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Abstract

Combining visual semantics with language representations has made 3D interpretation more flexible and intuitive. Recent ad-
vances in Gaussian Splatting extend this to efficient 3D language fields supporting open-vocabulary queries. However, existing
approaches show limited generalization in large urban scenes, especially for detailed building segmentation. Semantic 3D city
models such as CityGML, by contrast, provide hierarchical and geometry-aligned structural semantics that complement appearance-
driven visual cues. We introduce CityLangSplat, which integrates CityGML semantics into 3D Language Gaussian Splatting for
urban environments. CityLangSplat rasterizes CityGML into pixel-aligned semantic maps, extracts vision-language features from
SAM-derived segments and CityGML regions, and compresses both sources into a shared latent space via a lightweight autoen-
coder. 3D Gaussians are then optimized with a coverage-aware loss that balances accurate, building-focused CityGML super-
vision with broader SAM supervision, enabling geometry-aligned open-vocabulary reasoning in urban scenes. Experiments on
TUM2TWIN and ZAHA datasets show consistent gains over LangSplat, with relative improvements of 22.9% in 2D and 15.1%
in 3D evaluation while preserving real-time rendering. CityLangSplat provides a practical framework for combining semantic city
models with language-embedded 3D Gaussian Splatting for geometry-aligned urban scene interpretation. Code will be released at
https://github.com/zqlin0521/CityLangSplat.

1. Introduction

Recent progress in neural rendering has established 3D Gaus-
sian Splatting (3DGS) (Kerbl et al., 2023) as an efficient ex-
plicit representation for real-time photorealistic view synthesis.
Unlike implicit volumetric methods such as Neural Radiance
Fields (NeRFs) (Mildenhall et al., 2021), which integrate radi-
ance along continuous rays, 3DGS represents a scene as a set
of anisotropic Gaussian primitives rendered through differenti-
able rasterization. Beyond novel view synthesis, 3DGS has be-
come an effective foundation for higher-level vision tasks such
as segmentation, editing, and open-vocabulary 3D understand-
ing (Wu et al., 2024). Compared with NeRF-based methods,
its explicit representation allows direct manipulation of scene
elements, efficient optimization, and more straightforward se-
mantic supervision (Ye et al., 2024). However, standard 3DGS
mainly models on radiometry and geometry, without explicit
modeling of semantic entities or object-level structures.

To address this limitation, recent research has increasingly in-
tegrated 2D foundation models, such as the Segment Any-
thing Model (SAM) (Kirillov et al., 2023), and vision-language
models, such as Contrastive Language Image Pretraining
(CLIP) (Radford et al., 2021), into the 3DGS framework.
These models transfer open-world segmentation and language-
grounded reasoning into the 3D domain by distilling 2D se-
mantic features into 3D Gaussian representations (Qin et al.,
2024; Zhou et al., 2024). By associating Gaussians with lan-
guage features, natural language queries can directly localize
and segment objects or architectural components in reconstruc-
ted scenes. Despite this progress, achieving accurate and struc-
tured semantic segmentation of buildings in urban environ-
ments remains challenging. Complex visual phenomena such
as reflections and refractions on glass surfaces, together with
highly repetitive façade elements, often lead to ambiguous or
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Figure 1. Comparison of rendered language features on urban
façades from trained 3D Gaussian language fields. Our method

CityLangSplat yields more geometrically consistent façade
features by leveraging CityGML-based supervision.

inconsistent semantics in purely vision-based approaches. Con-
currently, the development of smart cities has led to the wide-
spread availability of semantic 3D building models. Among
them, models in the CityGML standard provide geometrically
aligned and hierarchically organized information that purely
vision-based approaches cannot reliably extract. These mod-
els encode architectural semantics such as walls and windows,
and are typically stored in lightweight boundary-representation
(B-Rep) form, making them effective geometric and semantic
priors for urban reconstruction (Zhang et al., 2025). While
LoD3 CityGML models provide detailed geometry, integrating
them with 3D language fields enables geometry-aligned open-
vocabulary querying in photorealistic reconstructed scenes and
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helps complement city models that may be incomplete or out-
dated. Consequently, this cross-modal fusion offers a highly
practical direction for achieving accurate and interpretable se-
mantic Gaussian Splatting in urban environments.

