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Abstract

Semantic point cloud segmentation is essential for cre-
ating geometric-semantic as-is models (GSMs) used in
planning, construction, and digital twins. While con-
ventional deep learning approaches often subsample the
input—sacrificing fine-grained detail by focusing on large
context windows—our proposed Fine-Grained Feature Ex-
traction (FGE) method leverages local point cloud neigh-
borhoods and full-waveform terrestrial laser scanning data
to improve material classification. In our experiments, in-
tegrating color (RGB), online radiometric features (RF-
Riegl), raw full-waveform (FWF), and geometric features
boosted the mean Intersection over Union (mloU) from
2.1% (baseline using only point coordinates) to nearly
30%. Specifically, the sequential addition of these features
yielded improvements of approximately 10.3%, 8.2%,
5.1%, and 5.9% mloU respectively. These gains demon-
strate that FGE offers a robust foundation for subsequent
large-scale segmentation models that focus on long-range
dependencies.

Introduction

As the volume of aging bridges in developed countries
continues to grow, the need for robust and efficient as-
is documentation of the built environment increased sig-
nificantly (Haardt and Holst, 2008). Although laser scan-
ning has become a common method of quickly capturing
the state of existing assets with high geometrical accuracy
(Tang et al., 2010), the cost and quality of the derived geo-
metric models are still limited by the need for manual pro-
cessing of the raw data. For this reason, research in the past
years has focused on achieving more generalizable and ef-
ficient automation, specifically in the semantic segmenta-
tion of the captured point clouds, which is at the core of
many downstream processes.

Especially data-driven methods have proven useful in
cases where potentially noisy inputs have a complex and
non-linear relationship with the desired outputs. Early
methods focused on calibrating the measured reflected
signal in order to achieve consistent measurements be-
tween campaigns and produce meaningful physical quanti-
ties such as the back-scatter coefficient (Wagner, 2010). In
subsequent works Mallet (2011) supplemented calibration
features with additional parameters produced by modelling

the complete sequence of signals (colloquially known as
full-waveform (FWF)) by mathematical models such as the
generalized Gaussian. The combined feature set was eval-
uated for its relevance towards semantically segmenting
point clouds captured with an aerial laser scanner (ALS) by
utilizing a support vector machine (SVM). FWF-scanners
as opposed to discrete laser scanners record the entire
back-scattered signal as opposed to single intensity values,
allowing for more refined subsequent analysis. The SVM
approach to FWF-based segmentation was further refined
by Lai et al. (2019), who showed that an ensemble of mod-
els and a wavelet kernel improved generalization.

The recent trend shows a departure from using hand-
crafted approaches to feature extraction and instead relies
on the deployment of deep learning (DL) methods, which
by observing a large corpora of data can learn to recognize
reoccurring patterns and, on the basis of that, perform a
subsequent segmentation of the points into the predefined
semantic categories (Kellner et al., 2024). Originally suc-
cessful in the field of image analysis DL methods have
proven successful for processing point clouds after do-
main challenges such as order invariance and sparsity have
been addressed (Qi et al., 2016). Shinohara et al. (2020)
showed that this principle can be extended to incorporate
full-waveform information, which was introduced as addi-
tional input channels along with the measured Cartesian
coordinates into a PointNet-inspired DL-architecture. The
method lead to increased performance in the semantic seg-
mentation of ALS-based point clouds of road infrastruc-
ture, allowing better differentiation between road surfaces
and vegetation.

FWEF has seen successful use in the ALS domain as it al-
lows a comprehensive view of the vertical profile of the re-
turn signal, enabling detailed analysis of areas with dense
vegetation. At the same time, some more recent works
explore for use cases of FWF data in related terrestrial ap-
plications. Pashaei et al. (2023) identified several chal-
lenges, inherent to FWF Terrestrial laser scanning (TLS),
which are caused by the higher dynamic range of the ap-
plied sensors as well as their lower FWF sampling rate of
500 MHz instead of the 1 GHz, that is typical for ALS.
Nevertheless, direct integration of FWF into a PointNet
DL-Architecture showed a 7% increase of accuracy in the
semantic segmentation of urban scenes captured by TLS.



