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Abstract

3D semantic scene understanding remains a long-
standing challenge in the 3D computer vision community.
One of the key issues pertains to limited real-world anno-
tated data to facilitate generalizable models. The common
practice to tackle this issue is to simulate new data. Al-
though synthetic datasets offer scalability and perfect la-
bels, their designer-crafted scenes fail to capture real-world
complexity and sensor noise, resulting in a synthetic-to-real
domain gap. Moreover, no benchmark provides synchro-
nized real and simulated point clouds for segmentation-
oriented domain shift analysis. We introduce TrueCity,
the first urban semantic segmentation benchmark with cm-
accurate annotated real-world point clouds, semantic 3D
city models, and annotated simulated point clouds rep-
resenting the same city. TrueCity proposes segmentation
classes aligned with international 3D city modeling stan-
dards, enabling consistent evaluation of synthetic-to-real
gap. Our extensive experiments on common baselines quan-
tify domain shift and highlight strategies for exploiting syn-
thetic data to enhance real-world 3D scene understanding.
We are convinced that the TrueCity dataset will foster fur-
ther development of sim-to-real gap quantification and en-
able generalizable data-driven models. The data, code,
and 3D models are available online: https://tum-—
gis.github.io/TrueCity/.

1. Introduction

Semantic segmentation of point clouds remains a critical
yet unsolved task in 3D computer vision. One of the main
impediments in this area is the limited availability of high-
quality, semantically annotated real-world 3D data. To ad-
dress this issue, many researchers have turned to synthetic
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Figure 1. TrueCity introduces real-world annotated point clouds, a
semantic 3D city model, and 3D-model simulated point clouds of
the same location, enabling coherent evaluation of the sim-to-real
domain gap in 3D scene understanding.

data generation by simulating sensory inputs in virtual en-
vironments [8, 9, 21, 41, 44]. These synthetic datasets of-
fer an appealing alternative due to their scalability, cost-
effectiveness, and precise ground truth annotations.
However, a significant drawback of using simulated data
lies in the large domain shift between synthetic and real-
world point clouds. This is especially apparent when deal-
ing with urban scenes which are highly challenging scenar-
ios owing to changing scanning distances, various object
material properties, and many dynamic events. Simulated
environments often rely on fictitious and designer-crafted
3D scenes that fail to capture the full complexity, variability,
and noise present in real-world settings [9, 41, 44]. Another
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limitation is the lack of benchmark datasets comprising syn-
chronized real-world 3D point clouds and 3D environment
paired with their simulated counterparts. Lack of such data
hampers comprehensive quantification of the domain shift
between synthetic and real domains. This research gap not
only impedes the development of robust segmentation mod-
els but also limits our understanding of how synthetic data
can best be leveraged to improve real-world performance.
Another general challenge in developing urban segmen-
tation methods is the high heterogeneity and definition of
urban classes. This variability often leads to misinterpre-
tation of object characteristics and hinders the creation of
large-scale, high-diversity datasets. In particular, there is of-
ten a taxonomic and geometric mismatch between the seg-
mented urban elements and the internationally recognized
and standardized modeling classes. The issue is frequently
overlooked, yet it poses a significant obstacle to analyze per
class sim-to-real shift, especially apparent in ray-penetrable

glass objects which simulation fails to capture [8, 57].

To address these challenges, our TrueCity contributes in:

* Proposing novel urban semantic segmentation classes de-
rived from international modeling standards;

* Realizing the new class design on the introduced TrueCity
benchmark dataset comprising real-world cm-accurate la-
beled point clouds, its derived semantic 3D city model
structured according to the CityGML 2.0 standard, and
simulated point clouds representing the same city (Fig. 1);

* Analyzing domain shift between synthetic and real point
clouds on the segmentation task enabled by data synchro-
nization.

