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ABSTRACT

Accurate 3D surface reconstruction and change analysis relies on point clouds representing persistent solid surfaces and should neglect
very small (< laser footprint size) and temporary objects that create outliers. Terrestrial and Permanent Laser Scanning (TLS/PLS) data
often contains transient or detached points, which violate assumptions of common cloud-, mesh-, and surface-based 3D change analysis
methods. Those points cause wrong correspondences and affect change values in multi-temporal point cloud comparison. We address
this with the Scan Outlier Ratio (ScOR) filter, a LIDAR scanning and survey-aware descriptor designed to identify points unsuitable
for most point cloud-based change analysis methods. SCOR compares the measured point spacing with the expected spacing, assuming
the surface is locally planar and orthogonal to the incoming laser beam. ScCOR works with a single scan or multiple scans acquired
from the same position, enabling multi-temporal neighborhoods for filtering. Using data from natural and urban environments, we
analyze ScOR across different surfaces, neighborhood sizes, temporal neighborhoods, and compare it with the Statistical Outlier
Removal (SOR) algorithm. Results show that ScOR successfully removes non-surface points, while preserving surface information.
In our experiments, the true positive rate exceeds 95% in all but one case, while the false positive remains below 10% throughout.
With neighborhoods from subsequent and aggregated epochs, the method automatically detects and removes large temporary objects
(e.g., a person). Due to its interpretability, efficiency, and range-aware design, SCOR provides an effective pre-processing method for

automated and near real-time 3D surface change analysis with TLS/PLS.

1. Introduction

Terrestrial Laser Scanning (TLS) allows capturing highly
detailed point clouds (e.g., sub-centimeter point spacing and
accuracy) and has been widely applied for monitoring tasks of
the built and natural environment (Eitel et al., 2016). Permanently
installed TLS systems (PLS) extend this capability to mostly
autonomous and automatic monitoring from a fixed scan position
with high temporal resolution (even sub-hourly) (Lindenbergh et
al., 2025). Recently, ad hoc PLS systems used for environmental
monitoring even enable super high temporal resolution of nearly
continuous scanning and scan repetitions below 1 min (Meyer et
al., 2025). Both multi-temporal TLS and PLS capture point
clouds that are used for detecting and quantifying surface change
over time (Kharroubi et al., 2022).

Most 3D change-analysis methods working on point cloud pairs
go beyond nearest-neighbor distances and explicitly consider
local point neighborhoods to establish correspondences across
epochs (YYang and Holst, 2025). For example, M3C2 estimates
per-point distances by fitting a local plane within a spherical
neighborhood whose radius (i.e., “scale”) can be determined
automatically to maximize planarity (Lague et al., 2013). Across
methods, the main critical design choice is how these local
neighborhoods and surface representations (e.g., local plane) are
defined by the used method in order to establish correspondences
(Yang and Holst, 2025). Consequently, inputs that do not form
coherent, surface-like representations violate the underlying
assumptions of these change analysis methods and result in
wrong correspondences. Such inputs may result from small
vegetation parts, insects, rain drops, ghost points at edges, or
larger moving objects existing only in one epoch (Kharroubi et
al., 2022). Points from such objects are unsuitable for 3D surface
change analysis and must be removed before applying the

algorithm. This ensures that change is only determined between
persistent  surfaces that enable useful multi-temporal
correspondences. This is especially relevant for natural hazards
monitoring, where it is critical to detect all relevant changes
while minimizing false alarms. Due to the large number of point
clouds in PLS settings and the requirement for near real-time
processing, manual outlier removal is impractical or even
impossible. Therefore, outlier handling must be automated to
ensure consistent and timely processing across epochs and to
enable fully automated workflows (Tabernig et al., 2025a).

