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Abstract

High-precision vehicle localization in GNSS-denied urban areas requires alternatives to costly HD maps. In this paper, we present a
novel framework for feature extraction and benchmark generation to enable high-precision localization using abstract LoD2/DTM
maps as a replacement for HD maps. Our first contribution, a semantic-geometric pipeline, processes dense LiDAR and camera data
to extract map primitives. This is accomplished by a RANSAC-fitted ground plane extraction step, followed by a semantic filter
that discards dynamic objects. Finally, geometric clustering (HDBSCAN) and RANSAC plane fitting isolate large-scale vertical
facades. Our second contribution, a multi-stage GT generation framework, resolves annotation ambiguity using a Human-In-The-
Loop (HITL) system. A robust 2D pose is computed by finding the geometric median of bootstrapped transformation samples
on the SE(2) manifold, which is then refined to a 6-Degree-of-Freedom pose via point-to-plane ICP, before being validated by a
human for a final check. We evaluated our feature extraction pipeline against the generated benchmark, achieving 95.04% precision
and 83.74% recall. An analysis of this performance shows the pipeline correctly rejects small, ambiguous features while achieving
high recall on all large, stable features, proving its suitability for a robust localization filter.

1. Introduction & Background

Accurate and robust global localization is a fundamental pre-
requisite for higher levels of driving automation, enabling core
functions such as path planning and mission execution. The
challenge is particularly critical in dense urban environments,
where positional awareness requires accuracy on the order of
several centimeters (Reid et al., 2019). While Global Naviga-
tion Satellite Systems (GNSS) can often meet this requirement,
they are rendered unreliable in dense urban environments due to
signal occlusion and severe multi-path effects. However, these
same environments offer a high density of stable, structured fea-
tures—such as building facades, road surfaces, road signs—that
can serve as geospatial landmarks for localization, providing a
viable alternative to GNSS.

The dominant approach for achieving the required centimeter-
level accuracy, without GNSS, relies on matching vehicle sensor
data to a pre-built digital map, with High-Definition (HD) maps
emerging as the state-of-the-art solution (Ghallabi et al., 2019,
Chen et al., 2021). These multi-layered representations typ-
ically contain a rich set of geometric and semantic features, in-
cluding dense 3D point clouds, road networks, poles, and curbs.
HD maps enable a variety of localization methods, including
Light Detection and Ranging (LiDAR)-based point-voxel (Shi
et al., 2020) or segment matching (Dubé et al., 2017), as well as
vision-based techniques that utilize features like road markings
(Zhao et al., 2024) or traffic lights (Zhu et al., 2025). Multi-
modal approaches fusing camera and LiDAR data also see com-
mon use with HD maps (Zuo et al., 2020).

Despite their proven efficacy, the creation and continuous main-
tenance of HD maps at scale incur prohibitive costs, as the map
must be frequently updated to reflect changes in the real world
(Lee and Ryu, 2024). This high overhead has inspired increas-
ing research into localization using low-detail, abstract maps

that are widely available and simpler to maintain. Examples in-
clude OpenStreetMap (OSM) (Elhousni et al., 2022) and maps
derived from building information, such as 2D building foot-
prints (Javanmardi et al., 2017) or their 3D extrusions (Vogel et
al., 2018).

A core challenge in this domain is bridging the gap between
dense, noisy, and dynamic sensor measurements and the sparse,
abstract nature of the reference map. For 2D maps, common
methods involve generating a simulated sensor view via raycast-
ing and matching it against the real scanner data (Javanmardi et
al., 2017, Elhousni et al., 2022); others match LiDAR data dir-
ectly to satellite or aerial imagery (Lee and Ryu, 2024). While
promising, these methods do not fully exploit the 3D geometry
of the scene, limiting their ability to utilize full spatial informa-
tion and to perform localization in 3D.

To address this, (Vogel et al., 2018, Moftizadeh, 2024) have
utilized publicly available LoD2 building models and Digital
Terrain Models (DTM) to benefit from abstract 3D reference
maps for LiDAR-matching. However, recent work has high-
lighted feature extraction quality from raw sensor data as a key
limitation, especially for achieving accurate and robust pose es-
timation (Wahbah et al., 2025).