2. Related Work
2.1. Domain Shift in Point Cloud Segmentation

Inherently, machine and deep learning methods require a
large amount of training data, which is expensive to collect.
Especially in the context of semantic segmentation of 3D
point clouds, the scarcity of well-annotated data for each
sensor type has become a notable challenge [12, 45, 60].
The immediate application of a model trained on one sen-
sor type to another is often infeasible owing to the different
laser scanning patterns, point distribution, and point cloud
size. For instance, Shen et al. [42] show semantic segmen-
tation decreases its performance significantly when trained
on terrestrial laser scanning (TLS) and inferred on mobile
laser scanning (MLS) point cloud, i.e., 76.5% to 32.0% in
their experiments. Recent research endeavors have shifted
towards integrating domain adaptation techniques account-
ing for the sensor differences and showing promising re-
sults [60], e.g., improving segmentation accuracy by up to
13% [42]. Yet, the performance is still insufficiently robust,
showing large variations across datasets and reaching only
around 56% IoU on challenging datasets [52].

Furthermore, unlike in 2D image domain [35], there is a
lack of large real-world point clouds to train a generic clas-
sifier that can be adapted for multiple scenarios [59]. Con-
sequently, recent years have witnessed a surge in methods
investigating the adoption of simulated point clouds com-
plementing real-world scenarios [8, 54, 60]. Current sim-
ulators often represent fictitious scenes designed manually
[9, 41, 53]. This fact poses yet another challenge of not
only accounting for the sensor type differences but also the
domain gap between the simulated and real-world data. As
reflected by experiments conducted by Xiao et al. [60], the
performance for combining simulated and real data can os-
cillate in the range of 55-65% accuracy depending on the
scenario and benchmark dataset, underscoring the impor-
tance of further domain-gap investigations.

Although recently researchers have shown that weakly-
supervised [26, 50] and self-supervised [61, 63] methods
show promising results, there are still necessitating vali-
dation sets and their performance can be limited, e.g., can
reach only up to 60% when deployed for object detection,
as shown in the review of Zeng et al. [61].

Worth noting is also the parallel submission to a jour-
nal [2]. There, the focus lies on providing the workflow
to generate simulated data and provide deterministic and
stochastic tools to validate the simulation. Also, unlike in
this TrueCity submission, no synchronized dataset is intro-
duced; TrueCity further harmonizes the semantic classes
with the international standards; and importantly TrueCity
provides revised test, validation, and training split without
mixing real with synthetic point clouds in local neighbor-
hoods, thus enabling consistent domain shift evaluation in
separate spatial regions.

2.2. Urban Point Cloud Segmentation Datasets

A wide range of point cloud semantic segmentation bench-
marks have been introduced in recent years (Tab. 1). How-
ever, the availability of such datasets remains much smaller
that of 2D image segmentation benchmarks, both in terms
of the number of datasets and the volume of annotated
instances.  Street-level urban point cloud segmentation
datasets represent particularly challenging scenarios, where
even transformer-based methods show limited performance,
e.g., Point Transformer achieves only around 42% IoU on
the facade segmentation task in the ZAHA dataset [59].
Despite progress, none of the current benchmarks pro-
vide synchronized real and simulated point clouds captured
at the same geographic location (except aerial data which is
out of scope for this publication [5]). Notable datasets such
as DELIVER [24] and Paris-CARLA-3D [8] include simu-
lation data, but the synthetic scenes are not representing the
corresponding real sites. In Paris-CARLA-3D, Paris scans
are paired with CARLA-generated fictitious towns, and the
underlying 3D real city assets are unavailable, precluding



scene-level re-simulation and making systematic analysis
of domain shifts, and thus a fair estimate of the domain gap
difficult.

