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Abstract

This paper presents an automated workflow for enriching existing LoD2 building models to LoD3 by integrating aerial LIDAR, mobile
mapping imagery, and zero-shot vision—language models. The approach combines TU Delft’s Geoflow for geometric reconstruction
with Grounding DINO for fagade element detection, followed by homography-based perspective correction and spatial reasoning filters
to merge redundant detections. Parameter studies demonstrate that optimized Geoflow configurations achieve sub-decimeter accuracy,
while the zero-shot detector reaches an average detection score of 83% with a false alarm rate below 10%. The final CityJSON models,
validated through CJVal, show 95% geometric and semantic compliance with international standards. The proposed proof of concept
demonstrates scalable, data-driven LoD3 reconstruction without retraining, bridging computer vision and geospatial modeling for

large-scale urban digital twins.
1. Introduction

The generation of increasingly dense and detailed city models is
pivotal for advancing urban informatics, supporting a variety of
applications such as urban design studies, energy performance
analysis, and Urban Building Energy Modeling (UBEM)
(Rossknecht et al., 2020). Many cities have already been mapped
at Levels of Detail (LoD) O, 1, or even 2, leveraging high-
resolution unmanned aerial vehicle (UAV) nadir imagery.
However, enriching these models to LoD3, incorporating
intricate details such as windows, doors, and other facade
elements, remains an active area of research (Wysocki et al.,
2024).

In this work, we propose a novel automated pipeline designed to
upgrade existing LoD1 and LoD2 city models to LoD3 with
mobile mapping data (Figure 1). Our approach combines aerial
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roposed LoD3 enrichment framework using mobile mapping data to detect windows and doors

and terrestrial LIDAR datasets with imagery to identify and
model missing details such as windows and doors. By aligning
all datasets and their detections, we produce enriched CityJSON
(Ledoux et al. 2019) outputs containing LoD3 models that
capture detailed exterior features of urban structures.

2. Related Work

2.1 Reconstruction of City Models from Aerial and
Terrestrial Datasets

Urban 3D reconstruction has progressed considerably with the
proliferation of large-scale spatial datasets obtained from both
aerial and terrestrial sensors. Aerial Laser Scanning (ALS) and
photogrammetric techniques have long been employed to
generate LoD1 and LoD2 models (Figure 2), effectively
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improving existing city models.
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capturing roof geometries and building footprints across
extensive areas (Peters et al., 2022, Jayaraj et al., 2018). While
these methods ensure broad coverage and positional accuracy,
they often lack sufficient facade detail due to limited visibility
from overhead perspectives. To address this, Mobile Laser
Scanning (MLS) and mobile mapping imagery have become
crucial for capturing high-resolution facade information (Zhang
et al. 2024). MLS provides dense geometric data of vertical
structures, whereas panoramic imagery contributes color and
texture information for improved realism. Integrating aerial and
terrestrial datasets enables a more complete representation of
buildings, yet challenges persist regarding data registration, as
even minor misalignments between datasets can cause geometric
distortions in the fused models (Lewandowicz et al., 2022).
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Figure 2. CityGML 2.0 LoDs industry standard for conveying
the grade of 3D city models (Biljecki et al., 2016).

2.2 Joint Processing of LIDAR and Imagery in Enrichment
Frameworks

The fusion of LIDAR and imagery has emerged as a robust
approach for enriching existing 3D city models to higher levels

of detail, particularly LoD3, which includes windows, doors, and
other facade elements (Yang et al., 2015, Wen et al. 2019).
LiDAR contributes accurate geometric structure, while imagery
provides complementary spectral and semantic information
(Behley et al., 2019). Hybrid frameworks typically integrate the
two by performing ray-casting or visibility analyses on LiDAR
data and object detection on images using convolutional neural
networks (CNNs) (Wysocki et al., 2023, Pantoja-Rosero et al.,
2022). These observations are then merged through probabilistic
reasoning or graph-based optimization to obtain refined 3D
representations (Froech et al., 2014). The joint processing of
these modalities increases robustness against occlusion and
lighting variation and improves the semantic segmentation of
urban scenes. However, the accuracy of such enrichment
frameworks depends strongly on sensor calibration and spatial
alignment, as errors in image orientation or LIDAR registration
can propagate through the entire reconstruction pipeline (Zhou &
Neumann, 2013).