We define ‘outliers’ from the perspective of 3D surface change
analysis. Consequently, outliers are non-surface points that are
detached from their surroundings and not suitable as input for 3D
surface change analysis. They violate local surface constraints of
the algorithms. Furthermore, they will often not be existing or
represented similarly across multiple point cloud epochs. Unlike
points on consistent surfaces, they do not form persistent,
connected neighborhoods. These outlier points hinder the
detection of reliable correspondences between scans. After
removing a part of the points using radiometric filters (Riegl,
2019), further outlier removal of TLS and PLS data is commonly
performed with the Statistical Outlier Removal (SOR) algorithm
(Rusu et al., 2008; Kromer et al., 2017; Winiwarter et al., 2022).
However, SOR requires to set a global threshold that tends to
remove more points at a greater scanning range due to the
increased point spacing, limiting its effectiveness for strongly
range-dependent point spacings that are common for TLS and
PLS data. As a solution, we present the Scan Outlier Ratio
(ScOR) filter for outlier detection. ScOR is a LiDAR scanning-
and survey-aware metric for TLS and PLS point clouds that
evaluates neighborhood consistency in both the scanner’s angular
domain (horizontal and vertical angles) and the 3D object space.
ScOR provides a direct measure of local surface coherence that
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is inherently range-aware and easy to interpret. Points on
continuous surfaces have values near 1.0, whereas detached or
transient points approach low values close to 0.0. Through this
design and the inclusion of multi-temporal neighborhoods, SCOR
additionally and effectively differentiates stable surfaces from
isolated or temporary objects, enabling automated, survey-aware
filtering prior to 3D change analysis.

The main contributions of this paper are:

e introduction of SCOR as a novel metric for automatic
outlier removal,

e analysis of ScOR behavior across different local
neighborhood sizes and object/surface types;

o assessment of multi-temporal neighborhood capabilities;

e comparison with baseline point cloud filter (i.e., SOR) to
evaluate the robustness and interpretability of SCOR as an
operational outlier remover for 3D surface change
workflows.

2. State of the art

Point cloud outlier removal is commonly performed with fixed-
scale neighborhood filters (e.g., fixed radius, fixed number of
neighbors, fixed octree depth) and thus often global settings. The
majority of methods is working in the 3D Cartesian space (XYZ
and attributes) and does not integrate information on survey and
scanning properties. Methods mainly differ in how they define
and evaluate local neighborhoods (Park et al., 2020; Szutor and
Zichar, 2023). The Radius Outlier Removal (ROR) removes
points that have fewer than a minimum number of neighbors
within a fixed search radius. Performance depends on the chosen
radius and neighbor threshold (Park et al., 2020). In TLS and PLS
data, where Euclidean distance and thus point spacing increases
with range, fixed radii (i.e., distance thresholds) introduce a
range-dependent effect that results in an increased removal of
points at greater distances. Octree-based variants use a fixed
octree depth with the goal to improve memory and runtime
efficiency, but they share the same fixed-scale limitation (Szutor
and Zichar, 2023). The Local Outlier Factor (LOF) also assigns
each point an outlier score based on relative neighborhood
density by using a fixed search radius and is sensitive to density
variations (Breunig et al., 2000). The Statistical Outlier Removal
(SOR) algorithm computes, for each point, the mean distance to
its k- nearest neighbors and removes points whose mean distance
is unusually large relative to the global distribution (controlled
by k and a standard deviation multiplier) (Rusu et al., 2008).
Because thresholds are computed based on the overall point
cloud spacing, effectiveness depends on the assumption of
homogenous point spacing. SOR is available in CloudCompare
(Girardeau-Montaut, 2025) and is widely used to remove outliers
in TLS and PLS change analysis studies (Kromer et al., 2017;
Winiwarter et al., 2022). Further approaches use Delaunay
triangulations or occupancy grids to remove non-surface points
(Kang et al., 2014; Schauer and Nchter, 2018). In automotive
applications, a key task is the removal of snow, rain, and transient
objects (Heinzler et al., 2019; Park et al., 2020). Both range
image and point cloud-based strategies have been developed for
these tasks, often using additional cues such as signal intensity,
echo width or the number of returns. However, these methods do
not account for local surface assumptions and are not designed
for pre-filtering for 3D surface-change analysis. The Echo Ratio
(ER) is the method that is the most similar to SCOR. ER measures
local transparency/roughness as the ratio of returns in a search
sphere to those in a vertical cylinder of the same radius (Hofle et
al., 2009). Like ScOR, it compares 2D and 3D neighborhoods
and is highly useful for airborne and UAV laser scanning data,
for which it was developed. It differs by using a fixed search

distance, a vertical search cylinder, and a ratio of point counts per
neighborhood, which makes it less suitable for TLS/PLS
datasets.