This paper aims to address this gap by introducing a novel fea-
ture extraction pipeline that fuses geometric LiDAR data with
semantic information from co-registered cameras. Our method
projects semantic labels from an efficient 2D segmentation net-
work (DDRNet-23) onto the 3D point cloud, which allows the
robust and sequential extraction of the map’s features: the ground
plane (DTM), and building facades (LoD2).

Furthermore, the quantitative evaluation of feature extraction in
abstract maps remains critical due to the absence of ground-
truth (GT) solutions. Standard ground-truth generation meth-
odologies, which rely on manual annotation (e.g., nuScenes
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Figure 1. Overview of the proposed semantic-geometric feature extraction pipeline.

(Caesar et al., 2020), Waymo (Sun et al., 2020)), are unsuitable
for this task. The abstract nature of the map features prevents
a direct, one-to-one correspondence with the raw sensor data,
rendering manual labeling of ”ground-truth features” infeasible
for a human annotator. This absence of a benchmark makes it
difficult to rigorously evaluate feature extraction performance
in abstract maps.

We overcome this challenge with our second contribution: a
novel framework for generating a benchmark of GT feature la-
bels. We employ a multi-stage Human-in-the-Loop (HITL) pro-
cess to establish a statistically robust 2D coarse pose for each
sensor frame. This involves a two-stage ”nano-task” system
where annotators identify correspondences between the point
cloud and the reference map in a Bird’s-Eye View (BEV). This
coarse pose is subsequently refined into a full 3D ”ground-
truth pose” via point-to-plane ICP, and then validated using a
final human inspection step. To the best of our knowledge, this
represents the first quantitative evaluation of feature extraction
with abstract LoD2/DTM maps.

This paper is structured as follows: Section 2 details the pro-
posed semantic-geometric feature extraction pipeline. Section
3 describes the complete multi-stage ground-truth generation
framework. Section 4 presents our experimental setup, valida-
tion of the generated ground-truth, and the performance results
of our feature extraction pipeline. Section 5 discusses the res-
ults, and outlines system limitations. Section 6 concludes the
paper with a summary of our contributions and an outlook on
the future research direction.

2. Feature Extraction Pipeline

This section details our first contribution: a pipeline that pro-
cesses raw dense sensor data from a dynamic scene into a set of
planar features. The pipeline first robustly extracts the primary
ground plane using semantically labeled points, thus simplify-
ing the scene. Then a semantic filter discards all points cor-
responding to object classes not present in the map’s abstract
representation (e.g., vehicles, pedestrians, vegetation). Sub-
sequently, a geometric filtering stage employs clustering (HDB-
SCAN) and robust plane fitting (RANSAC) on the remaining
points to isolate the large-scale vertical planes that directly cor-
respond to the LoD2 building facades. This hybrid semantic-
geometric approach yields a high degree of robustness to seg-
mentation errors and measurement outliers. An overview of the
system steps is shown in Figure 1.

2.1 Pre-processing and Semantic Fusion

The pipeline starts by ingesting camera images and LiDAR point
clouds. The images are processed by an efficient semantic seg-
mentation network. The proposed pipeline does not require a

highly precise, pixel-accurate segmentation mask. This relaxed
constraint is feasible because our feature extraction focuses on
large-scale structures, while minor inaccuracies from the per-
ception module are effectively mitigated by subsequent geomet-
ric processing steps. For our pipeline, we utilize the weights
from the official DDRNet-23 (Pan et al., 2023) release, pre-
trained on the Cityscapes dataset (Cordts et al., 2016), to seg-
ment the road-scene images into 19 classes. We chose this net-
work due to its high Intersection over Union (IoU) score, while
achieving real-time capabilities (Lei et al., 2025).

Concurrently, the raw LiDAR point cloud, Praw, is first undis-
torted to correct for motion-induced skew. This is achieved by
continuously integrating high-frequency Inertial Measurement
Unit (IMU) measurements to track the sensor’s ego-motion dur-
ing a single scan acquisition, following the kinematic model
detailed in (Xu and Zhang, 2021). By applying linear interpola-
tion to estimate the pose of the sensor at the per-point timestamps,
we project the raw points into a unified, motion-compensated
local frame. The resulting geometrically consistent point cloud
is then downsampled using a coarse voxel grid. This filtering
step serves a dual purpose: it provides computational advant-
ages by reducing point density, and it functions as a spatial
low-pass filter. This effectively isolates the dominant struc-
tural components of the environment by averaging out sensor
noise and suppressing minor architectural details (e.g., window
ledges, water pipes, signs). Consequently, this focuses the data
on the large-scale geometries that best align with the structures
represented in the target abstract features.