In this paper, we propose CityLangSplat, a geometry-grounded
language Gaussian Splatting method that integrates CityGML-
based supervision into the vision-language Gaussian Splatting
paradigm. Our method first projects the hierarchical CityGML
semantics into the image domain through differentiable raycast-
ing. For each projected semantic region, class-specific textual
prompts are employed to guide the extraction of CLIP embed-
dings, combining geometric and linguistic cues. In parallel,
SAM segmentation provides purely visual masks and corres-
ponding CLIP features. The language features from CityGML
models and SAM are subsequently compressed into a shared
latent space using a unified autoencoder. During training, se-
mantic priors from CityGML and SAM are jointly optimized
through coverage-aware blending, enabling geometry-aware
open-vocabulary segmentation and querying. By coupling
structured CityGML semantics with vision-language features,
CityLangSplat enables geometry-aligned, hierarchy-aware se-
mantic learning, leading to more accurate, interpretable open-
vocabulary segmentation in urban environments, as qualitat-
ively illustrated in Figure 1. The main contributions of this
work are summarized as follows:

• We present CityLangSplat, a geometry-grounded language
Gaussian Splatting framework that integrates CityGML
supervision with vision language representations for hier-
archical semantic understanding.

• A CityGML-guided language feature pipeline is intro-
duced to project structured building semantics into the im-
age domain and extract CLIP embeddings guided by class-
specific text prompts.

• A dual-source training scheme jointly optimizes
CityGML- and SAM-based language features through
coverage-aware loss weighting, achieving geometry-
aligned open-vocabulary segmentation in urban scenes.

2. Related Work

This section reviews related advances in Gaussian Splatting,
urban semantic segmentation, 3D city modeling, and open-
vocabulary understanding, which collectively underpin our pro-
posed approach.

Gaussian Splatting Gaussian Splatting (GS) (Kerbl et al.,
2023) has quickly evolved beyond its original goal of view syn-
thesis, becoming a versatile framework for explicit and efficient
3D scene representation. Its parametric Gaussian primitives
provide inherent geometric interpretability and enable efficient
optimization compared to implicit volumetric representations
such as NeRF (Mildenhall et al., 2021), which tend to exhibit
limited geometric accuracy and consistency in detailed 3D re-
construction (Petrovska and Jutzi, 2024). Building upon these
advantages, subsequent works have aimed to enhance the recon-
struction accuracy (Jäger et al., 2025; Zhang et al., 2024b) and
computational efficiency (Lee et al., 2024) of GS. Recent stud-
ies have further extended GS toward semantic understanding
and multi-modal integration. These extensions demonstrate that
explicit Gaussian representations can support not only high-
fidelity rendering, but also richer semantic reasoning and cross-
modal supervision.

Urban Semantic Segmentation Semantic understanding of
urban environments has evolved from geometry-driven to data-
driven approaches. Early methods relied on photogrammet-
ric or LiDAR-based reconstruction with handcrafted geometric
or contextual features (Niemeyer et al., 2014), but often failed
under repetitive façade patterns, reflective materials, or strong
occlusions. Deep learning methods later enabled façade-level
segmentation and building-part recognition through CNNs or
multi-view fusion (Wysocki et al., 2023), but face a challenging
trade-off between accuracy and computational efficiency when
applied to large-scale scenes. More recently, vision foundation
models such as the SAM (Kirillov et al., 2023) have been em-
ployed to automatically generate large-scale façade masks that
can be projected into 3D reconstructions. The continuous pro-
gress of such methods has facilitated more automated and scal-
able generation of structured 3D city models, contributing to
the increasing availability of standardized representations.

3D City Modeling Standards Structured urban models
provide geometry-aligned and hierarchically organized se-
mantics for describing real-world scenes, enabling consistent
interpretation of buildings and other urban elements. Among
them, the CityGML standard (Gröger et al., 2012) defines a
Level of Detail (LoD) framework for buildings, where LoD1
provides block models, LoD2 adds roof structures, and LoD3
explicitly represents façade elements such as windows. This
standardized structure has led to the widespread adoption of
CityGML, with more than 215 million open-access building
models available worldwide (Wysocki et al., 2024). Recent
work (Banno et al., 2025) has combined CityGML with 360◦

walkthrough videos for realistic urban visualization. How-
ever, despite their structured semantics, CityGML models are
rarely integrated into modern vision frameworks, leaving a gap
between urban knowledge and 3D scene understanding.