2.3 Detection Frameworks and Zero-Shot Learning for
Scene Enrichment

The developments in computer vision have introduced flexible
object detection paradigms that allow automated model
enrichment without domain-specific training. Traditional
supervised frameworks, such as Faster R-CNN (Ren et al., 2015)
and Mask R-CNN (He et al., 2017), achieve high detection
accuracy when trained on extensive labeled datasets but often fail
to generalize to new building styles or sensor modalities. To
overcome these limitations, zero-shot vision—language models,
including Grounding DINO (Liu et al., 2023) and CLIP-based
models (Radford et al., 2021), have been adopted for facade
enrichment tasks. These approaches leverage natural-language
prompts to guide detection, enabling the identification of unseen
objects without retraining. While zero-shot methods demonstrate
exceptional adaptability, they can exhibit lower geometric
precision, especially under occlusion or extreme perspective
distortion, necessitating corrective measures such as homography
rectification. Nevertheless, their scalability and minimal data
requirements position them as promising tools for efficient and
automated enrichment of LoD2 to LoD3 models in urban
environments.

3. Methodology

The developed workflow automates the enrichment of existing
city models from LoD2 to LoD3 by integrating LiDAR,
panoramic imagery, and zero-shot detection. The process
consists of four main stages (Figure 3): (1) preprocessing and
semantic segmentation of source data, (2) reconstruction of LoD2
models using Geoflow, (3) zero-shot detection and 3D projection
of facade elements, and (4) LoD3 model enrichment and
validation in CityJSON.

3.1 Extraction of Building Footprints and Roof Structures

The workflow begins with parsing a building footprint dataset
(e.g., a LoDO City Database) to identify parcels of interest. In
cases where no such database is available, semantic segmentation
of LIiDAR or image data is employed to extract building-related
points, specifically roofs and vertical outlines. Let the point cloud
be represented as:

P={p = uyuzifi)li = 1,..,N} 1)
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Figure 3. LOD3 enrichment methodology including the Geoflow LoD2 reconstruction, Zero-shot detection and LoD3 enrichment
from mobile mapping data.

where f; denotes the feature vector of point p;. The goal of
semantic segmentation is to assign each point a class label:

¢; = argmaxP(c |f;, 0) )
{cec}

with C = {roof, fagade, ground, vegetation, others} and
parameters 0 learned by a deep learning segmentation model.
Several pretrained machine learning frameworks were evaluated,
including Point Transformer V3 (PTv3) (Wu et al., 2024) and
UnetFormer (Wang et al.,, 2022). These networks were
benchmarked on large-scale urban datasets such as ISPRS
Potsdam, Hessigheim 3D (Kélle et al., 2021), Vaihingen (Gerke
et al., 2014), Toronto-3D (Tan et al., 2020), and Paris-Lille 3D
(Roynard et al., 2018).

3.2 LoD2 Reconstruction Using Geoflow

After the segmentation, the extracted building points are
processed using TU Delft’s Geoflow tool (Peters et al., 2022) to
reconstruct 3D building models up to LoD2.3. Geoflow employs
a data-driven roof reconstruction pipeline based on region
growing and planar fitting. For each detected roof plane, the
model minimizes the distance between observed points and fitted
planes:

E() = Sppeny lInpi + 11 ®

In our workflow, we empirically optimize the Geoflow
parameters by assessing the reconstruction quality and occlusion
rates, which are quantified for each building parcel. Occlusion 0
is defined as the proportion of missing facade points:

NV
N¢

0=1- 4
where N,, is the number of visible facade points and N, is the total
number of expected points based on footprint geometry.
Concretely, Table 1 shows some of the key values that were
iterated over to optimize the reconstruction quality of the LoD2
models.