In another study Janda et al. (2023) performed experiments
in a controlled laboratory environment, which showed that
FWF-data alone were enough to distinguish some materi-
als such as Aluminium from Black Cloth with very high
accuracy using a flash FWF laser scanner. This perfor-
mance degraded significantly with more shallow incidence
angles and objects of the same material but painted in dif-
ferent colors, showcasing the limitations of the FWF data.
While DL methods have been showing steady gains in
point cloud processing, due to hardware limitations, cur-
rent algorithms often experience a trade-off between in-
put resolution and maximum context size when extracting
features at vastly different scales. Because especially in
infrastructure assets the objects of interest tend to be more
recognizable by spatially larger geometric patterns the best
results are often observed when the resolution of the in-
put point cloud is reduced, therefore enabling the use of
larger context windows (Vassilev and Blankenbach, 2023).
In this and the upcoming works, we hypothesize that a two-
step process of fine-grained feature extraction followed by
a large-context model can achieve gains in performance
by levering otherwise discarded low-level information. To
this end we develop a simple yet efficient neural network
architecture which by leveraging derived as well as raw
radiometric information (FWF) can process dense point
clouds and extract feature-rich embeddings that are aligned
with the task of material classification and can serve as in-
puts to various subsequent high-level segmentation tasks.
Therefore this publication outlines the following contribu-
tions:

¢ A feature-rich dataset with multi-level annotations

* A DL architecture for embedding fine-grained mate-
rial information for later use in large-scale models

* Analysis on the sensitivity of the proposed model to-
wards different input features

Dataset

The first prerequisite for the joint training of a low-level
feature extractor and a high-level segmentation model is
the development of a dataset with known low-level and
high-level semantics. This stems from the general goal
of allowing higher flexibility in the choice of provided la-
bels for supervising the respective model. To this end we
develop a dataset consisting of 18 point clouds of which
5 contain building facades, while the rest contain bridges
of various building materials (e.g. concrete, steel, natu-
ral stone). The dataset is split in a train (12 point clouds)
and validation (8 point clouds), while aiming for a simi-
lar proportion of materials and semantic classes between
the splits. To incorporate a multi-level labeling schema
each point was annotated in four different categories as
illustrated in figure 1. The first three categories contain
semantic classes with increasing complexity, while the fi-
nal level contains the material information of the target.
The experiments presented within this work will mainly

focus on material classification and will only utilize level
4, while the combination with other levels will be explored
in subsequent works.

All point clouds are collected with the Riegl VZ-400 TLS
and contain color information captured by an on-board
camera (here refered to as RGB). The scanner is equipped
with online waveform processing, which uses algorithms
from Riegl to derive radiometric quantities (here refered
to as RF-Riegl) for each point: 1) the raw peak amplitudes
and 2) the derived reflectance values, which compensate
for signal attenuation as a function of the distance to the
scanner, 3) a ‘deviation‘ value measuring the difference
between the captured waveform and the expected wave-
form, 4) the number of total targets located on the path of
a single laser beam and 5) the index of the current target
within the beam. Next to the derived features we further-
more collect the raw full waveform in immediate proximity
to the detected peaks (here refered to as FWF). The FWF
data is a discrete time series, which captures the recorded
back-scattering energy at a frequency of SO0MHz. The re-
gions containing fluctuations in the waveform may have a
variable length and we therefore pad or crop them a fixed
length of 32. Notably, given these considerations and as-
suming a 16-bit unsigned integer as the data type, the FWF
data make up a significant portion, accounting for 47%
of the total dataset volume. This is a major drawback,
which has previously discouraged practitioners from of-
fline processing of FWF information. Nevertheless, plot-
ting all waveforms corresponding to two classes in our
dataset (metal and mesh) we can make an initial observa-
tion that a smooth surface such as metal tends to have a
distinct peak in intensity, whereas a meshed surface only
partially reflects the incoming beam and therefore tends to
lead to numerous secondary reflections close to a detected
point (Figure 2). Therefore, it is a worthwhile investigation
whether raw FWF information can contribute to material
classification even in the case of terrestrial laser scanning.