Open Vocabulary Understanding Open-vocabulary under-
standing aims to generalize semantic perception beyond a fixed
set of predefined categories by aligning visual and linguistic
representations. Advances in vision–language models (Rad-
ford et al., 2021) have demonstrated that large-scale contrast-
ive or multimodal pretraining enables zero-shot recognition and
cross-modal querying in 2D domains. Recent studies have ex-
tended it to 3D scene understanding through two complement-
ary directions. One line of work distills language-aligned fea-
tures from 2D foundation models into NeRF-based (Kerr et al.,
2023; Zhang et al., 2024a) and GS-based representations (Qin
et al., 2024; Zhou et al., 2024; Li et al., 2025), while another
lifts 2D masks and grouping cues onto 3D Gaussian primit-
ives for open-world grouping and segmentation (Ye et al., 2024;
Wu et al., 2024). These 3D open-vocabulary approaches allow
scene components to be queried and segmented using textual
prompts, offering more flexible and interpretable 3D under-
standing. However, existing approaches remain largely data-
driven and often rely on image appearance without structured
priors or hierarchical semantics, which limits their reliability in
complex urban environments. Integrating structured semantics
from standardized 3D city models with open-vocabulary 3D
representations thus offers a promising direction for achieving
geometry-aware and interpretable language–driven scene un-
derstanding.

3. Methodology

Our CityLangSplat framework extends LangSplat (Qin et al.,
2024) by integrating structured semantics from CityGML build-
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Figure 2. Overview of CityLangSplat framework. Both CityGML-derived semantic segments and SAM-based visual masks are first
encoded via CLIP, and then compressed into a unified latent space through a shared autoencoder. The resulting latent feature maps

provide pixel-aligned supervision for optimizing the latent vectors of 3D Language Gaussians, with CityGML coverage masks guiding
the balance between geometry-grounded and visual cues.

ing models. As illustrated in Figure 2, the proposed method
couples geometry-grounded CityGML supervision with vision
language representations within a unified 3D Gaussian Splat-
ting pipeline. We first generate CityGML-guided semantic fea-
tures by projecting hierarchical building components into the
image domain through differentiable raycasting (Sec 3.1). Sub-
sequently, multi-scale visual features are extracted using the
SAM and compressed into a shared latent space via a scene-
specific autoencoder (Sec 3.2). Finally, a dual-feature learn-
ing scheme supervises the Gaussian latent features using both
CityGML and SAM signals, enabling geometry-aligned, open-
vocabulary urban scene understanding (Sec 3.3).

3.1 CityGML-guided Semantic Feature Generation

Given a set of calibrated images {It ∈ R3×H×W }Tt=1 and their
corresponding camera intrinsics and extrinsics {Kt, Rt, tt},
our goal is to convert the semantic CityGML building model
into geometry-aligned image features that serve as structured
supervision during training.

Unified Hierarchical Semantics Following the ambiguity-
aware design of SAM (Kirillov et al., 2023) and its adoption
in LangSplat (Qin et al., 2024), all semantic supervision in
this work is organized into three hierarchical levels that capture
coarse-to-fine structures. The index l ∈ {1, 2, 3} denotes fine-
, medium-, and coarse-scale semantics, corresponding to Sub-
part, Part, and Whole. For CityGML-derived supervision, se-
mantic entities in the LoD3 model are assigned to this hierarchy,
where façade elements such as windows correspond to Subpart
(l = 1), façade surfaces such as walls to Part (l = 2), and
the building instance to Whole (l = 3). This unified indexing
is applied to both CityGML-derived semantic maps and SAM-
derived masks, yielding level-aligned supervision {C l

t , S
l
t } for

each image It.

CityGML-based Semantic Masks To incorporate CityGML
semantics into the learning pipeline, the original bound-
ary representation (B-Rep) geometry is first parsed into the

CityJSON (Ledoux et al., 2019) encoding, which provides a
lightweight and programmatically accessible representation for
both geometry and semantics. The resulting geometric entit-
ies are then converted into polygonal meshes with per-face se-
mantic labels c ∈ C (e.g., roof, wall, window). Each polygon is
assigned a hierarchy index l ∈ {1, 2, 3} following the semantic
mapping defined in the previous section, yielding an explicit
semantic mesh with consistent per-level annotations.

For each calibrated view t, the semantic mesh is projected
into the image plane by raycasting with the camera model
πt(X) = Π

(
Kt[Rt | tt]X

)
, where Π(·) denotes the perspective

division from homogeneous coordinates to pixel coordinates.
Concretely, for each pixel v ∈ Ω = {1, . . . , H} × {1, . . . ,W},
a ray is cast from the camera center through v into the semantic
mesh to identify the closest polygon that this ray hits. The pixel
is then assigned the semantic class of this front-most polygon,
producing a set of hierarchy-aligned semantic maps

C l
t (v) ∈ {−1, 0, . . . , |C|}, l ∈ {1, 2, 3},

where negative values indicate invalid pixels.