Another challenge lies in the high variation of class def-
initions across urban segmentation datasets, which hinders
unified, consistent, and fair comparisons of algorithmic per-
formance: The minimum number is eight and the maximum
is 50 in the analyzed datasets (Tab. 1). The lack of standard-
ized class representations also poses difficulties for devel-
oping robust transfer learning approaches. In related fields
such as geomatics, architecture, and civil engineering, inter-
national standardization bodies have long established urban
object taxonomies for modeling [1, 10, 59]. These stan-
dardized class definitions, however, remain largely over-
looked in the design of point cloud segmentation datasets,
which limits the direct applicability of their outputs to
standardized semantic modeling workflows. Here, the no-
table exceptions are ZAHA [59], TUM-FACADE [56], and
ArCH [29], grounding their classes in international stan-
dards. Yet, they focus on either facade-only classes (ZAHA,
TUM-FACADE), excluding any other urban classes; or on
cultural-heritage-specific classes (ArCH), limits their appli-
cation to generic urban scenarios. Worth noting are also
works focusing on generating synthetic images from virtual
3D assets, yet they are out of scope for the 3D point cloud
benchmarks [11, 31].

2.3. Standardized Semantic City Models

For the representation of cities and landscapes in terms of
their semantics, geometry, topology, and appearance, the in-
ternational standard CityGML has become widely adopted
by municipalities and entire countries [17, 58]. CityGML
version 2.0 was released by the Open Geospatial Consor-
tium (OGC) in 2012 and defines a conceptual data model,
which is based on the standards from the ISO 191XX se-
ries of geographic information standards and therefore sup-
ported by geographic information systems. The standard
specifies concepts and class definitions for representing
buildings, bridges, tunnels, vegetation, city furniture, and
transportation infrastructure across different level of details
(LoDs) [17]. Combined with buildings, detailed facades,
vegetation, and city furniture, the street space can be rep-
resented in a comprehensive, semantic, and interoperable
manner. As of 2024, there are approximately 216.5 mil-
lion building models available worldwide as open CityGML
datasets [58]. This includes the building stocks in LoD 2
of Germany, Switzerland, Poland, and large parts of Japan,
which are provided and maintained by public authorities
with stable object identifiers. Moreover, road networks and
roadside objects can also be modeled in the OpenDRIVE
standard for high-definition mapping, traffic and driving
simulation applications [1, 37]. Objects defined in Open-
DRIVE using parametric geometries can be transformed

into CityGML’s explicit geometries through a dedicated
conversion method [39].

3. TrueCity Benchmark Dataset
3.1. 3D Semantic Road Space Classes

As shown in Table 1, there is a scarcity of point
cloud benchmark datasets capturing the same environment
through both real and simulated laser scanning. Address-
ing this scarcity requires an environment model with se-
mantic information to enable the derivation of semantically
labeled point clouds from laser scanning simulation. To en-
sure compatibility with established standardized data mod-
els, we propose a class list of 12 classes harmonized with
the standards CityGML 2.0 [17] and OpenDRIVE 1.4 [1].
Leveraging standardized class definitions facilitates seam-
less integration and reuse in downstream methods and appli-
cations, such as 3D road space and facade semantic recon-
struction [15, 57]. A detailed description of these classes is
provided in Table 2, along with their corresponding classes
defined in the standards. The standards further specify type
categories, functions, and usage lists for objects; for details
see [1, 17].

3.2. Real-World Data Acquisition

For the physical environment of the TrueCity benchmark
dataset, we selected the inner city of Ingolstadt, a mid-sized
German town with a dense and challenging urban setting.
Figure 2 shows the dataset covers four streets totaling about
500 m, featuring adjacent facades of 2-4-story buildings,
vegetation, street furniture, vehicles, and pedestrians.
Real-World Laser Scanning The high-precision laser
scans are conducted by the company 3D Mapping Solu-
tions using their Mobile-Road-Mapping-System (MoSES),
which is mounted on a minivan to collect the real-world
point clouds [19, 43]. In total, 113 million points are
recorded, with densities of up to 3,000 pts/mz, while the
setup achieves a relative accuracy of 1-3cm. The inertial
measurement unit is complemented by odometer sensors
and a high-precision differential GPS with real-time kine-
matic (RTK) correction data from the German satellite posi-
tioning service (SAPOS), ensuring accurate georeferencing
[19]. The georeferenced real-world point clouds are pro-
vided in the projected coordinate reference system (CRS)
UTM Zone 32N (EPSG:25832).