Figure 4. Point cloud density and relative accuracy: (Left) MLS
o [2 — 3cm], > 1000 pts/m? and (right) MLS o [5 —
10cm], 25 pts/m?, with co-registration accuracies of 4-6mm.

Y

eé A

Figure 5. Geoflow reconstruction results from parcel and point

cloud input.
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Plane E 02 Maximum distance between a
epsilon P ) detected plane and its inliers
Number of neighboring points
Plane k k, 15 used for region-growing plane
detection
_Pl_ane . Minimum number of inliers
minimum Min, 15 -
points required for each detected plane

Table 1. Default Geoflow Values

3.3 Zero-Shot Detection and 3D Projection of Facade
Elements

The third stage processes geolocated panoramic imagery from a
mobile mapping system. Using Grounding DINO (Liu et al.,
2023), the windows and doors are identified without any dataset-
specific retraining. The objectness score S, for each detected
bounding box b is computed as:

Sp = o (Te Iy) ®)

where T, represents the embedded textual query (i.e., window,
door), Ir the visual feature embedding from the panoramic
imagery, and o the sigmoid activation function indicating
detection confidence. The result is a set of bounding boxes per
image with a detection score. However, as these boxes are not in
the same plane as the fagade, and to combine multiple detections,
we include a second processing step.

First, we apply a planar homography transformation to correct
the perspective of the detected bounding boxes before projection.
Each fagade image is treated as a 2D observation of a planar
surface in 3D space. The homography H € R3*3relates the image
coordinates (u,v,1)Tto the corresponding facade coordinates
(x,y,1)Tvia

H=K[R|t] (6)

Where the intrinsic calibration K and are the extrinsic [R | t]
parameters of the cameras are used from the mobile mapping
SLAM. This transformation rectifies the bounding boxes to a
fronto-parallel orientation, ensuring that windows and doors
detected in multiple oblique views are geometrically consistent
when projected onto the 3D building surface.

Figure 6. (left) bounding boxes detected by Grounding DINO,
(right) corrected detections using facade plane homography.

Next, the corrected detections are merged using spatial averaging
to compute a single, reliable instance for each facade element.

— 1
P = Li=1-kPi U]

To this end, we perform a ray tracing to map the 2D box
detections into 3D space using our group’s GEOMAPI API
(Bassier et al., 2024). A ray is cast from each camera center C
through the pixel coordinates (u,v), which are converted to
spherical coordinates t(6, ¢).

pi=C+td t>0 ®)

where d is the direction vector in world coordinates. The
intersection of the ray with the LoD2 mesh determines the
corresponding 3D coordinates p; of the facade element. At the
same time, we filter out overlapping detections with deviating
dimensions due to occlusions (Figure 7). The result is set of
geometrically consistent fagade elements.

Figure 7. Filtering and region optimization using mean
intersection from multiple detections.

3.4 Model Enrichment and Validation

The final step enriches the CityJSON representation with the
newly detected facade features. Each feature is encoded as a
rectangular face within the corresponding wall surface, and
vertices are updated accordingly:

V' =V U {vy,13,13, 4} 9)

As the LOD2 models from Geoflow are as Solids, we both adjust
the facade’s geometry and introduce new geometries for the
windows and doors (Figure 8). The enriched models are validated
using the CityJSON Ninja platform, which assesses geometric
integrity, occlusion statistics, and semantic correctness.
Quantitative evaluation metrics include Precision, Recall, and
RMSE in planimetric and height dimensions. These indicators
allow iterative refinement of the reconstruction pipeline and
ensure the method’s scalability for large-scale urban modeling.
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Figure 8. Enriched Geoflow LoD3 models with window and door
elements.

4. Experiments

The experimental evaluation of the proposed workflow was
conducted on multiple test areas in Flanders, representing typical
mixed urban structures. The experiments aim to (1) quantify the
reconstruction accuracy and parameter sensitivity of Geoflow,
(2) evaluate the performance of zero-shot window and door
detection using Grounding DINO, and (3) assess the reliability of
model enrichment and filtering in the final CityJSON output.