3. Methods

Our method builds on the theoretical consideration that points on
continuous terrain surfaces tend to form locally consistent
neighborhoods in the scanning grid, whereas outliers do not.
Accordingly, we define the Scan Outlier Ratio (ScOR) to
quantify local consistency relative to an idealized surface
(Fig. 1). In this study, we assume a local plane surface
perpendicular to the beam direction as our reference surface,
which is a suitable choice for point cloud-based change
algorithms relying on local surface and normal estimates, such as
M3C2, and also registration methods, such as ICP.

3D view

Scanner perspective

® = Search point == = Expected distance
® = NN in scan pattern == = Observed distance

Figure 1. Side-by-side comparison of the expected 3D distance
(orange line) from the scanner perspective (a) and the observed
3D distance (blue line) in object space (b). NN = nearest
neighbor in scan angle domain.

3.1 Scan Outlier Ratio (SCOR) definition

The standard version of SCOR describes to what degree, between
0.0 (low) to 1.0 (high) a captured point cloud locally corresponds
to the one that would be captured (i.e., expected point cloud) with
the same scan settings on an idealized locally planar orthogonal
surface at the respective distance. We further assume that the
local surface exceeds the LiDAR footprint size (i.e., extended
target) and the local point spacing by a multiple. To compute it,
we assume a regular angular scan grid, i.e., laser measurements
acquired with equal angular step widths in horizontal () and
vertical scan angle (0). The standard version of SCOR assumes
equal angular step widths and an orthogonal plane as the
reference surface, but it can be adapted for use with different scan
patterns and reference surfaces. For each point, we compute its
angular position (o, 0) relative to the scanner. Dividing these
angles by the known scan resolutions (A, A8) and rounding to
the nearest integers gives discrete grid indices that identify the
corresponding row and column in the scan pattern.
Neighborhoods are then defined in this scan grid. In the simplest
case, we use the four immediate neighbors. One step above and
below in 6 (with fixed ¢) and one step left and right in ¢ (with
fixed 6). Larger neighborhoods can be obtained by increasing the
offset (e.g., *2 instead of +1), which considers a broader
surrounding at the cost of spatial detail. Due to our focus on
terrain surfaces, we restrict neighborhood construction around
last and single-return points. In vegetation or other complex
environments, intermediate returns may belong to canopy layers
or transient structures and would disturb neighborhood
consistency (Jaboyedoff et al., 2012; Heinzler et al., 2019). For
an ideal surface perpendicular to the incoming beam at the point
of interest, the expected neighbor spacing in object space (i.e.,
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3D Euclidean distance) arises from the given scan geometry.
Specifically, for a point with range r and a chosen neighborhood
offset k, the expected 3D distance d,, to each of the four
neighbors (as defined in Fig. 1) is

dexp = 7 - tan(k - Aa), 1)

where Aa is the angular scan resolution. We compare the
expected distance with the measurements by retrieving each
neighbor’s coordinates and computing its 3D Euclidean distance
to the central point (Fig. 1). The mean values of the observed
distances d, s and the mean of expected distances c?exp are then
computed and compared, providing an empirical measure of
neighborhood consistency in object space. We then define the
Scan Outlier Ratio for a point as

. dex
SCOR = min (1, aob’:), o)
where d,, is the mean of the observed distances and c?exp is the
mean of expected distances. SCOR values near 1.0 indicate
locally consistent neighborhoods oriented orthogonally to the
incident beam, whereas values near 0.0 highlight detached or
isolated points (e.g., bees, birds, moving vegetation) that we
classify as outliers. Values greater than 1.0 can occur due to
deviations from an ideal grid caused by the non-deterministic
nature of LIDAR sampling. When sampling at a fixed resolution,
the actual grid is not perfectly uniform because of angular
deviations and beam-target interaction effects. This leads to cases
where expected distances exceed the observed ones, resulting in
ScOR>1.0. Such areas are not the focus of further analysis, and
all ScOR greater than 1.0 are set to 1.0 (Eq. 2).