Utilizing the preexisting extrinsic calibration and the overlap-
ping FoV between the camera and LiDAR, the 2D segmentation
mask is then projected onto the 3D voxelized point cloud (Vora
et al., 2020), ”painting” all points within the shared field of view
(FoV) with semantic labels. This divides the cloud into a set of
labeled points, Plabeled, and unlabeled points, Punlabeled (those
outside the shared FoV).

2.2 Geometric Feature Extraction

The extraction is a sequential process that first removes the
ground-plane and subsequently extract building facades.

2.2.1 Ground Plane Removal To extract the DTM feature,
a RANSAC plane-fitting algorithm is applied to points in Plabeled

marked as ”ground” or ”street.” This process generates a per-
frame, single-plane model; this is a valid assumption within the
context of urban canyons, where local street segments remain
predominantly planar. This semantic guidance yields a highly
robust ground plane model, πground. This plane is then exten-
ded to the entire point cloud, and all inlier points (from both
Plabeled and Punlabeled) are removed, simplifying the scene.
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2.2.2 Semantic Filtering From the remaining non-ground
points, a critical semantic filter is applied. All points in Plabeled

belonging to classes that do not exist in the abstract map, such
as ‘vehicles‘, ‘humans‘, ‘riders‘, ‘vegetation‘, and ‘fences‘, are
discarded. This step leaves only points that are labeled as ‘build-
ings‘ and are highly likely to be part of the target features.

2.2.3 LoD2 Planes Extraction The remaining feature points,
Pfeatures, consist of the semantically filtered labeled points
plus all unlabeled non-ground points. These are processed to
find LoD2 facades:

1. Clustering: To enable efficient downstream processing,
we cluster the points into distinct groups, thereby redu-
cing the overall computational time. We employ the HDB-
SCAN algorithm (McInnes et al., 2017) for this task. We
set the minimum cluster size Cn to be large enough to fil-
ter out smaller objects like trucks or minor walls that may
have remained after the semantic filter. Additionally, we
set the Cϵ such that the algorithm is able to connect seg-
ments and form coherent clusters despite gaps caused by
occlusion.

2. Plane Fitting: A RANSAC algorithm is applied on each
cluster to extract the planar surfaces. A verticality con-
straint is applied, where only planes deviating less than ϵ⊥
from the vertical axis to the ground are preserved. The
RANSAC distance threshold τdist is chosen to reject sep-
arate fixtures (e.g., balconies, window sills) while being
large enough to include points on a single, slightly non-
planar facade (e.g., decorative bricks).

The final output is a set of features:

F = {πground, πfacade1 , πfacadei , ..., πfacadeN } (1)

which correspond directly to the DTM and LoD2 map primit-
ives.

3. Ground-Truth Generation

Owing to the abstract nature of the map features, a novel strategy
for GT benchmark generation is required for the quantitative
evaluation of the feature extraction pipeline. The following sec-
tion outlines our HITL approach for this purpose. First, we es-
tablish a robust 6-DoF ”GT pose” for each measurement epoch,
and then we use this pose to automatically generate the GT fea-
ture labels. The process is divided into four primary stages: (1)
HITL coarse 2D pose alignment, (2) 3D GT pose refinement,
(3) GT pose validation, and (4) final GT feature label genera-
tion.

3.1 Stage 1: HITL Coarse 2D Pose Alignment

The first stage generates a statistically robust 2D coarse pose (x,
y, θ) in the map coordinate system using a HITL process. While
the INS pose cannot be strictly relied on in urban canyons to
achieve our centimeter-level global accuracy, it is sufficient to
establish a prior correspondence for the human annotators to
enhance.

3.1.1 Nano-Task Annotation Annotators use a 2D Bird’s-
Eye View (BEV) tool displaying both the LiDAR point cloud
and the LoD2 building polygons as registered by the prior. The
process is divided into two nano-tasks:

• Task 1: Annotators collaboratively label potential features
(e.g., building corners) in the raw point cloud, Plidar. This
yields a set of source points {s1, . . . , sN} where si ∈ R2.

• Task 2: For each source point si, multiple annotators inde-
pendently and repeatedly identify the corresponding corner
point on the LoD2 map polygons. This produces a set of
R target points {ti1, . . . , tiR} for each si. In addition, an-
notators can explicitly mark a correspondence as ”unsolv-
able” if no target point was found.