Methodology

Towards the goal of enriching the feature representation of
a sparse point cloud, we formulate the problem as follows:
For every point Xq in the sparse point cloud, we gather
the K; number of nearest neighbors in the dense point
cloud with their corresponding feature vectors f € RY and
waveforms w € RW, where W is the length of each FWF-
sequence. Additionally, a smaller number of neighbors
Ky is used to calculate the local covariance, from which,
through eigen-decomposition, the normal vectors as well
as the geometric properties of each point can be extracted
(Kellner et al., 2024).

Normal Vectors

The covariance matrix C is computed for the Ky nearest
neighbors of a query point Xq as:
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Figure 1: Datast structure. The sizes of the blocks as well as their connections visualize their relative size at each level.
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Figure 2: Illustration of the average as well as the 95th and 5th
percentile waveform for meshed materials(top) and solid metal
objects (bottom)

where p; are the 3D coordinates of the neighboring points
and p is the mean of these neighbors. By performing
eigen-decomposition of the covariance matrix, we obtain
the eigenvalues A; > A, > A3 and corresponding eigen-
vectors vy, Vs, vs. The normal vector N for the point xq is
given by the eigenvector v3 associated with the smallest
eigenvalue A3, as it represents the direction of least vari-
ance in the neighborhood. The orientation of the normal
vector N is flipped if needed to point toward the scanner
origin, ensuring consistency.

Incidence Angles

The incidence angle o; for a point P; is calculated as:

P;-N )
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where P; is the vector from the scanner to the point, and N
is the normal vector at the point.

This formulation ensures that the incidence angle captures
the relationship between the surface orientation and the di-
rection of the incoming laser beam.

Geometric Features

The eigenvalues of the covariance matrix are further used
to compute geometric features that describe the local shape
properties of the neighborhood. These include:
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Here, € is a small positive constant to prevent division
by zero. These features capture the local structure of the
neighborhood, distinguishing between linear, planar, and
volumetric configurations.
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Figure 3: Architecture of the proposed model

Together, these build the feature X € RXL*(F+3) and wave-
form matrices W € RK.*W _ Since the points and their fea-
tures are an unordered set, we use the permutation invari-
ant combination of a shared multi-layer perceptron (MLP)
and a max-pooling layer as first suggested by Qi et al.
(2016). Rather than extending this mechanism to the FWF
data, we deviate from prior works by leveraging the in-
herent structure of the time series and convolving it with
3 consecutive convolutional layers, each with a 1D-kernel
size of 3, followed by max pooling with stride 2. The re-
sulting FWF features are concatenated with the extracted
point-wise features (marked by @ in figure 3) and fed to
further shared-MLP layers. Afterwards, a global feature
is derived by taking the maximum value in each column
of the neighborhood feature matrix, resulting in a single
704-dimensional vector describing the entire vector. To
enhance gradient flow and preserve local information, skip
connections are employed between the processed query
point features and the aggregated neighbor features, en-
suring that the relevance of the query point is not lost dur-
ing the embedding process. A final MLP-block then re-
duces the dimensionality of the aggregated feature, yield-
ing a 128-dimensional embedding that is cached for sub-
sequent processing in downstream models (see Figure 3).
The FGE is well-suited for such tasks as it only captures
local information and is applicable at high resolution (e.g.
lcm). Evaluating these embeddings in larger contextual
settings is a topic for further feature research.