Using an angular discretization equal to the scanner’s native
sampling can introduce aliasing that becomes apparent in
subsequent processing stages. To prevent aliasing, we
oversample the angular grid following the Nyquist-Shannon
sampling criterion (Nyquist, 1928; Shannon, 1949), ensuring that
the discretization exceeds twice the scanner’s angular resolution.
In practice, we multiply the scan resolution by two and add a
small value corresponding to the angular accuracy of the
measuring device. This satisfies the sampling criterion and
provides a conservative safety margin. All subsequent
computations are performed using the oversampled angular grid
to index the discrete cells.

3.2 Experiments on surface-specific SCOR behavior

To investigate the changes of SCOR across different surface types
and geometries, we present the spatial distribution of ScOR and
corresponding histograms for each case. For this purpose, we use
PLS data of (a) a rockfall study site (Czerwonka-Schroder et al.,
2025) and (b) an urban environment. We apply a reflectance filter
to remove points with very low (<-25 dB) or excessively high
reflectance values (>5 dB), which often correspond to dust, haze,
or artificial targets (Riegl, 2019; Wittke et al., 2024). We use the
radiometric filter because our method is designed to work
alongside reflectance-based filters, rather than replacing them.
For the rockfall study site, we analyze a subset of the time series
comprising 24 hours of hourly measurements (24 epochs). For
the urban area, we use a time series spanning 48 minutes, with
data collected every two minutes (24 epochs). At the rockfall site,
we focus on two specific areas. The first is a small patch of the
outcrop containing holes, edges, and rock faces with different
orientations (Fig. 2a). This patch is of particular interest because
it includes all critical surface types commonly analyzed in
rockfall studies, allowing us to examine how ScOR behaves in

these areas. The second area consists of a tree, which is of interest
because it consists of thick trunks and branches of different sizes,
and a lot of leaves (Fig. 2b). Here, we want to assess how these
differences in structure and size are represented by ScOR and,
accordingly, if we are able to remove the small vegetation parts.

Figure 2. The four areas used to investigate SCOR behavior. The
selected areas include the rock outcrop (a), a tree (b), a person
(c), and a paved floor (d). The first column shows each area
from the rock outcrop dataset, while the second column shows
each area from the urban dataset. Colored by intensity.

In the urban environment, we focus on two patches. One contains
a person (Fig.2c) and another consists of a paved ground
(Fig. 2d). The patch containing the person is selected for two
reasons. Firstly, it exhibits numerous point cloud ghosting effects
at edges and isolated points. Secondly, while the person itself
represents a stable surface within a single epoch, it also
represents a temporary object in the overall time series. This
makes this patch especially interesting for studying how ScOR
can be used in cases of temporary occlusions and for the removal
of large dynamic objects that are not present in every epoch.
Another interesting element is the paved ground, considering that
ScOR is designed to produce the highest values for planar
surfaces oriented orthogonally to the scanner. Although the
paved surface is mostly planar, its orientation deviates
substantially from this ideal configuration. Nevertheless, planes
with incidence angles smaller than 90° often occur in areas
relevant for surface change analysis, since TLS often involves
looking at slanted angles to ground surfaces. Considering this, we
select the paved ground as the second patch in the urban area to
illustrate  ScOR behavior at small incidence angles. To
investigate the impact of neighborhood size on ScOR, we vary
the angular step widths. Using the same areas as before, we
compute ScOR with neighborhoods constructed using step
widths two to three times larger than the baseline. This allows us
to assess whether larger neighborhoods detect outlier clusters that
appear to be locally connected at spatially detailed scales.

3.3 Multi-temporal neighborhoods for PLS setups

So far, SCOR has been introduced for computation within a single
epoch. For point cloud time series where all epochs are acquired
from the same scan position, as is typically the case in PLS,
surfaces observed across multiple epochs can provide
information that is not accessible in single-epoch analyses,
including the detection of large moving objects that cause
temporary occlusions (Schachtschneider et al., 2017). In standard
ScOR application, points from a single epoch are used as search
points and as neighbor candidates. We extend the method to
allow the use of multi-temporal neighborhoods. In this
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configuration, one epoch is defined as the reference epoch for
which ScOR is computed. With multi-temporal neighborhoods,
the points considered for neighborhood construction are then
replaced by points acquired from other epochs (Fig. 3). For each
point of the reference epoch, ScOR is then computed using a
neighborhood derived from another epoch. We further
distinguish two approaches for multi-temporal neighborhoods.