3.1.2 Statistical Aggregation on SE(2) The human-derived
annotations can be ambiguous and conflicting; thus, simply av-
eraging them would yield a statistically invalid result. Instead,
we generate a robust consensus using a non-parametric boot-
strap and aggregation method that correctly accounts for the
geometry of the transformation space.

First, we generate B bootstrap samples. For each sample b ∈
{1, . . . , B}, we resample with replacement from the target points
{ti1, . . . , tiR} for each source point si. We then aggregate these
resampled targets using a robust, cluster-based mean. This method
first finds a consensus cluster by identifying all points within a
10cm neighborhood of each other. If this cluster contains a
majority of the resampled annotations, its mean is computed to
create a single correspondence set (si, t̂

(b)
i ) for this bootstrap

sample. Then, a RANSAC-based estimation is run on each set
to compute a plausible 2D transformation Tb ∈ SE(2). This
results in a distribution of B transformations {T1, ..., TB}.

A direct arithmetic averaging of these transformations is not
valid, as SE(2) lies on a non-Euclidean manifold. We therefore
compute the approximate geometric median of this distribution
by adapting a Weiszfeld-type algorithm (Weiszfeld, 1937) to
operate on the Lie group. We initialize an estimate T̂ (0) (a ran-
dom Tb) and iterate:

1. Compute the residual for each transformation in the tan-
gent space at the current estimate T̂ (k), using the logarithm
map:

∆b = log
(
(T̂ (k))−1Tb

)
∈ SE(2) ∼= R3 (2)

2. Compute weights wb inversely proportional to the norm of
the residuals:

wb =
1

max(||∆b||2, ϵ)
(3)

where ϵ is a small positive constant used for numerical sta-
bility.

3. Calculate the weighted mean of the residuals in the Lie
algebra:

∆ =

∑B
b=1 wb∆b∑B
b=1 wb

(4)

4. Update the estimate by mapping the mean residual back to
the manifold via the exponential map:

T̂ (k+1) = T̂ (k) exp(∆) (5)

This loop continues until convergence (||∆||2< τ ). The final
T̂ is a robust 2D pose that represents the statistical consensus
of all human annotations, and its associated covariance matrix
Σ = 1

B

∑
∆b∆

⊤
b quantifies the annotation uncertainty.
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3.2 Stage 2: 3D GT Pose Refinement

The robust 2D pose T̂ from Stage 1, which consists of a 2D
translation (tx, ty) and a rotation θ around the z-axis, is used
to provide a high-confidence initial alignment for a full 3D re-
finement. This SE(2) transformation is first embedded into an
SE(3) transformation matrix, Tinit, by constraining the 6-DoF
pose to the x− y plane.

T̂ =

cos(θ) − sin(θ) tx
sin(θ) cos(θ) ty

0 0 1

 ⇒

Tinit =


cos(θ) − sin(θ) 0 tx
sin(θ) cos(θ) 0 ty

0 0 1 0
0 0 0 1


(6)

This 4x4 matrix, which assumes no rotation around the x and y
axes, and zero z-translation, is applied to the raw point cloud.
The feature extraction pipeline (described in Section 2) is then
run on this coarsely aligned cloud to extract the planar ground
and building features.

A point-to-plane Iterative Closest Point (ICP) algorithm is then
used to match the extracted features from the point cloud to the
corresponding DTM and LoD2 map features. The resulting 6-
DoF transformation is designated as the GT Pose for that epoch.

3.3 Stage 3: GT Pose Validation

This stage is a critical step to ensure the quality of the final GT
pose, mitigating any potential bias from using our own pipeline
in the previous refinement stage. Every pose must pass two
checks:

1. Quantitative Check: The final fitness score of the ICP
algorithm from Stage 2 is stored. This score is defined
as the ratio of the number of inlier points (points in the
point cloud with map correspondences) to the total num-
ber of points in the point cloud, when transformed by that
pose. The higher the fitness score, the better the align-
ment achieved. If the fitness score is below a predefined
threshold, the pose is rejected as a low-quality match. This
threshold is set to automatically filter out any low-quality
matches, therefore, the threshold can be chosen from a re-
latively wide range. Provided the threshold is not restrict-
ive enough to reject valid poses, its primary effect is on
the volume of data passed to the qualitative check. In our
case, a value of 0.75 was chosen.