In addition, a binary coverage mask Mt(v) ∈ {0, 1} is defined
as

Mt(v) =

{
1, if ∃ l ∈ {1, 2, 3} with C l

t (v) ≥ 0,

0, otherwise.

The mask indicates valid CityGML coverage and is used to
confine CityGML-derived semantic and feature supervision to
these regions during training.

Text-guided CLIP Feature Fusion Each semantic region in
the CityGML-derived maps is further enriched with language
features by combining visual and textual embeddings. Let
V (·) denote the CLIP image encoder and T (·) the text encoder
with a class-specific prompt τc (e.g., “a window on a building
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façade”). For each level l ∈ {1, 2, 3} and class c ∈ C, a binary
region mask

R l,c
t (v) =

{
1, if C l

t (v) = c and Mt(v) = 1,

0, otherwise

is defined to select pixels that belong to class c and are covered
by CityGML geometry. The corresponding masked image is
encoded by the CLIP image encoder,

f gml
t,l,c = V

(
It ⊙R l,c

t

)
, f text

c = T (τc),

where ⊙ denotes element-wise multiplication with the broad-
cast mask. The two embeddings are fused using a text-guidance
weight α ∈ [0, 1]:

f gml+txt
t,l,c = (1− α) f gml

t,l,c + α f text
c .

Each fused feature vector f gml+txt
t,l,c ∈R512 is broadcast back to

its region, forming a dense feature field L l
t (v) aligned with the

image geometry:

L l
t (v) =

∑
c∈C

f gml+txt
t,l,c R l,c

t (v).

This dense field L l
t serves as the geometry-aligned semantic

representation. For latent-space supervision, the associated
region-level vectors f gml+txt

t,l,c are subsequently passed to the au-
toencoder and compressed together with SAM-based features.

3.2 Visual Feature Extraction and Compression

In parallel to the CityGML-guided semantic branch, purely
visual features are extracted from each image using SAM (Kir-
illov et al., 2023). Consistent with the hierarchical indexing
introduced above, SAM provides segment masks S l,c

t (v) ∈
{0, 1} for class c at levels l ∈ {1, 2, 3}. Each segment is ap-
plied as a mask to the RGB image and encoded by the CLIP
image encoder V (·):

f sam
t,l,c = V

(
It ⊙ S l,c

t

)
.

To ensure consistent feature representations across modalities
while preserving scene coverage, a lightweight autoencoder is
first trained on visual features extracted from SAM. The same
autoencoder is then applied to compress both SAM-based fea-
tures f sam

t,l,c and CityGML-guided fused features f gml+txt
t,l,c into a

shared latent space, ensuring cross-source compatibility.

Given an input feature vector ft,l,c ∈ R512 from either source,
the autoencoder learns an encoding–decoding mapping:

zt,l,c = E(ft,l,c), f̂t,l,c = D(zt,l,c),

where E(·) and D(·) denote the encoder and decoder networks,
and zt,l,c ∈ R128 is the compressed latent embedding. Since
CLIP embeddings are trained and compared using cosine sim-
ilarity, their semantic information is mainly encoded in the fea-
ture direction rather than in the absolute magnitude (Radford et
al., 2021). The autoencoder is therefore trained with a recon-
struction loss that combines Euclidean and cosine terms:

Lrec =
∥∥ft,l,c − f̂t,l,c

∥∥2

2
+ λcos

(
1− cos

(
ft,l,c, f̂t,l,c

))
.

The Euclidean term preserves the overall scale of the features,

while the cosine term preserves their angular similarity, encour-
aging reconstructed embeddings to remain aligned with the ori-
ginal CLIP feature space. This unified compression reduces
memory and computational overhead and aligns the embedding
distributions of SAM- and CityGML-based features in a con-
sistent latent domain, facilitating stable joint optimization in the
subsequent training stage.

3.3 Dual-feature Learning in 3DGS

The compressed latent features from both the CityGML-guided
and SAM-based branches are integrated into a unified training
scheme. This dual-feature learning stage enhances the stand-
ard 3DGS optimization by incorporating geometry-grounded
and vision-based semantic supervision, enabling structured se-
mantic understanding beyond purely photometric cues.

Semantic Feature Supervision Semantic training is per-
formed on top of a photometrically pre-trained 3DGS recon-
struction. Each Gaussian primitive Gi keeps its spatial and ap-
pearance parameters and is augmented with a learnable latent
feature vector gi ∈ R128. For a training view t, the renderer
splats these latent features into the image plane and produces a
dense latent field Ẑ l

t (v) at the selected hierarchy level l. This
field is interpreted as the semantic prediction at pixel v.

