods. By providing a challenging and diverse geometric landscape, ROOFVIP aims to advance geometry-
aware deep learning approaches and support scalable, high-fidelity 3D urban modeling. The dataset is publicly available through
the project page at https://chaikalamrullah.github.io/RoofVIP/.

1. Introduction ible in very high-resolution (VHR) imagery. This strong visibil-
ity and geometric regularity make roofs ideal for learning-based
vectorization, enabling models to infer structure directly from

imagery.

1.1 Background

Modeling buildings remains an open research challenge attract-
ing broad attention across disciplines (Biljecki et al., 2016;
Cheng et al., 2022; Kutzner et al., 2020; Luo et al., 2022; Qian
et al., 2021; Schuegraf et al., 2023; Zorzi and Fraundorfer,
2023). Accurate and up-to-date building models are essential
for cadastral mapping, digital twins, disaster management, and
autonomous navigation (Atazadeh et al., 2021; Dosovitskiy et
al., 2017; Fan et al., 2021; Khan et al., 2022), underscoring the
need for detailed, reliable 3D representations in modern geo-
spatial analytics.

To address data scarcity, we introduce the ROOFVIP dataset,
a large-scale and high-quality benchmark comprising paired
VHR RGB orthophotos and 2D roof vectors that capture di-
verse urban forms across Munich, Germany (Bayerische Ver-
messungsverwaltung, 2024b). ROOFVIP combines extensive
manual verification with geometric and topological consistency
checks to ensure label accuracy. It captures a broad spectrum
of roof complexities and establishes a unified benchmark for
evaluating segmentation- and vectorization-based deep learning
models for roof reconstruction.

HOWF:Y&I‘, generating such models.remalng resource-intensive. 12 Related Study
Traditional mono- and stereo-plotting require expert operators,
while semi-automated methods relying on geometry, shadows,
or LiDAR offer limited adaptability to complex urban morpho-
logies (Braun et al., 1995; Rottensteiner and Briese, 2003; Sun

Building roof modeling has been extensively investigated
across multiple LoD, forming the foundation for automated
building reconstruction. The ROOFVIP dataset adopts a 2

and Salvaggio, 2013; Verma et al., 2006). Deep learning has
since emerged as a scalable alternative (Amrullah et al., 2025;
Qian et al., 2021; Schuegraf et al., 2023; Zorzi and Fraundorfer,
2023), but progress is constrained by the scarcity of diverse,
high-resolution datasets with accurate geometric annotations.
Existing datasets often lack the spatial detail and structural vari-
ability needed for generalization across cities.

Among building components, roofs play a pivotal role: they
define geometry and architectural style while being clearly vis-

Dimension (2D) representation consistent with LoD 2.0, the
coarsest variant of the LoD2 specification (Biljecki et al., 2016;
Kutzner et al., 2020), characterized by simplified roof geomet-
ries that omit fine architectural details and rooftop superstruc-
tures.

Several existing datasets follow a similar level of geometric ab-
straction. The Holistic Edge Attention Transformer for Struc-
tured Reconstruction (HEAT) dataset, also referred to as Vector-
izing World Buildings (VWB), was introduced in Holistic Edge
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Attention Transformer for Structured Reconstruction (Chen et
al., 2022; Corley et al., 2024). Derived from the SpaceNet 1
challenge, it comprises 2,001 buildings from 0.3 m Maxar
WorldView RGB imagery (256x256 px tiles). The Roof Intuit-
ive or Mesh Image Pair (MIP) dataset (Corley et al., 2024; Ren
et al., 2021) contains 3,583 suburban residential roofs annot-
ated with 2D vectors and synthetic 3 Dimension (3D) meshes.
While HEAT primarily features simple rectangular industrial
roofs, MIP captures more varied residential structures with tri-
angular and irregular polygons. Both, however, are limited in
spatial resolution, coverage, and geometric diversity. Examples
of building shapes from both datasets are shown in Figure 1.

(b) Roof Intuitive dataset

Figure 1. Examples of existing roof datasets.