4.1 Optimized Geoflow reconstruction accuracy

The parameter sensitivity was conducted for a wide range of
buildings (Figure 9). Under default settings (Table 1), typical
modelling errors occurred where roof or fagade segments were
represented by an insufficient number of points. To address this,
the influence of individual parameters was systematically
evaluated. The analysis revealed that lowering the line epsilon

(&) slightly improved fagade line definition, while increasing
both the plane neighborhood size (k;,) and the minimum plane
inlier count (min,,) resulted in more stable region growing and
fewer fragmented planes. The optimization data term (n,p,)
mainly affected the model’s level of detail: lower values
simplified the geometry by removing smaller roof elements such
as dormers, whereas higher values added fine-scale detail and
local roof variations. Based on these findings, an optimal
parameter configuration was derived.

g =035k, =20,

min, = 20

g =0.075m

g =0.067m

g = 0.059m

Figure 10. Example reconstruction results with Geoflow
optimized parameters.

Figure 9. Buildings used for Geoflow parameter optimization.
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Figure 11. LOD3 reconstruction results including (row 1) geolocated panoramic imagery, (row 2) Grounding DINO detections and
(row 3) final LOD3 reconstruction after reprojection, filtering and CityJson mutations.

The geometric accuracy of the reconstructed building models was
evaluated on subset of these structures (Figure 10). The RMSE
was computed for both roof and fagade surfaces to capture
variations in reconstruction performance between horizontal and
vertical elements. Figure 10 reports mean values of 6 = 5.5 cm
and 20 = 14.9 cm, indicating that 68 % of all residual distances
fall within 5.5 cm of the reconstructed surface, while 95 %
remain within 15 cm. These results demonstrate that Geoflow
achieves an accuracy that is well within the ALS accuracy.

4.2 Zero-shot detections

The detection accuracy of Grounding DINO, for the windows and
doors from the mobile mapping data, was evaluated on 4 types of
constructions (Figure 11) . The detector was operated in zero-shot
mode, using natural-language prompts (“window” and “door”)
without dataset-specific fine-tuning. A total of 45 fagade images
were processed, containing 71 windows (475 occurrences) and
20 doors (57 occurrences) manually annotated as ground truth.
The evaluation was performed on a per-instance basis using
standard precision and recall metrics.

Experiments were conducted using box confidence threshold
between 0.4-0.6, applied to the same set of 45 fagade images. The
results indicate a clear trade-off between completeness and
correctness. At a low threshold (0.4), the model detects nearly all
window and door instances (DS > 0.88) but introduces many
false positives, particularly reflections and repeated window
frames. Increasing the threshold to 0.6 reduced the recall by on
average 20% and increased the precision above 90%, but missed
smaller or partially occluded objects. The best yielding setting for
the box confidence threshold was 0.5, since we could still filter

out false positives using the spatial filtering from multiple
occurrences.

Using this setting, the zero-shot detector achieved an average
precision of 84.2% and recall of 79.3%, indicating that the model
generalizes well to unseen urban scenes. The results confirm that
windows are more reliably detected than doors, largely due to
their higher visual contrast, repetitive structure, and stronger
contextual cues. Doors, in contrast, exhibited more variation in
texture and color, particularly in shaded or recessed entrances,
resulting in more missed detections. Additionally, doors suffered
from a higher occlusion rate due to the terrestrial vantage point
(i.e. by blocking cars).

Visual inspection of representative fagades showed that detection
accuracy is highly dependent on viewing angle, illumination, and
occlusions from street furniture or vegetation. In oblique views,
bounding boxes tended to overestimate the true object size due to
perspective distortion.