On the supervision side, latent codes obtained from the autoen-
coder are used for both sources. CityGML guided fused fea-
tures f gml+txt

t,l,c and SAM based features f sam
t,l,c are mapped to

latent vectors by the encoder E ,

z gml
t,l,c = E

(
f gml+txt
t,l,c

)
, z sam

t,l,c = E
(
f sam
t,l,c

)
.

Using the region masks introduced above, these latent vectors
are broadcast into dense supervision fields

Z l,CityGML
t (v) =

∑
c∈C

z gml
t,l,c R

l,c
t (v),

Z l,SAM
t (v) =

∑
c∈C

z sam
t,l,c S

l,c
t (v).

The coverage mask Mt(v) from the CityGML-based semantic
masks determines where CityGML supervision is available. In
regions without CityGML coverage, that is Mt(v) = 0, the
prediction is aligned only with the SAM supervision field. In
CityGML-covered regions, that is Mt(v) = 1, the prediction is
aligned with both SAM and CityGML supervision. The feature
loss is decomposed into three terms

LSAM =
∑
t

∑
v

(
1−Mt(v)

)∥∥Ẑ l
t (v)− Z l,SAM

t (v)
∥∥
1
,

LSAM−GML =
∑
t

∑
v

Mt(v)
∥∥Ẑ l

t (v)− Z l,SAM
t (v)

∥∥
1
,

LCityGML =
∑
t

∑
v

Mt(v)
∥∥Ẑ l

t (v)− Z l,CityGML
t (v)

∥∥
1
.

The resulting dual feature objective is

Lfeat = LSAM + λsamLSAM−GML + λcitygmlLCityGML.

The hyperparameters λsam and λcitygml control the relat-
ive strength of SAM and CityGML supervision in CityGML
covered regions, while LSAM provides SAM based guidance in

ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XI-2-2026 
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission II, 4–11 July 2026, Toronto, Canada

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper. 
https://doi.org/10.5194/isprs-annals-XI-2-2026-411-2026 | © Author(s) 2026. CC BY 4.0 License.

 
414



regions outside the CityGML coverage. In this semantic train-
ing phase, the photometrically pre-trained reconstruction is kept
fixed and only the latent features are updated using Lfeat. The
optimization therefore focuses on aligning the Gaussian lat-
ent representation with SAM-based open vocabulary cues and
with geometry-grounded CityGML semantics in regions where
CityGML supervision is available.

Open-Vocabulary Querying After training, each Gaussian
primitive carries a geometry aware and language aligned latent
feature vector gi. Given a user-defined text query τq , the query
is encoded with the same CLIP text encoder T (·) and mapped
into the latent space using the projection employed during train-
ing. This yields a query embedding q that is compatible with
the Gaussian latent features. A cosine similarity score between
the query and each Gaussian is then computed as

si =
⟨q, gi⟩

∥q∥2 ∥gi∥2
,

where ∥ · ∥2 denotes the Euclidean norm. The similarity scores
{si} enable open vocabulary 3D querying and visualization by
applying threshold-based selection or ranking over the Gaus-
sian set. Architectural components such as walls and windows
can be highlighted in the reconstructed scene with text prompts.

Through this dual-feature learning design, CityLangSplat com-
bines the structured semantics of CityGML with the generaliz-
ation capabilities of vision-language models. The resulting rep-
resentation supports geometry-aligned, interpretable, and open-
vocabulary semantic understanding within 3DGS framework.

4. Experiments

We evaluate the open-vocabulary semantic understanding of
CityLangSplat by comparing model predictions with ground
truth in both 2D image space and 3D Gaussian space. Across all
experiments, we benchmark CityLangSplat against the baseline
LangSplat (Qin et al., 2024) using a shared CLIP-based text
prompt set for all classes.

4.1 Dataset and Evaluation Metrics

We conducted experiments on the publicly available
TUM2TWIN (Wysocki et al., 2025a) and ZAHA (Wyso-
cki et al., 2025b) datasets, both capturing the central campus
of the Technical University of Munich and its surrounding
urban areas. The TUM2TWIN dataset provides multi-modal
data, including high-resolution UAV imagery and CityGML
building models. The UAV imagery collection (Anders et al.,
2025) comprises 1,179 photographs that cover over 70 campus
buildings, providing rich visual and geometric diversity. For
our experiments, we selected nine representative subsets,
each corresponding to distinct building clusters containing
approximately 20–30 images, covering a range of architectural
styles and urban densities. These subsets were used for
CityLangSplat training and visual reconstruction experiments.