Semantic Annotation Our labeling of real-world point
clouds follows a three-step process. First, we divide the
point cloud into parts of connected components based on
their spatial distance. Second, the ground surfaces, includ-
ing roads and sidewalks, are separated from elevated ob-
jects using the cloth simulation filtering (CSF) algorithm
[62]. Third, we manually select the corresponding subset
of points and assign it a class ID from Table 2. Finally,



Name Year Sensor Acquisition? # Classes Real city? 3D models? Standardized classes? Sim and Real synced?
Oakland 3D [30] 2009 MLS real 44 X X -
Sydney Urban Objects Dataset [7] 2013 MLS real 26 X X -
Paris-rue-Madame database [40] 2014 MLS real 27 X X -
iQumulus [49] 2015 MLS real 8 X X -
TUM-MLS-2016 [65] 2016 MLS real 9 X X -
semantic3D.net [ 18] 2017 TLS real 9 X X -
Paris-Lille-3D [36] 2018 MLS real 50 X X -
SynthCity [16] 2019 MLS simulated 9 X X X -
A2D2 [13] 2020 MLS real 38 X X -
ArCH [28] 2020 TLS/MLS/UAV real 10 X -
Toronto-3D [46] 2020 MLS real 8 X X -
KITTI-360 [25] 2021 MLS real 19 X X -
Paris-CARLA-3D [8] 2021 MLS real + simulated 23 ~ ~ X X
TUM-FACADE [56] 2022 MLS real 17 X -
HelixNet [27] 2022 MLS real 9 X X -
SUD [14] 2023 MLS real 8 X X -
DELIVER [24] 2025 MLS simulated 25 X X -
ZAHA [59] 2025 MLS real 15 X -
TrueCity (ours) 2025 MLS real + simulated 12

Table 1. Point cloud benchmark datasets for urban semantic segmentation.
# Class Description Corresponding standard class

CityGML 2.0 [17] OpenDRIVE 1.4 [1]

B RoadSurface
B GroundSurface

Vehicle-allowed surfaces without sidewalks
Pedestrian-allowed surfaces without road surface

(Auxiliary)TrafficArea LaneSectionLRLane
(Auxiliary)TrafficArea, OuterFloorSurface LaneSectionLRLane

1

2

3 CityFurniture
4 Vehicle

5 M Pedestrian

Parked or moving vehicles
Standing or moving persons

Vertical urban installation without building-attached objects CityFurniture

6 WallSurface Building parts without roofs, installations, facade elements WallSurface RoadObject
7 Il RoofSurface Building parts forming roof structures RoofSurface RoadObject
8 [l Door Openings allowing entering objects with gates Door -
9 [l Window Openings and its outer blinds without entries Window -

10 BuildingInstallation Building-attached installation BuildinglInstallation, OuterCeilingSurface —

11 [l SolitaryVegetationObject Vegetation with tree trunks and branches Solitary VegetationObject

12 Noise

Noisy points and any other non-annotated element -

RoadObject

Table 2. Semantic road space classes harmonized with the class definitions of the standards CityGML 2.0 and OpenDRIVE 1.4.

all point clouds are merged, resulting in the points-per-class
distribution shown in Figure 3. This phenomenon posits
TrueCity in the realistic long-tail distribution regime, typi-
cal challenge of real-world data [6, 59].

3.3. Synthetic Data Acquisition

Semantic 3D City Model To achieve precise synchroniza-
tion, we manually model the buildings and detailed facades
using the acquired real point clouds, in accordance with the
CityGML standard. The road network and roadside ob-
jects are manually curated using the same point clouds as
an OpenDRIVE dataset, which we subsequently convert to
CityGML 2.0 [38, 39]. This yields a comprehensive, geo-
referenced, and semantic model of the four streets, shown
in the third row of Figure 2. We procedurally replace the
coarse geometric representation of trees with detailed 3D
assets and translate all 3D models into a local CRS for the
laser scanning simulation, while retaining the class infor-
mation.