Together, existing datasets provide roughly 5,500 vector-image
pairs for 2D roof modeling research. As of November 3,
2025, other datasets, such as Zeitview Rooftop Geometry
(ZRG) (Corley et al., 2024), reportedly contained approxim-
ately 22,000 pairs. However, these datasets were not publicly
available. Both HEAT and MIP have supported deep learning
studies in polygonal roof reconstruction and structural graph
prediction (Amrullah et al., 2025; Cheng et al., 2022; Luo et
al., 2022; Zorzi and Fraundorfer, 2023). ROOFVIP extends
these foundations by providing approximately twice the sample
size, finer geometric precision, and greater architectural di-
versity across mixed urban contexts in Munich, enabling more
comprehensive benchmarking and generalizable evaluation for
automated roof reconstruction.

2. Data Source Challenge

Obtaining a suitable dataset for roof vector reconstruction, par-
ticularly at higher levels of detail, remains a considerable chal-
lenge due to the dependence on the accuracy and consistency
of publicly available geospatial data. The ROOFVIP dataset
was developed to address this gap by providing paired vector
data and Digital Orthophoto (DOP) imagery for building mod-
eling and reconstruction research. The imagery originates from
the Bavarian Open Geodata (Bayerische Vermessungsverwal-
tung, 2024a,b,c), an open-access initiative of the State of Bav-
aria, Germany, offering high-quality geospatial resources suit-
able for automated modeling studies. The following section de-
scribes the image data, with the vector component detailed later
in this paper.

Figure 2. Example of building samples from study areas. The first
row illustrates structures typical of the suburban region, while the
second row presents examples from the inner-city area of Mu-
nich.

The DOP are orthorectified aerial photographs with a spa-
tial resolution of 20 cm/pixel (DOP20) (Bayerische Vermes-
sungsverwaltung, 2024c), covering two contrasting Munich re-
gions: suburban west and the dense, mixed-use inner city (Fig-
ure 2). The suburban zone mainly comprises detached resid-
ential buildings and large industrial structures, while the in-
ner city features compact historical blocks, mixed commer-
cial-residential units, and institutional buildings typical of cent-
ral European architecture. Figure 3 shows the geographic cov-
erage of the study area.

As with most geospatial datasets, certain challenges arise from
the data generation process itself. Although not explicitly doc-
umented, the DOP appear to have been produced through a rec-
tification procedure that likely integrates auxiliary inputs such
as Digital Surface Model (DSM) derived from Light Detection
and Ranging (LiDAR) point clouds or stereo imagery. This rec-
tification process can introduce geometric distortions in areas of
abrupt elevation change, resulting in minor stretching or skew-
ing along building edges and roof boundaries (see Figure 4a).
Consequently, some roof outlines in the orthophotos may ex-
hibit slight deviations from their true geometric form, as several
other open datasets with the same level of detail also face sim-
ilar flaws (Federal Office of Topography or swisstopo, 2024;
Senatsverwaltung fiir Stadtentwicklung, Bauen und Wohnen
Berlin, 2023).

Figure 3. Study area: the metropolitan area of Munich, Germany.
The base map for this figure is from Open Street Map (Open-
StreetMap, 2025) while the DOP is from (Bayerische Vermes-
sungsverwaltung, 2024c).

As with most aerial datasets, several challenges stem from the
data generation process. The rectification of DOP imagery,
which likely incorporates DSM data derived from LiDAR or
stereo sources, can introduce minor geometric distortions near
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(a) Geometric distortions in the DOP caused
by the rectification process, resulting in
stretching or skewing along building edges
and roof boundaries

planar vector data,

(b) Inaccuracies in the original LoD2 roof

including misplaced
corners, misaligned edges, and over- or under-
segmentation of roof structures

(c) Manual labeling topological inconsisten-
cies, such as sliver or gap artifacts, self-
intersecting delineation, overlap polygons,
and multipart geometry structures

Figure 4. Overview of the data source challenge.

abrupt elevation changes, resulting in stretched or skewed roof
edges (Figure 4a). Likewise, vector data from the Bavarian
LoD2 3D Building Model (Bayerische Vermessungsverwal-
tung, 2024a) may contain errors such as misplaced corners,
misaligned edges, and over- or under-segmented roof structures
(Figure 4b).