The first approach uses a single epoch that differs from the
reference epoch used for the search points. The selected epoch
may precede or follow the reference epoch in time, and the time
passed between the two epochs is freely defined. This approach
is sensitive to temporal differences between the selected epoch
and the reference epoch. To examine this effect, we compute a
time series where the reference epoch is fixed and ScOR is
evaluated using multi-temporal neighborhoods for each epoch of
the time series, including the search epoch (standard
configuration). This allows us to investigate whether the
neighborhood characteristics of surface patches of the reference
epoch vary over time.

Multi-temporal

neighborhoods
Search Neighbor Epoch 2, 0r 3, .., orn. ]
; candidate
points .
points

Epoch 1,and 2, ..., and n. ]

Compute ScOR

Figure 3. lllustration of the standard SCOR computation and its
extension using multi-temporal neighborhoods. The example
shows epoch 1 as the reference, but the temporal order of the
epochs used for search points and the number of aggregated
epochs can be chosen freely. Multi-temporal neighborhoods
separated by “or” indicate that points are taken from a single

other epoch as neighborhood candidates, whereas “and”
indicates two or more freely selectable epochs that are
aggregated and used as neighborhood candidates.

The second approach employs multi-temporal neighborhoods
composed of two or more temporally aggregated epochs, which
may or may not include the reference epoch (Tabernig et al.,
2025b). The number of aggregated epochs and the inclusion of
the reference epoch in neighborhood queries are freely adjustable
parameters. This approach is expected to be less sensitive to
temporal variations between individual epochs and likely to
introduce an averaging effect by assigning an equal weight to all
aggregated epochs. In this study, we focus on temporally
aggregated neighborhoods that include the search epoch. For this
purpose, we compute nine different levels of aggregation (LoA)
ranging from one to nine, where LoA defines the number of
epochs merged into a single point cloud (Tabernig et al., 2025b).
LoA 1 in this case is the non-aggregated standard configuration.

3.4 Range-dependent filtering of detached point clusters

Given that our goal is to demonstrate the capability of ScOR for
outlier removal at single scan positions, we compare it to the
Statistical Outlier Removal (SOR) method. We consider both
overall performance and range dependent performance, where
performance is measured as the potential to detect outliers while
retaining surface points. For the specific case of detached or
floating points from single scan positions, we use a manually
annotated single scan position point cloud acquired in an alpine
environment. This point cloud is used as an example of a

challenging dataset. Even after radiometric filtering, it contains
many detached floating points and clusters at ranges up to 45 m.
Each point is labeled as outlier or inlier: True positives (TP) are
correctly detected outliers, false positives (FP) are surface points
incorrectly detected as outliers, false negatives (FN) are outliers
not detected, and true negatives (TN) are surface points correctly
retained. To assess performance at different ranges of SOR and
ScOR, we group points into 5 m bins from 0 to 45 m, covering
the region containing outliers. For SOR, we vary the number of
neighbors k € {3,6,12,24,48,96} and the standard deviation
multiplier € {0.5,1.0,1.5,2.0,2.5}. ScOR offers a continuous
threshold between 0.0 and 1.0. We move the threshold in small
increments of 0.01, compute overall Youden’s J (TP Rate minus
FP Rate) for each value, and select the threshold that maximizes
Youden’s J. Points with a SCOR value below this threshold are
classified as outliers. We then compare the outlier removal
performance of each SOR parameter combination to the selected
ScOR threshold across range bins, giving insights to the stability
of ScOR across different distances and for comparison with SOR
performance. For this, we show hoth the true positive rate (TPR)
and the false positive rate (FPR) per range bin of all parameter
combinations of SOR and for the determined threshold for the
ScOR. To further investigate the point cloud differences, we
select an SOR parameter combination that performs near the
average in both TPR and FPR. This allows us to compare the
types of points removed by ScOR and SOR. We choose an
average-performing configuration because SOR parameters
involve a strong trade-off between TPR and FNR. Hereby, we do
not aim to identify the method that is better or worse overall.
Using this configuration, we aim to enhance the understanding of
which outliers are removed by each of the two methods,
including isolated floating points, small clusters, and other
detached points.
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Figure 4. Comparison of true positive rate (TPR) and false
positive rate (FPR) across different ranges for all SOR
parameter combinations and for SCOR using a threshold of 0.11.
Results are based on a single scan position acquired in an alpine
environment containing numerous outliers.