Simulated Laser Scanning To replicate the real-world
laser scanning process, we use the CARLA driving simula-
tor, which includes a configurable LiDAR sensor model [9].
We resimulate the real-world sensor data collection route
using the LiDAR parameters specified in Table 5. To fur-
ther enhance realism, we incorporate a Gaussian-distributed
range error proposed by [44] as follows:

r=r+e e~N(0p?), p=002m (1)

The simulation accounts only for static environment ob-
jects; consequently, the synthetic point clouds exclude the
Vehicle and Pedestrian classes.

4. Experiments

We evaluate on TrueCity under controlled synthetic-real
(%S—%R) mixtures of 100S-0R, 755-25R, 50S-50R, 25S—
75R, and 0S-100R. We form each S-R mixture by assign-
ing contiguous spatial segments to the synthetic or real do-
main, rather than interleaving points as explored in our par-

Signal, RoadObject
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Figure 2. Real-world point cloud (2nd row), which was manually labeled according to the class list of Table 2, used for manual modeling
of semantic 3D models (3rd row), which in turn were used to simulate and auto-label synthetic point clouds (4th row).
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Figure 3. TrueCity represents the typical long-tail distribution
challenge of real-world data.

allel submission [2]. The test and validation data remain
real-only throughout the experiments. For a target real frac-
tion r, we allocate r of the street-surface area and match the
total street length across mixtures to isolate composition ef-
fects. Street length and spatial coverage are fixed across
mixtures, only the raw point totals vary modestly (112.9-
137.6M) due to domain-specific sampling densities. The

detailed class distribution in each mixture can be found in
Supplement Sec. 10.

25S-75R w7

50S-50R.__ : '
755-25R ..
| 50S-50R \, 755-25R

Train | Validation Train

Figure 4. Top-down schematic of S—R mixtures along a continuous
streetscape. Solid lines mark train/validation/test splits; dashed
lines mark boundaries between contiguous synthetic and real seg-
ments for each mixture ratio.

Evaluation protocol All results are evaluated on a fixed
real-only validation/test split. Synthetic scans appear only
in training when included by the mix. We report mloU, OA,
and mAcc over the 12-class TrueCity taxonomy. Aggregate
results appear in Table 3. A per-class IoU breakdown for
PointNet++, KPConv, and Point Transformer v1 appears in
Table 4, with full results in the Supplement (Sec. 10).



4.1. Baseline Semantic Segmentation Methods

To probe synthetic-real (S—R) domain shift on TrueCity,
we evaluate a representative suite of point-cloud semantic
segmentation baselines widely used for urban scenes and
consistently strong on established benchmarks [3, 4, 8, 46].
The suite spans three complementary families: point-based,
kernel-based, and transformer-based, so that trends are not
tied to a single inductive prior. See the Supplement for the
detailed description (Sec. 10)

5. Results and Discussion

Synthetic data helps, but its utility depends on the model’s
inductive bias. Architectures with global attention han-
dle synthetic well: Point Transformer v3 improves mloU
from 14.13% at 100S—0R to broad maximum of 25.30% at
50S-50R and 25.24% at 0S-100R. Point Transformer v1
benefits primarily from real data, moving from 16.30% at
100S—-0R to 28.89% at 0S—100R, indicating a stronger re-
liance on sensor statistics. Hierarchical set abstraction also
profits from a modest synthetic prior: PointNet++ peaks at
25.38% with 255—75R versus 23.39% with 0S—100R, likely
because synthetic coverage reduces sparsity while real data
calibrates noise. Methods driven by local neighborhoods
or superpoints lean heavily on real data: RandLA-Net rises
from 8.98% to 17.71%, and Superpoint Transformer from
14.31% to 19.61% as the real fraction increases, consistent
with their dependence on LiDAR sampling artifacts under-
represented in simulation. The practical recipe is straight-
forward: use synthetic as a patch, not a replacement, favor
balanced mixes (around 50S-50R or 25S-75R) for strong
transformers, and bias toward real data for locality-driven
models while using synchronized synthetic twins to fill oc-
clusions and thin structures.