For quantitative evaluation, we use the ZAHA dataset (Wyso-
cki et al., 2025b), which contains more than 600 million se-
mantically annotated MLS points organized according to the
Level of Façade Generalization (LoFG) scheme and provides
fine-grained façade labels (e.g., wall, window, door, roof ) har-
monized with CityGML. To evaluate image-space semantic pre-
dictions, ground-truth masks are obtained by projecting ZAHA

labels into the image domain. Metrics are computed only on
pixels with valid annotations. We report mean IoU (mIoU)
as the primary metric and weighted IoU (wIoU) to account
for class imbalance; pixel accuracy and the evaluated coverage
are reported as auxiliary indicators, and per-class IoU is used
for category-wise analysis. To assess semantic consistency in
3D, each Gaussian primitive is assigned a class by querying its
decoded language features against the CLIP-based text proto-
types. The resulting semantic labels on Gaussian centers are
aligned with the ZAHA point cloud through a nearest-neighbor
search within a fixed distance threshold. Scores are computed
based on matched ground-truth points, and we report 3D mIoU
and wIoU, along with 3D coverage (the percentage of matched
points) and the mean match distance.

4.2 Implementation Details

Our implementation builds upon the LangSplat (Qin et al.,
2024) codebase. Scene geometry is first reconstructed with
3DGS (Kerbl et al., 2023) for 30,000 iterations to obtain a pho-
tometric model. Training then continues for another 30,000 it-
erations with the language branch enabled to learn the 3D lan-
guage field. All experiments run on a single NVIDIA RTX
4090 GPU. Structure-from-motion inputs (intrinsics, extrinsics,
and sparse points) are generated with Pix4Dmatic (Pix4D SA,
2024) using default parameters and are directly used to initial-
ize the pipeline. For data processing, CityGML building models
are parsed and raycast with Open3D (Zhou et al., 2018) to pro-
duce per-view semantic masks and coverage maps aligned to
each image. As the baseline, we use the original LangSplat im-
plementation with its default hyperparameter configuration. For
CityLangSplat, we adopt the dual-feature loss from Section 3.3
with fixed weights (λsam = 1.0, λcitygml = 0.5).

4.3 Results

We assess CityLangSplat through language-guided semantic
querying in both 2D image space and 3D Gaussian space.

Quantitative Evaluation For quantitative evaluation, we
compare open-vocabulary semantic predictions with ZAHA
ground truth in both 2D and 3D. For each façade class, a small,
fixed set of short noun phrases is used, derived directly from
its label and a few natural variants in a consistent manner (e.g.,
“door”, “building entrance”, “door opening” for the door class).
Each phrase is encoded with the CLIP text encoder, and the
resulting embeddings are averaged to obtain a single text pro-
totype per class. These class-specific phrase sets are treated as
evaluation hyperparameters and are kept the same for all façade
classes and all compared methods to ensure fairness.

For 2D evaluation, per-class CLIP relevance maps are com-
puted independently without softmax, normalized to [0, 1], and
the per-pixel label is assigned by the argmax across classes.
Low-confidence pixels (below a fixed threshold 0.3) are ig-
nored, and scoring is restricted to valid ZAHA projections.
Table 1 reports 2D results across the nine subsets, includ-
ing mIoU, wIoU, pixel accuracy, and evaluated coverage.
CityLangSplat consistently surpasses LangSplat in mIoU and
wIoU at comparable coverage. Figure 3 presents qualitat-
ive 2D results on representative scenes, comparing ground-
truth masks, LangSplat, and our CityLangSplat. In 3D eval-
uation, each Gaussian primitive is assigned a class by taking
the argmax over the shared text prototypes, and the resulting
semantic labels are compared with ZAHA by nearest-neighbor
matching within a fixed 0.2m radius. Metrics are computed
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Ground Truth LangSplat CityLangSplat (ours)

Coverage: 31.27 mIoU: 7.54 mIoU: 8.89

Coverage: 26.90 mIoU: 10.86 mIoU: 19.02

Coverage: 39.32 mIoU: 5.61 mIoU: 6.33

Background Wall Window Door Balcony Molding Ornament Column

Arch Stairs Ground Landscaped Ground Roof Soffit Ceiling Interior Other

Figure 3. Qualitative 2D open-vocabulary semantics on representative scenes.

Table 1. 2D quantitative results evaluated against ZAHA ground
truth projected into the image domain across nine subsets. Cov.
denotes the percentage of pixels with valid ZAHA annotations.

Higher is better; best results per row are shown in green .