4.3 Filtering & Model Enrichment

The detection merger and filtering was evaluated on the same
four types of buildings. Concretely, the reconstructed corner
points of the windows and doors were compared to ground truth
created corner points. The maximum clustering distance for the
corner points of the different detections was set to 0.5m.
Overlapping occurrences that didn’t comply with the clustering
distance threshold were removed. A minimum cluster size of two
detections was required to confirm an object’s reliability,
effectively filtering out single, uncertain detections from oblique
or shadowed images.
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Figure 12. Clustering of detected windows/door corner points.

After clustering and filtering, each object cluster was reduced to
a single representative instance by computing the mean centroid
and averaged dimensions (Figure 12). The resulting enriched
facades showed a substantial reduction in false positives and
improved positional consistency. Concretely, the clustering
reduced the number of false detections by approximately 36%,
while maintaining geometric consistency with an average of
34mm difference between the center of the GT and the detected
windows, with a standard deviation of 30mm.

The geometric and semantic validity of the final CityJSON
models was verified using the CJVal web-based validation tool,
developed as part of the CityJSON Ninja platform (Ledoux &
Dukai, 2023). The validator checks conformance to the
CityJSON v1.1 specification, assessing both syntactic
correctness (JSON structure and attributes) and geometric
validity (topology, vertex orientation, and manifoldness). The
validation results confirm that all reconstructed buildings comply
with the CityJSON standard.

5. Conclusion

The conducted research demonstrates the feasibility and
robustness of an integrated workflow for automated LoD3
building model reconstruction, combining  geometric
reconstruction, zero-shot semantic enrichment, and standards-
based validation. Building upon the Geoflow framework, the
developed methodology successfully bridges the gap between
conventional LoD2 representations and semantically enriched
LoD3 models by integrating heterogeneous data sources
including airborne LiDAR, mobile mapping imagery, and deep
learning-based detection systems within a unified processing
pipeline.

The experiments confirmed that Geoflow delivers accurate
LoD2.3 reconstructions when optimized using the parameter
configuration derived from the sensitivity study. The mean
RMSE values of approximately 5-6 cm align with the expected
accuracy range for airborne LiDAR data at 25 points/m? The
influence of reconstruction parameters was significant: smaller
region-growing radii and tighter planarity constraints improved
geometric precision but occasionally reduced completeness in
complex roof geometries. Hence, parameter selection must
balance spatial detail and generalization according to the data
density and building typology.

The integration of zero-shot detection using Grounding DINO
introduced a flexible mechanism for fagade enrichment without
the need for dataset-specific training. The results illustrate the
potential of large-scale vision—language models for urban scene
understanding, achieving a mean detection score of 0.83 and a
false alarm rate below 0.15 under optimal thresholding.
Nevertheless, detection performance remained dependent on
environmental conditions such as occlusion, lighting, and surface
reflectivity. The homography-based rectification significantly

improved the geometric consistency of projections but did not
fully eliminate misalignments on highly reflective or irregular
facades.

Subsequent spatial reasoning and clustering steps proved
essential to ensuring semantic coherence across multiple
viewpoints. The clustering parameters, i.e. a maximum centroid
distance of 0.5m, successfully merged duplicate detections while
maintaining the geometric fidelity of valid features. An average
accuracy of 3.4cm and standard deviations of 3cm in position
confirm the internal consistency of the enriched models.

The CJVal validation results further substantiate these findings,
showing an overall conformity, which demonstrates the
workflow’s readiness for deployment within official 3D city
model production pipelines.

While the framework performs robustly across varied urban
contexts, several limitations remain. Detection reliability is
affected by lighting conditions and occlusions, and the
dependence on high-quality panoramic imagery constrains
applicability in areas with limited street-level data. Additionally,
the workflow assumes well-registered multimodal datasets;
future work could address sensor misalignment through self-
calibrating multimodal fusion methods.

Further improvements should focus on extending the semantic
taxonomy beyond windows and doors to include balconies, roof
structures, and vegetation, leveraging transformer-based multi-
modal architectures. While the current pipeline focuses on planar
fagades and rectangular openings, future work should address
more complex fagade geometries. Integrating uncertainty
quantification into the enrichment process would also enhance
interpretability and quality control.
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