Because these procedural artifacts affect both imagery and vec-
tor annotations, a manual re-annotation process was performed
following LoD 2 specifications to ensure geometric and topo-
logical consistency. Such data imperfections, including skew-
ing from rectification, vector mislabeling, and inconsistent seg-
mentation granularity, represent the three primary challenges
affecting model learning. These issues can propagate through
the reconstruction pipeline, resulting in biased feature learning,
incorrect geometric relationships, and reduced generalization
performance in subsequent experiments (see Figure 4).

3. ROOFVIP Dataset
3.1 Manual Roof Segment Labeling

Given the challenges inherent in both the vector and imagery
sources, manual labeling was essential to ensure high-quality
and consistent roof vector data. The process began with
monoplotting the DOP imagery to extract 2D roof polygons.
Due to local distortions in the DOP, roof corners and edges
were carefully interpreted and regularized to preserve geomet-
ric accuracy. Roofs partially obscured by trees, shadows, or
adjacent structures were manually completed based on visual
cues, symmetry, and overall building shape (Figure 5).

To maintain consistency, a structured two-step review proced-
ure was followed: an initial labeling (version 1) was refined
by a second annotator (version 2), followed by a final valida-
tion from a third reviewer. This ensured uniform interpretation

of roof structures and alignment with established LoD2 mod-
eling principles. The labeling adhered to subclass 2.1 defin-
itions (Biljecki et al., 2016; Kutzner et al., 2020), capturing
primary roof planes and architectural elements larger than 2 m?,
such as balconies or roof extensions. While this approach min-
imizes inconsistencies, some degree of interpretative variability
remains, representing a known limitation of the dataset.

Following annotation, the labeled segments belonging to the
same building footprint were merged using a unary union op-
eration. This procedure consolidates multiple roof parts into
single building instances, simplifying instance management
while preserving geometric hierarchy. However, as discussed
in later section, it also introduces a few exceptionally large
instances containing multiple roof sections, influencing the
model’s learning behavior and complexity distribution.

3.2 Geometry and Topology Validation

After the monoplotting and merging process, geometric and to-
pological validations were performed to ensure internal consist-
ency. Each building is represented as a structured sequence of
2D coordinates forming closed roof polygons. Validation was
conducted semi-automatically by examining polygon hierarch-
ies and their spatial relationships.

The checks involved verifying geometric integrity, removing
sliver polygons, snapping misaligned vertices, decomposing
multipart geometries, and standardizing vertex orientation for
consistent data formatting (Figure 4c). Special attention was
given to resolving topological exceptions, such as nested roof
parts or misrepresented holes (i.e., polygons defined as separ-
ate entities rather than reversed inner rings). These corrections
ensured that all roof segments were geometrically valid, topo-
logically coherent, and compatible with deep learning frame-
works for subsequent model training.
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With labeling, merging, and validation completed, the finalized
dataset was organized into a structured format in preprocessing
step described in the following section.

Figure 5. Manual labeling examples. The white lines indicate
interpreted roof edges, while the different colors represent indi-
vidual roof planes resulting from the manual labeling process.

3.3 Preprocessing

After completing the semi-automatic geometry and topology
validation, the next stage involves preprocessing the data to pre-
pare it for the learning pipeline. This step includes cropping
each individual building into a paired image and vector sample.

Individual buildings are defined based on their geometric
groupings rather than administrative boundaries. In practice,
planar roof structures that are physically connected are treated
as a single building (see Figure 6). This grouping process is
achieved through unary union operations on the roof polygons.
As aresult, the dataset comprises a total of 7,744 vector—image
pairs.

An important characteristic of this dataset is that it preserves the
Ground Sampling Distance (GSD) of the original imagery. The
image size, however, varies depending on the building’s max-
imum width or height, with additional padding applied to main-
tain a square format. Only geometries that are fully contained
within the image boundary are retained in the corresponding
vector file. Each image—vector pair then undergoes a final qual-
ity inspection, combining visual assessment with automated to-
pological validation.

Figure 6. Single-building extraction and cropping process. Geo-
metrically connected roof structures are grouped as individual
buildings using unary union operations.