Although the final goal is to extract features in the subsam-
pled resolution, during training we instead sample random
points from the full-resolution cloud. Rather than using
a uniform probability distribution we sample each point
with a probability, that is inversely proportional to its fre-
quency in the dataset in order to negate the effects of class
imbalance. This ensures that under-represented classes are
given equal importance during training, mitigating biases
that may arise from imbalanced class distributions. In spe-
cific, this is achieved by deriving the class-weights as:

1
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where:
* ny is the frequency of class %,
¢ N is the total number of classes,

During the random subsampling of the dataset, the prob-
ability of selecting a point p; is derived as the average of
the weights of all the class labels associated with that point.
For a point p; with class labels Iy,0,...,l,, the sampling
probability P(p;) is calculated as:

1 m
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where:

e m is the number of label levels associated with the
point p;,

* wy, is the weight of the k-th class label.

To further increase the effective size of the training data
and to stimulate an invariance towards irrelevant effects
we perform established data augmentation methods during
training such as gaussian perturbation of the features and
coordinates of the inputs and random rotations about the
z-axis. To reduce any effects of overfitting we introduce a
dropout with a 10% probability on the input features and
a 30% on all shared-MLP layers in the network. Batch
normalization is applied after each convolutional layer to
stabilize training and improve convergence.

Experiments

Classifying materials in point clouds requires a different
approach than identifying large-scale structures. While ge-
ometric patterns suffice for large objects, materials often



share geometry, making small textural details and radio-
metric information critical. To quantify feature relevance,
we trained the our proposed fine grarined feature extractor
(FGE) model with all features and used average integrated
gradients for sensitivity analysis (Figure 4). While using
the raw gradients is a common method for sensitivity anal-
ysis in linear models, they can miss important relationships
in more complex models such as artificial neural networks.
Instead, approximating the integral of the gradients along
straight a path between a zero-vector and the input feature
vector has been axiomatically proven to provide a more ro-
bust measure of the true contribution of each feature (Sun-
dararajan et al., 2017).

While the sensitivity analysis highlights feature impor-
tance in a complete set it still lacks insights into the per-
formance under a constrained feature set. For this rea-
son we furthermore perform various combinations of fea-
ture sets and present them as an ablation study in tables 1
and 2.Therefore, the experiments aim to dissect the rela-
tive importance and potential redundancy among the input
components. To ensure statistical significance and elimi-
nate any variance introduced through the stochastic train-
ing process we repeat each experiment a total of 4 times
and report the mean and standard deviation of the calcu-
lated metrics.

Results
Sensitivity analysis

The result of the sensitivity analysis shows that on average
the model chose to focus primarily on laser-derived radio-
metric features such as the raw waveform and reflectance
values being closely followed by the different color chan-
nels captured by the RGB camera (figure 4). With the ex-
ception of eigenentropy most geometric features showed
to be on average less relevant. Notably, the normalized in-
tensity value (Reflectance) has a much larger significance
than the raw intensity value (Amplitude).

Ablation study

Ablation experiments (Tables 1, 2) assess contributions of
features and design choices. Exp. #0 serves as a base-
line by using only the Cartesian (XYZ) coordinates, while
exp. #1 adds color information (RGB) to quantify its effect
on classification accuracy. Subsequent experiments pro-
gressively incorporate derived radiometric features (RF-
Riegl), waveform data (FWF), and local geometric prop-
erties such as normal vectors and incidence angles to as-
sess their impact. Additionally, exp #7 investigates the ne-
cessity of using neighboring points by training the model
without neighborhood information, and exp #8 explores
the role of radiometric data by jointly excluding RF-Riegl
and FWF features.

Results from these experiments reveal several key find-
ings. The two largest contributions are attributed to the
sequential addition of color information and RF-Riegl fea-
tures by accounting for a change in mloU of approximately
+10.25% and +8.22% respectively. The addition of geo-

metric features led to an increase of 5.91%, while the 1D
convolution mechanism of processing the raw FWF con-
tributed +5.1% mloU. Furthermore, introducing the scan-
target relationship information of the incidence angles and
the distance to the laser scanner lead to additional gains of
+3.1%. Notably, the initial gains observed from including
FWEF processing in #5 could not be validated if by remov-
ing FWF from the complete feature set in #9.