5.1. Insignificant Domain Gap Classes

Table 4 highlights that some classes show minimal sensitiv-
ity to the proportion of real data, either maintaining strong
IoU across all settings or reaching near-peak performance
with limited real supervision.

WallSurface is well captured synthetically by all three
models. Even without real data, Point Transformer vl
reaches 53.15% IoU and improves only modestly to 67.10%
with full real supervision, a relative gain of 26.2%. KP-
Conv shows a similar trend, attaining 73.55% with 75% real
data, which corresponds to a 22.6% improvement over the
synthetic-only setting (59.97%). In contrast, PointNet++
relies heavily on local sampling and interpolation. With
only synthetic input, it performs poorly (0.20%), but a small
fraction of real data (25%) boosts its performance dramat-
ically to 56.90%. After this sharp correction, further gains
remain limited. This confirms that large planar facades with
consistent geometry can already be recognized effectively

using the synthetic data. For Point Transformer vl and
KPConv, real data provides only incremental refinement,
whereas PointNet++ requires minimal real supervision to
overcome its synthetic-domain weakness.

RoadSurface also starts from a strong synthetic baseline:
60.90% for PointNet++ and 62.41% for Point Transformer
v1l. Both reach around 80% with 50% real data, corre-
sponding to relative gains of 33.3% and 28.7%. In contrast,
KPConv starts much lower at 30.64% but rises steeply to
69.26% with just 25% real data, a 126.1% improvement.
This indicates that convolutional kernels rely more heav-
ily on realistic geometrical cues, whereas PointNet++ and
Point Transformer v1 are already robust under synthetic su-
pervision. GroundSurface records lower absolute scores
overall, but all three models show a steady upward trajec-
tory, which again reflects moderate domain sensitivity.

SolitaryVegetationObject shows consistent trends across
methods: Point Transformer v1 improves from 15.54% to
35.35% with 25% real data, KPConv rises from 45.74% to
70.51%, and PointNet++ from 0% to 50.60%. Although
performance continues to increase with more real supervi-
sion, the early gains highlight that a small fraction of real
data is sufficient to close much of the initial domain gap.

Overall, these categories share traits of geometric reg-
ularity and relatively simple structural context. Synthetic
data provides a strong baseline, while real data mainly re-
fines fine appearance cues. Even small proportions of real
data suffice to approach optimal performance, making these
classes representative of insignificant domain gap behavior.

5.2. Significant Domain Gap Classes

As shown in Table 4, several categories display substantial
domain gaps, where performance depends heavily on the
balance of synthetic and real supervision.

Door, RoofSurface, and BuildingInstallation remain the
weakest classes across all methods, with IoU rarely exceed-
ing 8%. Adding real data can increase scores by several
orders of magnitude (e.g., Point Transformer v1 rises from
0.01% to 0.66% for Door), yet these gains are unstable and
often collapse when real data dominates. These categories
depend on fine-scale geometry and contextual cues absent
from simulation, while limited real samples risk overfitting
to narrow geometrical patterns.

Noise shows a more consistent improvement: Point-
Net++ climbs from 0% to 31.70%, KPConv from 0.31% to
34.73%, and Point Transformer v1 from 0.16% to 35.04%,
corresponding to an increase of over 30% in the best case.
Although Point Transformer v1 drops slightly when trained
without synthetic data, all three methods display a strong
positive trend, confirming that real-world variation is essen-
tial for learning this diverse class.