The vector coordinates are converted into the local coordinate
system of each image. To ensure spatial traceability, a JavaS-
cript Object Notation (JSON) metadata file accompanies each
pair. This file contains the transformation parameters for con-
verting predictions back to global coordinates, as well as de-
tails of the GSD and Coordinate Reference System (CRS) in

European Petroleum Survey Group (EPSG) format. The over-
view of this study and the subsequent analysis, focuses primar-
ily on single-building samples to enable a fair comparison with
existing benchmark datasets.

3.4 Dataset Comparison

To assess the characteristics of the proposed dataset relative to
established benchmarks such as HEAT and Roof Intuitive, a
systematic quantitative comparison was conducted. The ana-
lysis begins with the computation of geometric descriptors for
each building vector. These include basic geometric features
such as vertex count and area, as well as higher-level shape
attributes derived from geometric and topological properties.
Graph-based metrics such as node centrality, path length, and
connectivity were also extracted to describe roof-structure com-
plexity.

The relevance of each feature was evaluated using Analysis
of Variance (ANOVA) F-values and Mutual Information (MI)
scores. Dimensionality reduction was then applied through
Principal Component Analysi (PCA) to obtain a composite met-
ric called the geometric complexity score. All scores were
normalized to enable consistent comparison across datasets.
Figure 7 illustrates the score distributions and representative
samples, while Table 1 summarizes the statistical properties
and the Earth Mover’s Distance (EMD) between distributions.
Smaller EMD values indicate greater similarity between data-
sets.

A visual and statistical examination reveals distinct complex-
ity profiles among datasets. The ROOFVIP dataset exhibits
a medium-to-high complexity range with two dominant peaks
and a broad spread. Its distribution extends further toward
higher complexity values than the others. This results in a
higher variance and standard deviation, showing that ROOF-
VIP captures diverse roof geometries and urban morphologies.
Meanwhile, HEAT shows a similar general pattern but a nar-
rower variation range, which agrees with its close EMD value
to ROOFVIP. The Roof Intuitive dataset demonstrates a slightly
higher mean complexity, yet it spans a smaller portion of the
total range and reflects a more homogeneous structure.

To ensure fair evaluation, the geometric complexity analysis
was also applied internally to define the training, validation,
and testing subsets. The datasets were split into 80-10-10%
portions, respectively. Samples were binned according to their
complexity scores so that each subset maintained a balanced
representation of simple and complex building structures. This
ensured that the training process remained consistent across
varying levels of geometric detail, as shown in Figure 8.

4. Experiment
4.1 Two- and One-step Approach

Having established the dataset’s structure and quality, the next
objective is to evaluate its capacity to support deep learning
workflows for roof vector reconstruction. Specifically, this
section assesses whether ROOFVIP enables robust perform-
ance across established reconstruction paradigms and provides
a foundation for model benchmarking and generalization stud-
ies.

Roof reconstruction methods can be broadly categorized into
two paradigms: the two-step and the one-step approach. The
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Figure 7. Comparison of the proposed ROOFVIP dataset with established benchmarks.

Mean Mode  Median Variance Std.
Dataset ..
(x10°%) deviation
RoofVIP  60.14 58.75 59.40 80 2.84
HEAT 59.56 59.15 59.42 3 0.57
Roof
Intuit- 60.50 60.45 60.44 1 0.03
ive
(a) Statistical properties.
Dataset Roof Roof
Name VIP HEAT Intuitive
Roof 0.0 0.00725 0.0144
VIP
HEAT 0.00725 0.0 0.00941
Roof 0.0144 0.00941 0.0
Intuitive
(b) EMD.

Table 1. Quantitative comparison of dataset characteristics.

two-step process begins with pixel-level roof instance segment-
ation, or followed by post-processing for vectorization. In con-
trast, the one-step approach directly predicts roof primitives
(points, edges, or polygons) from imagery, learning geometric
relationships without an intermediate mask representation.