2. Qualitative Check: This final human-in-the-loop inspec-
tion is essential because the quantitative check alone is in-
sufficient. A high pose fitness score can confirm a geomet-
ric fit, but it cannot guarantee that the pose converged to
the true global location (e.g., it might align perfectly with
an adjacent, geometrically similar building). Therefore, a
final human visual inspection is performed as the ultimate
check to confirm that the point cloud, when transformed
by the GT pose, is unambiguously aligned with the correct
map features.

Only poses that pass both checks are used in the final bench-
mark.

3.4 Stage 4: GT Feature Label Generation

In the final stage, the validated GT poses are processed to auto-
matically label the benchmark dataset. The GT poses are ap-
plied to their corresponding raw point clouds, Praw, to align
them with the LoD2/DTM map, creating Pgt. For each point
p ∈ Pgt, we calculate its distance to the nearest map feature.

• If the point is within a 0.1-meter tolerance of an LoD2
building surface, it is labeled as ”building”.

• If the point is within a 0.1-meter tolerance of the DTM
ground surface, it is labeled as ”ground”.

• All other points are labeled as ”clutter”.

A 0.1m tolerance is applied to mitigate LiDAR and undistortion
artifacts while discarding points unrelated to map features.

4. Experiments and Results

Our experimental setup consisted of a vehicle equipped with
two Livox HAP LiDARs, mounted on the top of the vehicle and
oriented at ±40◦ from the direction of travel to create a wide,
non-overlapping FoVs. Each LiDAR was co-registered with a
Basler a2A2840-67g5cBAS camera aimed in the same direc-
tion. An OxTS AV200 INS with dual-antenna GNSS provided
the initial (”rough”) pose estimates, which were used as the
starting point for the HITL annotation process.

The dataset was collected during a drive of multiple concentric
loops through dense urban canyons in Hannover, Germany. The
abstract reference map, consisting of LoD2 building models and
a DTM, was sourced from the (Landesamt für Geoinformation
und Landesvermessung Niedersachsen (LGLN), 2024) open data
Portal. Our final evaluation dataset consists of 297 randomly
chosen epochs, each with corresponding sensor data and an ini-
tial GNSS pose.

The performance of the feature extraction pipeline is governed
by several key parameters, summarized in Table 1. These val-
ues were deliberately chosen based on our setup to match the
pipeline’s objective: to ignore fine-grained sensor details and
robustly extract the large-scale, abstract features present in the
LoD2/DTM map, rather than being over-tuned to a specific data-
set.

Table 1. Key parameters of the feature extraction pipeline.

Parameter Value Reasoning
Voxel Size 1.0 m Filters fine-grained details (e.g.,

ledges) to focus on large-scale map
structures.

HDBSCAN Cn 25 pts Based on voxel size, ensures a
minimum detectable surface of ≈
25m2, filtering out planar, non-
building objects (e.g., trucks).

HDBSCAN Cϵ 2.0 m Allows point clusters to form
across gaps caused by sensor oc-
clusions.

RANSAC τdist 0.25 m Rejects fixtures (e.g., balconies)
while including points on a single,
non-planar facade.
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4.1 Evaluation Metrics

To evaluate our feature extraction pipeline, we compare the set
of detected map features against the set of ground-truth (GT)
map features on a per-frame basis. We define the ground-truth
features set (G) as the set of map surfaces visible in the bench-
mark, and the detected features set (D) as the set of map sur-
faces identified by our pipeline. We then compute the standard
metrics:

Precision =
|G ∩D|
|D| =

TP
TP + FP

(7)

Recall =
|G ∩D|

|G| =
TP

TP + FN
(8)

IoU =
|G ∩D|
|G ∪D| (9)

Here, Precision quantifies the reliability of our detections (low
False Positives, FP), while Recall measures the completeness of
our pipeline (low False Negatives, FN). Finally, IoU provides
a comprehensive metric for accuracy by measuring the ratio of
overlap between predicted and ground-truth point sets, account-
ing for both the FP and FN.

A critical challenge in this evaluation is the discrepancy in point
density. The GT feature labels are generated by labeling the
original, raw point cloud, which is dense. However, our feature
extraction pipeline applies a coarse 1.0 meter voxel filter, which
significantly reduces point density. To ensure a fair and valid
comparison, we first normalize the benchmark. Before applying
any metrics, the raw GT point cloud (with its feature labels) is
processed through the exact same 1.0-meter voxel filter used in
our pipeline.