Neighborhood information proved to be critical, as evi-
denced by exp. #7, where removing neighboring points
caused performance to drop to baseline levels (0.55%
mloU). This indicates that the local context provided by
neighboring points is essential for effective feature extrac-
tion. Finally, exp. #8 validated the importance of radio-
metric data (RF-Riegl and FWF) by showing a significant
drop of 14.38% mloU when both were excluded, leaving
only geometric, RGB and positional information. Overall
the findings demonstrate the complementary roles of color,
geometry, radiometric, and target-scanner features in ma-
terial classification based on small-scaled neighborhoods.

Training data volume

The impact of training data volume on model perfor-
mance was evaluated by gradually increasing the number
of point clouds used for training while keeping the vali-
dation dataset fixed. As illustrated in Figure 5, the valida-
tion mloU demonstrates a consistent upward trend as more
training data is introduced. However, the progression is
not strictly linear, with noticeable fluctuations at interme-
diate stages, likely caused by the variability in the scenes
and materials included in the dataset. For smaller train-
ing volumes (1-5 point clouds), the performance remains
relatively low and stable, indicating insufficient represen-
tation of diverse material and geometric configurations. A
sharp improvement is observed as the training data size in-
creases beyond six point clouds, suggesting that the model
benefits from encountering a broader variety of examples
that capture the high variability of real-world materials and
structures. Despite the observed improvement, the satura-
tion point has not yet been reached, as the mloU continues
to rise even at the largest dataset size (12 point clouds).

Qualitative results

Results from the FGE model are visualized in figures 6
to 12 on a chosen hard example. The individual output
probabilities show potential use as embeddings for a more
complex model but underscore the difficulty in differenti-
ating very similar materials such as asphalt and concrete.

Discussion and Result Analysis

The experiments revealed that incorporating a rich feature
set enables a simple local MLP network to achieve mod-
erate results in material classification, boosting its perfor-
mance to nearly 30% mloU. While the inclusion of raw
FWEF data benefits material classification—contributing a
5.1% increase in mloU—it is not essential, as its role can
be partly replaced by other available features (e.g., geo-
metric or online radiometric features). Nevertheless, a



Table 1: Overview of the ablation study. XYZ: Point coordinates, RGB: color channels, RF-Riegl: online radiometric features, Geom.:
geometric features, Norm: surface normals, L.Ang.: angle of incidence, Dist.: distance from scanner to target, FWF: offline
Sull-waveform processing, Neighb.: whether neighbors are processed by the network

Exp. XYZ RGB RF-Riegl Geom. Norm. ILAng. Distt FWF Neighb. mloU mAcc

#0 v v 212 £2.49 6.87 +£3.86
#1 v v v 12.37  +0.75 22.66 +0.81
#2 v v v v 2059 +0.13  33.07 +£1.22
#3 v v v v v v v 23.69 4046 3596 +1.83
#4 v v v v v v 2022 +0.77 3226 £0.62
#5 v v v v 1747 +1.12  30.17 =*1.61
#6 v v v v v v v v v 29.60 +0.76 4152 +1.27
#7 v v v v v v v v 055 £0.33 4.80 £0.65
#8 v v v v v 15.57 +0.74 25.19 +£1.06
#9 v v v v v v v v 2995 +£1.05 4290 £2.90
#10 v v v v v v 27.06 +0.33 40.70 +1.19