In this study, both paradigms are explored. = The two-
step approach applies instance segmentation using Cascade
Mask Region-based Convolutional Neural Network (C Mask
R-CNN) (Cai and Vasconcelos, 2018), Mask Region-based
Convolutional Neural Network (Mask R-CNN) (He et al.,
2017), Segmenting Objects by LOcation Version 2 (SO-
LOV2) (Wang et al., 2020), and You Only Look At Coeffi-

. Train

. Validation
. Test

. Other datasets

Figure 8. Distribution of building samples by geometric com-
plexity of RoofVIP dataset. Each subset is binned to maintain
balanced representation across training, validation, and testing
splits.

cienT (YOLACT) (Bolya et al., 2019) from the MMDetection
framework (Chen et al., 2019). Region-based models (Mask
R-CNN, C Mask R-CNN) employ hierarchical refinement to
improve boundary delineation. In contrast, single-stage models
(SOLOV2, YOLACT) prioritize computational efficiency and
maintain balanced performance across scales.

The one-step paradigm is represented by HEAT (Chen et al.,
2022) and PolyRoof (Amrullah et al., 2025). HEAT em-
ploys a Transformer-based architecture that encodes global con-
text through a Vision Transformer and decodes it into roof
primitives and their topological relationships using a holistic
edge-attention mechanism. PolyRoof combines a convolutional
neural network (CNN) backbone with a graph neural network
(GNN) to refine edge connectivity and polygon topology. Its
Area Segmentation Loss (Amrullah et al., 2025) balances roof-
segment and building-instance reconstruction, promoting hier-
archical understanding of roof geometry. Together, these mod-
els highlight trade-offs between segmentation precision, geo-
metric fidelity, and structural coherence.

All models were trained using an adaptive stopping criterion.
Training continued until performance plateaued and loss con-
vergence was observed, with the assumption that no secondary
plateau would occur. This approach aims to ensured dataset-
driven convergence and minimized bias caused by architectural
convergence differences. This evaluation framework enables
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a balanced comparison between segmentation- and geometry-
based reconstruction models, emphasizing how architectural
design and learning formulation interact with the geometric
complexity represented in ROOFVIP.

4.2 Metric Performance

To compare the performance of the one-step and two-step ap-
proaches, both segmentation-based and geometry-based met-
rics were employed.

For the two-step approach, standard segmentation metrics were
used to evaluate mask quality prior to vectorization. The
primary metric is the mean Average Precision (mean Average
Precision (mAP)), which measures the average precision across
all classes and detection thresholds. It is defined as follows:

N
1 TP
mAP = Z; TP, + FP, M

Here, N denotes the total number of classes. For each class
i, T P; represents the number of true positive pixels correctly
predicted as belonging to class ¢, and F'P; denotes the number
of false positive pixels incorrectly assigned to class .

Several mAP variants were also considered to capture perform-
ance under different evaluation settings. mAPso and mAP75
correspond to mean Average Precision measured at Intersection
over Union (IoU) thresholds of 0.50 and 0.75, respectively, re-
flecting lenient and strict localization criteria. The scale-based
metrics mAP,, mAP,,,, and mAP; follow the COCO conven-
tion and evaluate detection accuracy across small, medium, and
large objects.

For geometry-based, performance was evaluated using metrics
that directly assess the quality of vector outputs. These in-
clude Positional Accuracy, Line Distance, Building Instance
F1-score, Roof Segment Fl-score, Reconstruction Score, and
Count Completeness. Collectively, these metrics capture geo-
metric precision, completeness, and structural integrity of the
reconstructed roof vectors. The formal definitions are provided
below (Amrullah and Bittner, 2025; Amrullah et al., 2025).

Building and Roof F1-score: Precision and Recall are first com-
puted for building and roof segment predictions, and the har-
monic mean yields the F1-score:

2 - Precision - Recall
= 2
! Precision + Recall )

where Precision is the ratio of correctly predicted elements to
all predicted elements, and Recall is the ratio of correctly pre-
dicted elements to all ground truth elements.

Positional Accuracy: This is measured using the Root Mean
Square Error (RMSE) between predicted and ground-truth

points, Pprea and pgr:

n

1
=~ Pigea —pi)® ()

i=1

RMSE(ppred ) pgt) -

where n is the number of points compared with illustration in
Figure 9a.