Finally, we should distinguish between significant features and
noise. We define a minimum threshold for a valid feature in
both the G and D sets. A map surface is only included in G or
D sets if it is associated with at least 25 points. This value is
chosen to directly match the Cn parameter from our pipeline’s
HDBSCAN step, as this represents the minimum significant
feature our pipeline is designed to detect.

4.2 Ground-Truth Validation Results

The 3D GT pose alignment statistics for the 297 epochs are
detailed in Table 2. The mean ICP fitness score was 0.9346,
indicating that, on average, over 93% of the extracted feature
points from the GT-poses scans align with the abstract map. The
mean inlier RMSE was 0.3409m with a low standard deviation
of 2.84cm, confirming the high precision of the poses. The
distributions of these metrics (Figure 2) show a strong positive
skew in fitness scores and a tight, Gaussian-like distribution in
RMSE, confirming the reliability of the GT baseline.

It should be noted that the alignment fitness score cannot reach
the theoretical 100%, even with ideal measurements. This is
because the LoD2 map features are generalized representations,
while the LiDAR scans capture the full geometric complexity of
the real-world environment.

4.3 Feature Extraction Performance

We evaluated our feature extraction pipeline against the val-
idated 297-frame benchmark. The overall performance, sum-
marized in Table 3, demonstrate the high accuracy and stabil-
ity of our proposed pipeline. We report metrics in three ways:

Table 2. Alignment statistics for the validated GT poses.

Metric Fitness Score Inlier RMSE (m)
Mean 0.9346 0.3409
Std. Dev 0.0417 0.0284
Median 0.9488 0.3356
Min 0.7681 0.2923
Max 0.9926 0.4335

”Overall” (calculated from the total sum of TPs, FPs, and FNs),
”Mean Per-frame”, and ”Median Per-frame”.

The Median Per-frame Precision is 100.00%, which indicates
that in at least 50% of all evaluated frames, the pipeline pro-
duced zero, feature-wise, false positives. This demonstrates
an extremely high level of reliability in the typical case. The
”Mean Per-frame” precision of 95.14% is only slightly lower,
confirming that a small subset of frames with known failure
modes are responsible for nearly all false positives.

Furthermore, the pipeline’s recall is very stable: the ”Median
Per-frame Recall” (83.33%), ”Mean Per-frame” recall (82.37%),
and ”Overall” recall (83.74%) are all closely clustered. The
negligible divergence between the mean and median recall sug-
gests that performance is highly consistent across the dataset,
not skewed by a few low-performing outlier frames.

Table 3. Overall and per-frame feature extraction performance.

Metric Value
Total GT Features (in 297 valid packets) 4232
Total Detected Features 3729
Overall Geometry Precision 95.04%
Overall Geometry Recall 83.74%
Overall Geometry IoU 80.24%
Mean Per-frame Precision 95.14%
Mean Per-frame Recall 82.37%
Mean Per-frame IoU 79.41%
Median Per-frame Precision 100.00%
Median Per-frame Recall 83.33%
Median Per-frame IoU 80.00%

The analysis in Figure 3 provides deeper insight. Figure 3a
shows a near-perfect overlap between the ground-truth and de-
tected histograms. The mean (114.8 vs 113.8) and median (50
vs 50) point counts are almost identical, proving that our pipeline
is statistically unbiased and detects features across all scales,
not just large, simple ones.

On the other hand, Figure 3b provides a validation for our se-
lection of Cn parameter. The analysis reveals that the pipeline’s
recall is highly correlated with the statistical significance of the
GT features. Recall is low for features defined by fewer than 20
points, demonstrating our pipeline’s ability to intentionally and
correctly reject small, ambiguous, or noisy surfaces that are un-
reliable for localization, while maintaining high recall of 83.7%
precisely at our 25-point threshold, confirming this parameter is
well-tuned to balance sensitivity and robustness. Critically, for
all large features (defined by > 80 points), the pipeline achieves
100% recall, proving it reliably captures the most significant
geometric structures that should most benefit the downstream
geo-referencing process.