Table 2: Class-wise loU for the experiments defined in table 1. Unsp.: Unspecified, Asph.: Asphalt, Conc.: Concrete, Mark.: Road

markings, N.Stn.: Natural stone, Post.: Posters and billboards, Veg.: Vegetation

Exp. Unsp. Asph. Brick Cable Conc. Mark. Mesh Metal N.Stn. Post. Tree Veg.
#0 0.00 10.63  0.00 0.04 5.65 0.00 0.00 0.00 0.00 221 0.15 6.77
#1 1.39 3999  0.00 152 3372 222 6.08 0.69 0.00 1024 294  49.60
#2 792 2273  0.00 437  43.61 252 62,67 951 0.00 2480 675  62.20
#3 484 3498 0.01 310 4594 1530 57.83 3568 000 2390 622 @ 56.52
#4 7.55 4482  0.08 6.70 4272 840 17.73 3432 0.00 20.19 515 5498
#5 6.57 3447  0.01 353 4041 442 2569 1930  0.00 1936  5.07  50.78
#6 9.11 48.13 0.06 2591 48.11 18.19 6296 40.62 000 23,57 997  68.62
#7 0.00 0.93 0.00 0.00 3.89 0.00 0.00 0.00 0.00 1.74 0.00 0.02
#8 494 5130  0.00 5.16 3288  2.12 1.86 3.00 0.00 17.19 239  65.97
#9 931 4448 000 2457 4758 1828 61.81 4252  0.00 3036 1253 6793
#10 826  43.72  0.00 13.39 4530 2310 6459 2529 000 21.58 10.85 68.67

model with a complete feature set still relied heavily on
the raw waveform as indicated by high its integrated gra-
dient. This suggests that the FWF-based embeddings may
potentially capture more intricate features, that are not nec-
essary reflected by the chosen performance metrics (ac-
curacy and mloU) as they only reflect a discrete overlap
with the ground truth. While the proposed dataset of 18
point clouds offers substantial volume and annotation de-
tail varying the trained volume indicates that further gains
in performance could be achieved by incorporating addi-
tional training samples, particularly those capturing under-
represented materials or complex geometric structures.

Conclusion

This work presented a flexible and efficient model for ex-
tracting fine-grained features from small and dense neigh-
borhoods in 3D point clouds. By combining and com-
pressing geometric and radiometric information, the pro-
posed approach demonstrates promising results as a fea-
ture embedding method for subsequent use in larger deep

learning models which tend to perform better when op-
erating on moderate point cloud density and larger con-
text windows. The results underline the importance of
incorporating complementary information sources, with
the greatest contribution given by laser-derived radiomet-
ric features and color data, followed by derived geomet-
ric features and scanner-target relationships such as an-
gle of incidence. Despite these advances, several areas
for improvement remain. Firstly, the performance of the
FWF component can be optimized by designing an ex-
tractor tailored to the signal’s characteristics. Previous re-
search suggests that processing only a small subset of sam-
ples (e.g., 9 samples around the peak) could yield similar
benefits while significantly reducing computational over-
head. Future work should explore whether a more selec-
tive approach could better leverage the unique properties
of FWF data. Secondly, the current model treats all neigh-
bors equally in aggregation. Future improvements could
include attention mechanisms or weighting schemes to ad-
just neighbor importance and enhance performance. An-
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other key challenge is handling class imbalance. Lastly,
the effect of the number and density of neighbors (K7, and
Kjs) on model performance remains an open question. Fu-
ture research could focus on systematically evaluating the

Fi igufe 8: Predictions

impact of these parameters, with the goal of balancing
computational efficiency and model accuracy. Addition-
ally, experiments on larger and more diverse datasets could
help identify edge cases and further validate the model’s
generalizability. The overarching goal of this study was
not to create a perfect segmentation model but to design
a robust and versatile embedding mechanism that could
serve as a building block for hierarchical deep learning
workflows. While the mloU values remain modest, they
are a promising foundation for future improvements. By



Figure 10: p(xo = marking)

iteratively addressing the identified context window limi-
tations, the proposed approach has the potential to advance
the state of point cloud semantic segmentation.
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