ID Cov. LangSplat CityLangSplat (ours)
mIoU wIoU Acc mIoU wIoU Acc

1 26.90 10.86 13.38 27.04 19.02 31.44 45.73
2 39.32 5.61 22.30 40.88 6.33 22.42 40.53
3 33.43 8.75 30.40 51.42 8.74 30.51 51.87
4 77.53 15.67 37.46 56.97 16.72 39.01 58.83
5 34.05 8.60 17.61 27.39 10.30 19.81 31.06
6 20.33 10.01 22.22 35.43 14.50 25.44 38.93
7 31.27 7.54 16.29 29.58 8.89 21.24 35.48
8 32.20 8.58 33.25 52.89 7.36 31.75 52.67
9 7.64 4.65 6.56 19.68 6.82 9.40 22.93
Avg. 33.63 8.92 22.16 37.92 10.96 25.67 42.00

on the matched ground-truth set. Table 2 reports 3D results,
including mIoU, wIoU, 3D coverage (percentage of matched
points), and mean match distance, and shows that CityLangS-
plat consistently outperforms LangSplat in 3D space.

Class-wise Analysis We analyze façade semantics using per-
class IoU, precision, and recall on valid ground-truth regions.
Predictions are compared with ZAHA labels within the evalu-
ated coverage, and metrics are computed per image and then av-
eraged per class across all subsets to obtain dataset-level scores.
Images or subsets without a given class are excluded from that
class’s statistics. Table 3 summarizes results for representative
classes with sufficient frequency. Figure 4 presents per-pixel
cosine-similarity maps to the text query “window”. In addition
to RGB images and ground-truth masks as references, the first
column shows pre-trained similarity maps from SAM-derived
and CityGML-derived features, and the second column shows

Table 2. 3D quantitative results evaluated against ZAHA ground
truth via nearest-neighbor matching across nine subsets. Cov.

denotes 3D coverage (percentage of matched points), and Dist.
denotes the mean match distance (in meters). Best per row is

highlighted in green .

ID Cov. Dist. LangSplat CityLangSplat
mIoU wIoU mIoU wIoU

1 80.13 0.10 3.77 3.20 4.56 4.08
2 41.96 0.11 2.91 5.30 3.28 6.19
3 55.65 0.11 7.81 25.14 8.27 24.85
4 22.50 0.12 7.44 11.99 7.95 11.86
5 18.91 0.12 3.09 5.76 3.20 5.85
6 42.17 0.13 2.88 2.78 2.90 2.82
7 39.24 0.12 2.66 4.13 2.74 3.93
8 24.60 0.13 2.46 2.58 3.64 4.37
9 77.39 0.09 3.36 8.04 5.33 17.56
Avg. 44.73 0.11 4.04 7.66 4.65 9.06

the trained language-field similarity maps for LangSplat and
CityLangSplat. CityLangSplat produces sharper, more local-
ized window responses with fewer spurious activations.

4.4 Discussion

This section discusses the experimental results of CityLangS-
plat, focusing on its overall 2D and 3D evaluation outcomes, a
per-class analysis of façade semantics, and its limitations.

Overall Performance in 2D and 3D CityLangSplat im-
proves open-vocabulary semantics in both 2D and 3D. On 2D
evaluation, as shown in Table 1, the average mIoU increases
from 8.92 to 10.96 (a relative gain of 22.9%), and wIoU from
22.16 to 25.67 (a relative gain of 15.8%). Although these ab-
solute scores remain modest, a pronounced gap exists between
mIoU and wIoU. This difference is mainly attributable to severe
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RGB GT (ZAHA)

SAM pre-training feature LangSplat trained semantics

CityGML pre-training feature Our trained semantics

Cosine Similarity

Figure 4. Per-pixel cosine-similarity maps for window (0–1,
blue→red). Rows: RGB/GT; LangSplat pre-training vs. trained
language-field similarity; CityLangSplat pre-training vs. trained

language-field similarity. CityLangSplat yields sharper and
cleaner window localization.

class imbalance in large-scale outdoor scenes, where extens-
ive classes (e.g., wall) dominate the frequency-weighted av-
erage, while rare, small, and spatially sparse categories sub-
stantially lower the macro-averaged mIoU. In addition, classes
such as window exhibit strong appearance variation due to illu-
mination and reflections, which further complicates language-
feature learning. Across most subsets, CityLangSplat predicts
these challenging classes more accurately than LangSplat. Sub-
set 8 in Table 1 is a notable case where LangSplat achieves
slightly higher performance than CityLangSplat. It contains
façades with highly irregular and occluded windows, includ-
ing blinds and non-standard fillings that break the usual window
pattern. Our geometry-guided fusion produces consistent, high-
confidence window prototypes aligned with CityGML masks,
acting as a smoothing prior on learned features. This improves
robustness on most scenes but weakens the response to such
atypical window appearances. In contrast, the purely image-
driven features in LangSplat assign high similarity to these local
patterns, which in this subset partly coincide with the projected
ZAHA window labels and thus yield slightly higher scores.