4.4 Qualitative Assessment

To complement the quantitative metrics, we provide a qualitat-
ive assessment of the feature extraction pipeline. As illustrated
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(a) Distribution of ICP Fitness Scores

(b) Distribution of ICP Inlier RMSE

Figure 2. Distributions of ICP fitness scores 2a and inlier RMSE
2b for the 297 validated epochs in the GT benchmark. The red

dashed line indicates the mean.

in Figure 4, the proposed method effectively isolates the LoD2
and DTM geometric structures from dense, raw point clouds
within complex urban environments.

The figure demonstrates the robustness of our multi-stage ap-
proach: the isolation of the ground plane (Stage 2), the high-
fidelity clustering of candidate points via HDBSCAN (Stage
3), and the final extraction of planar features with RANSAC
(Stage 4). Across diverse samples (A–E), the pipeline consist-
ently maintains geometric integrity despite varying point dens-
ities and surface occlusions.

Consistent with our quantitative findings, minor FN and FP dis-
crepancies are occasionally endured. For instance, in specific
cases such as Stage 3 and 4 of Sample D, certain planar points
were misclassified as planar due to the combined effects of oc-
clusion and the downsampling resolution. However, these in-
stances represent isolated outliers that do not significantly im-
pact the overall efficacy of the developed pipeline.

5. Discussion

The experimental results in Section 4 provide strong quantitat-
ive validation for our two primary contributions. The following
discussion addresses the paper’s central methodological chal-
lenges, and the system’s viability for real-world application.

(a) Distribution of GT and detected features

(b) Recall as a function of GT minimum detected points

Figure 3. Feature extraction performance analysis. Figure 3a
provides a comparison of the size distributions for ground-truth

and detected features, showing a strong positive correlation.
Figure 3b shows the recall as a function of the minimum number

of points required to define a valid ground-truth feature.

5.1 Addressing Methodological Circularity

A primary concern for this work is the methodological circular-
ity, we use our feature extraction pipeline within the GT gener-
ation framework to create a benchmark, which is then used to
evaluate the performance of our feature extraction pipeline.

We argue that this circularity is broken by the approach in Sec-
tion 3.3:

1. Our pipeline was used in Stage 2 only as an intermediate
tool to provide a robust initialization for a standard ICP
algorithm.

2. The final GT Pose is the output of the ICP, not the output
of our pipeline.

3. This pose was then subjected to an independent quality
check (Stage 3) and validated against the map by a human
annotator.

4. The generated ground-truth geometries are extracted from
the raw point cloud, based on their alignment with the map
features, independent of our pipeline.

Additionally, the results of the high mean ICP fitness of 0.9346,
and mean ICP RMSE of 0.3409 m are the independent proof

ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XI-1-2026 
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission I, 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-1-2026-25-2026 | © Author(s) 2026. CC BY 4.0 License.

 
30



Stage 1: Downsample Stage 2: Ground Stage 3: HDBSCAN Stage 4: RANSAC
Sa

m
pl

e
A

Sa
m

pl
e

B
Sa

m
pl

e
C

Sa
m

pl
e

D
Sa

m
pl

e
E

Figure 4. Qualitative assessment of the feature extraction pipeline across five distinct samples (A–E). Each row demonstrates the
sequential processing stages visualized along the LoD2 and DTM layers: (1) downsampled point cloud (gray); (2) extracted ground

points (gold); (3) HDBSCAN-based point clustering (color-coded); and (4) final RANSAC extracted geometric planes (color-coded).
The vehicle model is included for orientation purposes only; it is not to scale and does not represent an exact physical pose

that the final GT poses are of high quality, regardless of the tool
used to initialize the ICP.

Furthermore, if the initial pipeline fails to extract sufficient fea-
tures during Stage 2, the ICP alignment fails to converge; con-
sequently, the epoch is flagged and discarded by the validation
threshold in Stage 3. Such failures typically occur in feature-
sparse environments, such as open parking lots, or where the
abstract map lacks corresponding elements, like tunnels and
bridges. While data from featureless areas can be omitted as
it doesn’t represent our abstract map, incorporating structural
models for tunnels and bridges into the map priors represents a
compelling opportunity for future work.

5.2 Viability for Real Time Applications

While the focus of this paper is on the robustness of feature
extraction and the benchmark generation, the pipeline was de-
signed with its real-time suitability in mind. The semantic seg-
mentation network, DDRNet-23, was chosen for its high ef-
ficiency and is reported to run at rates higher than 50 FPS (ap-
prox. 20 ms) (Lei et al., 2025). The remainder of the feature ex-
traction workflow (voxelization, ground removal, filtering, and
clustering) was measured to execute in approximately 80 ms
using a CPU-based non-optimized Python implementation on a
‘i5-12500H‘ processor.