CityFurniture overall exhibits a U-shaped trend across
all models. Performance drops sharply at intermediate real-



Model 100S-0R 755-25R 50S-50R 25S-75R 0S-100R
mloU OA mloU OA mloU OA mloU OA mloU OA
PointNet [32] 6.03 30.36 10.74 48.10 10.89 49.29 13.10 47.99 14.51 49.82
PointNet++ [33] 9.72 34.39 20.95 62.80 23.18 65.36 25.38 63.27 23.39 63.15
RandLA-Net [20] 8.98 35.40 13.25 50.32 15.73 59.37 16.89 57.09 17.71 54.57
KPConv [48] 15.84 50.07 21.55 62.08 28.50 61.62 22.33 61.92 29.90 62.80

Point Transformer v1 [64] 16.30 57.54 19.79 60.29 23.43 67.54 24.66 68.70 28.89 67.98
Point Transformer v3 [55] 14.13 53.15 19.29 60.22 25.30 65.94 24.64 65.72 25.24 60.75
Superpoint Transformer [34]  14.31 54.17 17.01 58.62 14.22 54.63 19.61 56.98 15.96 54.64
OctFormer [51] 13.07 53.30 14.17 55.34 14.22 49.71 13.91 50.97 17.65 56.28

Table 3. TrueCity segmentation under synthetic-real (S—-R) mixes. We report mloU and OA; shifts along S-R reveal family-specific
inductive biases in point-, kernel-, and transformer-based models. Bold marks the best value for each model across mixtures.

75S-25R 50S-50R 258-75R 0S-100R

Synthetic-Real

Ground Truth

Point-based
(PointNet++)

Kernel-based
(KPConv)

Transformer-based
(Point Transformer v1)

Figure 5. Qualitative impact of the synthetic—real (S—R) training mix on models from different methods (Point-based, Kernel-based and
Transformer-based). We also present the ground truth synthetic and real point clouds; colors follow the TrueCity legend.

data proportions (e.g., KPConv declines from 18.25% to
1.85%), but recovers once training relies entirely on real su-
pervision, reaching 14.57%. This suggests that mid-range
ratios trigger domain conflicts, where synthetic and real
samples provide competing cues, whereas fully real data re-
solves this inconsistency.

Window improves steadily for PointNet++ (3.61% —
14.60%) and Point Transformer v1 (3.28% — 31.29%), yet
absolute scores remain modest. Their small size, thin ge-
ometry, and similarity to walls, combined with reflections
and occlusions, make them difficult to segment. Synthetic
data fails to capture these effects, and limited real samples
cannot cover the variability, constraining performance.

Overall, for large domain gap classes, which often in-

volve fine-scale geometry, occlusions, or high variability in
appearance, finding the right synthetic-real balance is es-
sential for stable and accurate segmentation.

5.3. Limitations and Future Work

TrueCity provides a unique combination of synchronized a)
real-world cm-accurate captured point clouds, b) semantic
3D city models, and c) annotated and simulated point clouds
in the same real-world location. Our comprehensive exper-
iments were conducted on geometric values, without mix-
ing them with any radiometric values to ensure fair com-
parison across three data subsets on the geometry level.
Yet, the radiometry can also be included by, for example,
image projection as we attach images and their trajecto-



Class PointNet++ KPConv Point Transformer v1
100S 758 50S 258 0S 100S 758 50S 258 0S 100S 758 50S 258 0S