4. Results
4.1 Range-dependent filtering of detached point clusters

Using Youden’s J, a ScOR threshold of 0.11 was determined to
be suitable for removing floating and detached points. This
threshold is applied in all subsequent analyses. As shown in
Fig. 4, both the TPR and FPR of ScOR remain stable across
distance ranges, with only a slight decrease in performance at
close range. In contrast, no parameter combination for SOR
achieves both a high TPR and a low FPR simultaneously. These
findings are consistent with the spatial comparison in Fig. 5,
where neither SCOR nor SOR fully remove all points located near
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the center. From this perspective, it becomes evident that at larger
ranges, SCOR removes fewer non-outlier points than SOR, as
also shown in Fig. 4. In Fig. 5 it only visually appears as if at
close range SOR outperforms ScOR in terms of outlier removal.
Closer visual inspection makes it apparent that SOR is primarily
more effective at removing single isolated points, but cannot
remove small, detached clusters. Such clusters commonly occur
in the presence of insects or similar transient objects. This results
in an overall lower performance of every parameter combination
used for SOR compared to a single ScOR threshold, as shown in
Fig. 4.

Reference

ScOR>=0.11 |

Inlier @ Removed inlier K1 Scan position
Outlier @ Remaining outlier

Figure 5. Spatial comparison of SOR and ScOR results using
ScOR filtering with a threshold of 0.11 and SOR with k=12 and
a standard deviation multiplier of 2.0. The selected SOR
configuration represents a parameter set that performs well
across different ranges. The shown area is from a single scan
position acquired in an alpine environment containing numerous
outliers.

4.2 Surface-specific SCOR behavior

The spatial distribution of SCOR across different surface types
(Fig. 6) and the corresponding histograms (Fig. 7) confirm the
expected theoretical behavior. We observe that (1) homogeneous
surfaces such as paved floors exhibit highly uniform ScOR
values, whereas complex surfaces such as a person or a rock
outcrop show a broader value spread. (2) Small incidence angles,
as seen for the paved floor, result in lower ScOR values. Still, the
local neighborhoods remain sufficiently connected in the point
cloud, which maintains ScOR values well above zero, i.e.,
between 0.2 and 0.4. (3) Edges and curved regions, such as those
at the convex and concave areas in the rock outcrop and the
outline of the person, display smaller SCOR values than their flat
surroundings. (4) For the tree, which consists of a solid trunk and
branches as well as more dynamic leaves and smaller branches,
ScOR varies substantially. Linear structures with minimal
breadth, including small branches and twigs, as well as small
point clusters representing leaves, exhibit very low ScOR values
(<0.11), whereas thicker trunks and branches whose points are
more connected in the point cloud representation show higher
values. Points with SCOR above the threshold (0.11) appear to
primarily belong to well-connected surfaces. (5) Detached points
are clearly distinguishable, as their SCOR values are near zero, as
illustrated for the person in Fig. 6.

| scor | scor>=0.11 |

Intensity

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
ScOR

Figure 6. SCOR values in the four areas used to investigate
ScOR behavior. The selected areas include the rock outcrop (a),
a tree (b), a person (c), and a paved floor (d). The first column
shows each area colored by intensity, while the second and third
columns show the same areas colored by ScOR. Red points in
the second column indicate SCOR values below 0.11 and are not
displayed in the third column.

Overall, the rock outcrop and the person attain the highest SCOR
values, followed by the paved floor, whereas the tree exhibits the
lowest values, mostly just above zero due to the presence of
leaves and other small components. Increasing the neighborhood
size by two or three increments results in minor changes. The
most relevant observation is that larger neighborhoods introduce
spatial smoothing, which reduces the effect originating from
small-scale local roughness. Although ScOR increases slightly
with neighborhood size, the overall distribution remains largely
unchanged.