Line Distance: The line-based discrepancy between pre-
dicted and ground-truth polygons is measured using a direc-
ted/undirected Hausdorff-type distance:

1 . .
Di(A,B) = 5 [max ((sup inf lla — bl sup inf fla b}

agq,ap t€[0,1

+ inf max] ||eva(t) — Oéb(t)|:|

“
where A and B denote the predicted and ground-truth roof
polygons, o, and «y are their continuous curve parametriza-
tions, and || - || is the Euclidean norm for inner and outer line as
illustrates in Figure 9b.

Reconstruction Score: This composite score combines building
and roof F1-scores to evaluate the overall segmentation quality
(shown in Figure 9c):

2 - F1 Building * F1,Roof

Reconstruction Score =
Fl,Building + Fl,Roof

(%)

Count Completeness: The completeness of the predicted roof
primitives is assessed by comparing the number of predicted
and ground truth elements:

countpyeq — count,
Completeness Score = max <O, 1-— | pred gl')

countg

(6)

A value of 1 indicates perfect completeness, while O represents
a completely missing or severely over/under-predicted instance
(in Figure 9d).

The illustration of how the metric calculation is implemented
on vector data is shown in Figure 9.

4.3 Result

This section presents the experimental results for the two- and
one-step approach. The two-step approach started with instance
segmentation process to single roof object class. All models use
a ResNet50 (He et al., 2016) backbone to ensure consistent fea-
ture extraction and isolate architectural differences in perform-
ance. Other training hyper parameters, including batch size,
learning rate, optimizer settings, and number of epochs, were
kept identical across all experiments to ensure controlled com-
parison. In the first configuration, models were trained from
scratch using only the ROOFVIP data to evaluate their abil-
ity to learn roof-specific features without external priors. In
the second, ImageNet-pretrained weights (He et al., 2019; Rus-
sakovsky et al., 2015) were used to initialize the backbone, al-
lowing analysis of the influence of transfer learning. The quant-
itative results of both experiments are summarized in Tables 2a
and 2b.

The performance comparison of geometry-based one-step mod-
els is summarized in Table 3. Quantitatively, PolyRoof achieves
higher positional and line accuracy, indicating more precise
geometric reconstruction and improved boundary alignment.
Meanwhile, HEAT shows superior F1-scores in roof segmenta-
tion and overall geometry counting, demonstrating stronger to-
pological regularity and global structural coherence due to its
holistic edge attention design. Both models achieve comparable
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Figure 9. Illustration of vector-based metric computation for roof
reconstruction.

completeness in instance counts, with PolyRoof slightly out-
performing in line and overall reconstruction metrics. Overall,
these results highlight a trade-off between the spatial precision
of PolyRoof and the structural regularity of HEAT, reflecting
their differing design priorities in direct vector reconstruction.

5. Discussion and Limitation

Table 2 shows that ImageNet pretraining substantially im-
proves segmentation performance across all models. When
trained from scratch, SOLOV2 achieves the highest mAP
(37.78%), followed by C Mask R-CNN (30.70%) and
YOLACT (28.64%), indicating that single-stage models gen-
eralize better without prior knowledge. With pretrained initial-
ization, Mask R-CNN attains the best overall mAP (58.06%),
outperforming others across most IoU thresholds and scales,
while SOLOV?2 performs robustly on medium and large roofs.
These results highlight the critical role of transfer learning
in improving convergence and generalization, particularly for
region-based architectures.

Figure 11 reinforces these findings: region-based models, es-

mAP mAP59 mAP75 mAP; mAP,, mAP;
Model

%) %) (%) (%) T%) (%)
YOLACT 28.64 4434 30.92 25.05 49.88 46.35
SOLOV2 37.78 55.07 37.75 27.54 4692 47.80
Mask 1575 27.58 1629 14.86 4423 37.85
R-CNN
C Mask 30.70 49.07 33.13 29.71 50.02 44.24
R-CNN

(a) Training from scratch.

mAP mAP5;9 mAP7; mAP; mAP,, mAP;
Model

%) 0% %) (% 0% T%)
YOLACT 3247 48.79 3593 27.55 5225 4791
SOLOV2 47.23 68.07 52.75 37.83 63.78 61.69
Mask 58.06 76.93 65.70 43.72 72.89 75.09
R-CNN
C Mask 48.59 69.37 54.38 40.41 65.65 59.20
R-CNN

(b) Training with ImageNet pretraining.