RoadSurface 60.90 7390 81.20 80.30 72.50 30.64 69.26 5426 56.31 54.59 6241 61.89 80.33 7793 70.44
GroundSurface 3320 4530 50.40 49.60 3240 24.67 36.49 3191 3320 3596 3194 37.54 45.54 37.09 41.67
CityFurniture 1520 14.60 21.30 25.50 46.20 18.25 10.09 12.67 1.85 14.57 2589 19.50 13.51 14.23 44.83
Vehicle 350 000 0.18 051 001 0.00 0.00 3893 7033 63.64 0.00 0.51 441 151 6.54
Pedestrian 0.00 0.00 000 032 004 000 0.00 000 000 0.00 000 000 0.05 0.00 0.00
WallSurface 0.20 56.90 63.50 65.70 63.20 59.97 63.21 68.54 73.55 71.03 53.15 6142 64.39 65.32 67.10
RoofSurface 0.00 080 030 0.10 030 082 0.01 047 000 179 0.10 029 092 030 0.08
Door 0.00 0.00 020 0.10 0.70 0.00 0.00 0.00 000 0.00 0.01 013 051 0.66 0.01
Window 361 730 450 420 1460 186 043 1821 1.17 289 328 561 761 11.78 31.29
Buildinglnstallation 0.00 0.70 3.00 170 4.60 7.85 302 085 085 372 308 524 6.69 887 341
Sol.VegetationObj.  0.00 50.60 39.30 45.60 14.40 45.74 70.51 81.45 041 77.13 1554 3535 3470 4322 5231
Noise 0.00 130 1430 3090 31.70 0.31 5.58 34.73 30.26 3343 0.16 998 2243 35.04 28.96

Table 4. Per-class IoU (7) for one representative per family: PointNet++ (Point-based), KPConv (Kernel-based), and Point Transformer v1
(Transformer-based) across synthetic-real (S-R) training mixes. Columns 100S, 758, 50S, 258, and 0S denote the synthetic fraction used
in training (e.g., 100S—-0R). Evaluation is on the fixed test split. Bold marks the best value for each model across mixtures. Full per-class

tables appear in the Supplementary Material (Sec. 10).

ries taken during the mobile mapping acquisition. Ow-
ing to the high acquisition cost and data accuracy, we ac-
knowledge that such a dataset cannot reach the scalabil-
ity rate of image-based datasets, as noted in other well-
established point cloud datasets, e.g., ScanNet [6]. Yet, the
unprecedented accuracy and quality should present the sig-
nificant merit of this dataset. In TrueCity, the focus lies on
static objects, as the real-world capture is collected at one
timestamp, and introducing de-synchronized dynamic ob-
jects would impede per-class domain shift analysis. Never-
theless, since we provide all three subsets of data, dynamic
objects can be simulated in various traffic scenarios. Further
elaboration is presented in in the Supplement.

6. Conclusion

In this paper, we present TrueCity, the benchmark dataset
comprising real and simulated point clouds synchronized
with underlying semantic 3D city models representing the
same geographic location.

Based on our extensive experiments, we conclude that
TrueCity enables in-depth coherent analysis of the do-
main gap across different network architectures, remov-
ing the uncertainty factor stemming from fictitious, de-
synchronized scenes. Another finding of this study indi-
cates that real point clouds can be partially replaced by sim-
ulated ones without compromising performance: several
methods achieve comparable or even superior results with
50% real data compared to full real training. For example,
Point Transformer v3 achieves 65.94% OA with 50% syn-
thetic data, an 8.5% relative improvement over the all-real
setting (60.75%).

Also, we observe that material complex classes suffer

from simplistic assumptions in simulators (e.g., rays not
penetrating through glass). For instance, without real data,
Window 10U is only 3.28% for Point Transformer v1 and
3.61% for PointNet++, showing the limits of synthetic data.
In contrast, well-represented and primitive-like classes can
be simulated to a large extent (e.g. WallSurface reaches
59.97% IoU for KPConv trained on synthetic data only).
Finally, complex non-manmade classes such as SolitaryVeg-
etationObject remain difficult to synthesize owing to over-
simplified representations in the underlying 3D model. Yet,
even small amounts of real data bring substantial improve-
ments, e.g., PointNet++ improves from 0.00% at 100S—OR
to 50.60% at 75S-25R. We are convinced this dataset can
foster further research on cross-domain gap analysis and
large-scale data simulation.
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