In 3D evaluation results (Table 2), CityLangSplat also outper-
forms LangSplat. Overall scores are lower than their 2D coun-
terparts, which is expected given that nearest-neighbor match-
ing within a fixed radius is sensitive to the sparsity of the
3DGS reconstruction. Moreover, 3D evaluation assesses se-
mantic geometric consistency across the entire scene, whereas
2D evaluation checks image-space agreement only on visible,
projected pixels. In summary, accurately understanding open-
vocabulary semantics in urban environments remains challen-

Table 3. Class-wise 2D façade semantics evaluated against
ZAHA ground truth projected into the image domain, reporting

per-class IoU, precision, and recall for representative façade
classes, comparing LangSplat and CityLangSplat.

Class
LangSplat CityLangSplat

IoU Precision Recall IoU Precision Recall

Wall 41.62 53.39 68.78 50.86 59.17 80.66
Window 17.67 33.27 33.78 21.95 44.75 33.81
Door 0.00 0.00 0.00 0.01 0.53 0.01
Molding 5.27 11.01 11.33 7.55 14.09 19.64
Deco 0.62 0.87 1.22 1.51 2.04 5.73
Roof 3.48 8.23 5.71 10.89 17.76 21.97
Interior 0.78 11.65 0.86 0.62 11.15 0.91

ging. Despite this, fusing CityGML priors with vision language
features yields consistent improvements in both 2D and 3D.

Per-class Analysis A class-wise breakdown (Table 3) shows
where the geometry-grounded supervision brings the largest
semantic gains. CityLangSplat improves all major exterior
façade classes. For Wall, the IoU increases from 41.62% to
50.86% and Recall from 68.78% to 80.66%, suggesting that
the CityGML prior helps the model cover continuous façade
surfaces more completely and consistently. The improvement
for Window is also clear, with a relative IoU gain of 24%. As
shown in Figure 4, windows often suffer from visual ambiguity,
so purely vision-based features in LangSplat can mix window
regions with surrounding wall textures or interior content. By
enforcing geometry-aligned window regions from CityGML,
CityLangSplat constrains the language features to the correct
architectural component, leading to sharper localization and
higher precision. The pre-training feature maps in Figure 4
further confirm that the CityGML branch already provides a
cleaner signal than the purely visual SAM features for this chal-
lenging class. For finer-grained and less frequent classes such
as Molding, Deco, and Roof, the relative gains are even larger.
For instance, the IoU for Roof rises from 3.48% to 10.89%.
These elements are often small, partly occluded, or visually
similar to neighboring structures, where the explicit hierarch-
ical labels and precise geometry in CityGML provide a strong
prior for separating adjacent façade parts.

Limitations and Future Work CityLangSplat shows con-
sistent improvements on most façade classes, while some chal-
lenging cases remain. A representative example is the In-
terior class, where performance slightly decreases, likely be-
cause interior regions are only indirectly visible through re-
flective windows and are therefore less consistently represen-
ted in the geometry-aligned semantic supervision. More gener-
ally, the current framework benefits most from accurate 3DGS
reconstruction and close alignment with the CityGML model.
In addition, the present evaluation focuses on building façade
semantics and does not yet cover more diverse urban categor-
ies. Future work will extend the framework to broader urban
semantics, investigate more robust geometry-appearance integ-
ration under imperfect alignment, and explore both stronger in-
tegration with recent language-GS variants and coarser super-
vision from widely available CityGML models such as LoD2.

5. Conclusions

We presented CityLangSplat, a geometry-grounded 3DGS
framework that integrates structured CityGML supervision
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with vision-language features to enable open-vocabulary un-
derstanding in urban building scenes. Experiments on the
TUM2TWIN and ZAHA datasets show consistent gains over
LangSplat across 2D and 3D evaluations. CityLangSplat par-
ticularly improves the segmentation of façade components such
as wall and window, with per-class mIoU gains of 9.24 and 4.28
points, while producing more geometry-consistent predictions
for challenging classes. These results indicate that structured
city-model priors can strengthen open-vocabulary semantic un-
derstanding in urban 3DGS, especially for building exteriors
with complex appearance. Future work will extend the frame-
work to broader urban object classes and explore more adaptive
schemes for balancing CityGML and visual supervision under
varying geometric reliability.
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