The total processing time of approximately 100 ms, which matches
the 10 Hz update rate of common LiDARs, is insufficient for

real-time localization applications due to the resulting latency
and the absence of a safety margin (European Commission,
2022). Nevertheless, the geometric processing currently runs
on a non-optimized Python prototype and generic hardware.
Translating this prototype to a C++ implementation utilizing
parallelization (e.g., CUDA or multi-threading for the geomet-
ric clustering) is the intended path to meet the ∼20-30 ms real-
time safety margins. This would allow the pipeline to meet,
and likely exceed, standard real-time requirements. Addition-
ally, the standard segmentation network can be replaced with
a fine-tuned network for our specific task, further reducing the
processing time.

5.3 Parameter Selection and System Limitations

Despite the high performance, the framework has limitations.
The first is parameter generalizability. The key parameters,
such as Voxel Size, Cn, and τdist were tuned for our specific
sensor suite (dense, side-mounted LiDARs) and test environ-
ment. These would likely require re-tuning for different sensor
modalities (e.g., sparser, 360° LiDARs) or environments. For
instance, when utilizing a sparser LiDAR configuration, the
overall point density on environmental surfaces is significantly
lower. To adapt, the HDBSCAN clustering minimum cluster
Cn size should be decreased to ensure that the now-sparser
building facades are not inadvertently filtered out, while the
cluster distance threshold Cϵ may need to be increased to effect-
ively bridge the larger spatial gaps between individual points.
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We observed that the Voxel Size had the largest effect on per-
formance; however, the system produced comparable results
for a wide range of values (0.25 m to 2.0 m), provided the
other parameters were scaled in accordance with the pipeline’s
core logic of filtering for large-scale features. When dealing
with sparse sensor configurations, adjusting this voxel size re-
quires a careful balance to prevent over-filtering the already
limited geometric data, and parameters like the RANSAC dis-
tance threshold τdist must be proportionately scaled to cap-
ture slightly non-planar facades reliably. Nonetheless, a formal
sensitivity analysis across different sensors and environments is
required.

Finally, due to the unified ground modeling approach, the sys-
tem might be vulnerable to complex environments that contain
steep topological changes; however, these situations are rare
in dense urban environments, which are the main focus in our
study.

6. Conclusion and Future Work

This paper presented two core contributions to address the chal-
lenge of robust feature extraction in abstract LoD2/DTM maps.
First, we introduced a novel semantic-geometric feature extrac-
tion pipeline that robustly identifies map-correlative features
from dense, dynamic sensor data. Second, we developed a
multi-stage HITL framework that leverages human contextual
understanding alongside automated labeling to generate a high-
quality benchmark dataset.

Our experiments validate both contributions. The GT frame-
work produced a 297-frame benchmark of high-quality poses,
verified by a mean ICP fitness of 0.9346 and a mean RMSE of
0.341 m. Evaluated against this benchmark, our feature pipeline
demonstrated high performance, achieving 95.14% precision
and 83.74% recall while remaining statistically unbiased across
all feature scales.

For future work, the most direct next step is to expand our GT
benchmark to encompass the majority of our dataset, and to in-
tegrate the validated feature extraction pipeline into a full real-
time localization framework (e.g., a Kalman filter or a factor-
graph optimizer). While the current study deliberately focuses
on validating the isolated feature extraction performance, eval-
uating the downstream, end-to-end vehicle pose estimation ac-
curacy using these features is the immediate next step in our
research. Furthermore, we plan to address the system’s cur-
rent limitations by incorporating temporal information. This
will enable the selected filter to better distinguish between static
map features and static false positives (e.g., temporary scaffold-
ing or a parked truck), thereby improving the overall robustness
of the system.

Future work will focus on expanding the benchmark to the full
extent of our collected data and integrating the validated fea-
ture extraction pipeline into a real-time localization framework,
such as a factor-graph optimizer. While this study focused on
isolating and validating feature extraction performance, eval-
uating downstream end-to-end vehicle pose estimation is ne-
cessary for valorizing LoD2 and DTM in autonomous driving
applications. Furthermore, we plan to incorporate temporal in-
formation to improve robustness, allowing the system to better
distinguish between static map features and persistent non-map
structures, such as temporary scaffolding or parked vehicles.
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