IX L sl

00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
ScOR (increment=1) ScOR (increment=3)

Paved floor (n=11920)
Person (n=46508)

Figure 7. Histograms of ScOR values for each investigated
surface type at increasing neighborhood sizes. Results show for
neighborhood sizes at increment 1, 2, and 3.

ScOR (increment=2)

Rock outcrop (n=4812)
Tree (n=532713)
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As the increment increases, existing trends become more distinct.
This can be seen with the paved floor, the person, and the rock
outcrop. Detached points near the person remain largely
unaffected, maintaining their detectability across all
neighborhood sizes. Bringing together insights produced so far,
we present how removing points with low ScOR values affects
the point cloud of the vineyard at the Trier study site (standard
neighborhood size and ScCOR>0.11) (Fig. 8). The main insights
can be summarized in three aspects. (1) Branches and leaves of
trees are largely removed, although some dense clusters remain.
This provides a clearer view and point cloud of the rock outcrop,
leaving mainly the slope, the rock outcrop, a few trunks, and
dense vegetation clusters in this area. (2) The vine stocks are
almost completely removed, with only a few points remaining at
the location of their intersect with the ground. This results in a
dataset composed primarily of ground points within the rockfall
deposition area. (3) The overall number of points is reduced by
55.09% (5 771565 points removed out of 10 477 434), while
points relevant to the rock fall study site are retained. This implies
that, at this stage, point clouds can already be substantially
reduced, and with it the computational cost of subsequent
processing steps.

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
ScOR

Figure 8. Comparison of Trier vineyard and rockfall outcrop
before (a) and after (b) removing points with SCOR<=0.11. The
dataset contains 10 477 434 points before filtering and
5 771 565 points after. Colored by ScOR.

4.3 Multi-temporal neighborhoods for PLS setups

As multi-temporal neighborhoods provide temporal context to
identify transient objects, we consider the behavior of each
selected area across its time series. In order to better understand
object persistence, we compute ScOR using multi-temporal
neighborhoods. The key observation is that the person’s ScCOR
immediately drops to zero when any other epoch is used for
neighborhood construction (Fig. 9). This implies that the person
was present only in a single epoch and demonstrates the
possibility of using a neighborhood from a different epoch to
identify and remove large temporary objects. For the rock
outcrop, the tree, and the paved floor, no notable changes are
observed. This indicates that the point cloud representation of
these areas and their respective neighborhoods remains
consistent across epochs. Given that increasing the Level of
Aggregation (LoA) affects the point cloud representation, we
examine its influence on ScOR for the selected surface types
(Fig. 10). The person’s median ScOR drops to zero at LoA 2,
where a multi-temporal neighborhood consisting of two epochs
is used for neighborhood construction. For any larger LoA, the
person’s SCOR remains consistently close to zero. This agrees
with the results from time series analysis (Fig. 9), which indicates

that the person was captured only in the first epoch, confirming
it as a large moving object detectable with both single-epoch and
aggregated epoch multi-temporal neighborhood approaches. For
the rock outcrop, the tree, and the paved floor, increasing the LoA
results in no distinguishable change in the median ScOR or in the
25th-75th percentile range. These observations suggest that both
single-epoch and aggregated multi-epoch neighborhoods are
suitable for identifying dynamic objects due to the strong
variation in their neighborhood representations of the person
across time.
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(25th-75th percentile shaded)
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0.0

1 3 5 7 9 11 13 15 17 19 21 23
Epoch

Paved floor ~—s— Person = —e— Rock outcrop  —e— Tree

Figure 9. Time series of median ScOR values for each
investigated surface type by using only single other epochs for
multi-temporal neighborhoods construction. Shaded regions
represent the 25th—75th percentile per surface type.