Table 2. Performance comparison of instance segmentation with
ResNet50 backbone in the two-step approach. The bold text in-
dicates best performance while the underline text is for the second
best.

pecially Mask R-CNN, provide the most consistent roof delin-
eations and effectively separate adjacent buildings. C Mask
R-CNN performs similarly but occasionally over-segments,
whereas SOLOV2 maintains good coverage yet merges nearby
structures. In contrast, YOLACT struggles with small or low-
contrast roofs.

An additional factor influencing performance is the dataset
structure, where unary union preprocessing produces excep-
tionally large single-building samples with multiple roof sec-
tions, resulting in uneven geometric complexity. While this
favors segmentation-based models, it poses challenges for
geometry-driven one-step methods that rely on structured re-
lations and permutation-based learning, often limiting con-
vergence and generalization. As shown in Table 3 and Fig-
ure 11, PolyRoof achieves higher positional and line accur-
acy, whereas HEAT attains superior reconstruction scores and
geometric counting. Qualitatively, HEAT generates smoother
and more globally coherent structures, while PolyRoof captures
finer geometric details. These results highlight complementary
strengths: HEAT emphasizes topological regularity, whereas
PolyRoof prioritizes geometric precision, reflecting a trade-off
between structural coherence and detail fidelity.

Nevertheless, absolute performance remains lower than on sim-
pler datasets such as HEAT and Roof Intuitive, likely due to
the higher geometric variability in ROOFVIP. This limitation
becomes more pronounced on large image patches, where in-
creased scene complexity further degrades performance (Fig-
ure 10). Geometry-based models particularly struggle to pro-
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Positional Line Roof Building  Reconstruction Count
Model Accuracy Distance F1-score F1-score Score ] .
Point Line Polygon
(px) (px) (1%) (1%) (1%) (1%) (1%) (1%)
HEAT 2.04 14.71 37.08 22.32 27.86 15.33 13.07 7.38
PolyRoof 1.89 12.92 32.50 31.43 31.95 15.08 15.92 6.23

Table 3. Performance comparison of geometry-based models with one-step process. Bold text indicates the best performance.

duce complete and consistent polygon structures, often yielding
fragmented or topologically incomplete outputs. In contrast,
segmentation-based two-step models more reliably classify and
separate roof instances, although they remain sensitive to image
distortions, resulting in wavy or imprecise boundaries—an ef-
fect mitigated most effectively by Cascade Mask R-CNN (Fig-
ure 10 in crop image part). Notably, geometry-based methods,
while less consistent overall, occasionally localize corner points
with higher precision, highlighting a complementary advantage
in fine structural reasoning.

6. Conclusion

This study introduced RoofVIP, a large-scale benchmark for
automated roof reconstruction, combining high-resolution or-
thophotos with precisely annotated 2D roof vectors across
diverse urban morphologies in Munich. Manual and semi-
automatic validation ensures geometric and topological con-
sistency, while statistical analysis shows broader complexity
than datasets such as HEAT and Roof Intuitive, establishing
RoofVIP as a robust benchmark for both segmentation- and
vectorization-based methods.

Experiments show that ImageNet pretraining significantly im-
proves segmentation-based two-step approaches, with Mask R-
CNN and Cascade Mask R-CNN achieving the most reliable
delineation of complex roofs. Geometry-based one-step mod-
els (HEAT, PolyRoof) exhibit complementary strengths: HEAT
preserves structural coherence, while PolyRoof captures geo-
metric precision, yet both struggle with generalization under
high variability. These challenges intensify on large image
patches and rectification distortions, where segmentation mod-
els may produce wavy boundaries and geometry-based methods
often fail to generate complete, consistent polygons.

Overall, the results reveal a trade-off: segmentation meth-
ods provide more stable and interpretable outputs, whereas
geometry-based approaches offer greater potential for fully vec-
torized, end-to-end modeling. Future work will extend ROOF-
VIP with richer metadata, higher geometric detail, and more
diverse urban forms.
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