In order to better understand how ScOR responds to both small
detached points and larger temporary structures, we distinguish
three use cases: (1) the removal of detached points that do not
belong to a consistent surface (Fig. 11b), (2) the removal of a
well-represented but transient object using a single other epoch
as the multi-temporal neighborhood (Fig. 11c), and (3) the
removal of such an object using aggregated epochs for the
neighborhood (Fig. 11d). For the first use case, removal of
detached points, ghosting points are effectively eliminated using
low ScOR thresholds (<0.11), demonstrating the sensitivity of
the method to isolated, non-persistent points.
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Level of Aggregation

Paved floor ~ —e— Person —e— Rock outcrop —e— Tree

Figure 10. Variation in median ScOR values and the 25th-75th
percentiles with increasing levels of aggregation (LoA) for each
surface type.

When multi-temporal neighborhoods are used (second and third
use case), the person is easily detected, as the local context
changes from being dominated by points representing the person
itself to being composed mainly of ground points that were
occluded in the reference epoch. The comparison also shows
slightly higher values in the area where the feet touch the ground,
resulting from their spatial proximity to the persistent
neighborhood. This effect is slightly amplified in the aggregated
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multi-temporal neighborhood. The behavior arises from the
neighborhood being constructed from both the reference and
another epoch, illustrating the weighting of both epochs
compared to considering only one other epoch. This
demonstrates the ability to remove both small detached clusters
and large transient objects that do not persist across epochs.

@ b i c S

ScOR Epoch 1 ScOR >=0.11 ScOR Epoch 1 to 2 ScOR LoA 2

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
ScOR

Figure 11. Comparison of (a) the distribution of ScOR values
for the person, (b) the person after removing points with SCOR
below 0.11, (c) ScOR values computed for points from epoch 1

using multi-temporal neighborhood with points from epoch 2,

and (d) ScOR values computed for points from epoch 1 using

multi-temporal neighborhood points from temporally
aggregated epochs 1 and 2. Black points show surrounding
points taken from either a single- or multi-temporal
neighborhood.

5. Discussion

Three practical applications of ScOR can be identified. The first
involves expert-based thresholding. Following the thresholds
presented in this study, users may adjust the method according to
their objectives. Although the threshold of 0.11 performed
consistently well across three substantially different datasets, its
applicability to other data should be verified before general use.
The second application is automated threshold determination.
ScOR can be computed for an entire scene, and histogram-based
clustering can identify thresholds automatically. The third is
interactive adjustment. Thresholds can be modified using e.g., the
slider function in CloudCompare, providing an intuitive way to
balance trade-offs between outlier removal and surface
preservation. Once the threshold is determined, it can be used for
entire point cloud time series of a PLS setup.

The comparison between SOR and ScOR shows that ScOR
remains stable across varying ranges. Both methods address
different purposes. SOR is sensitive to point spacing and
therefore less suitable for single scan TLS data with points at
close to very long range, while ScOR is more robust under such
conditions. As a practical strategy, we suggest applying ScOR as
a preliminary filter before merging multiple single scan TLS
positions and applying SOR. Doing so, SCOR can be used with
very small thresholds to remove clusters of detached points in
point clouds with strongly varying point densities, allowing SOR
to handle remaining isolated points in merged point clouds where
multiple scan positions may contribute to a more equal
distribution of point densities. This sequential approach
combines their advantages and reduces the risk of removing valid
surface points.

It is important to note that in this study, outliers are defined as
points unsuitable for surface change analysis, which differs from
the definition used in other frameworks (Park et al., 2020). The
comparison therefore emphasizes that SCOR meets the specific
requirements of surface change analysis. It must be considered

that ScOR still shows moderate range dependence because larger
neighborhoods are needed at greater distances to preserve local
characteristics. For thin structures such as branches, the range
dependence is particularly evident (i.e., changing relation
between a constant object size and increasing point spacing), as
fewer valid neighbors will be available at larger scan distances.

The use of multi-temporal neighborhoods proved effective for
detecting and removing both small and large dynamic objects.
Even one additional epoch improves filtering, though sensitivity
to bi-temporal changes remains. Aggregating several epochs
creates a more stable representation of neighborhoods that
integrates all acquisitions and reduces the effects of short-term
temporal fluctuations. The removal of detached points and small
vegetation was demonstrated at the Trier study site. These results
confirm that ScOR successfully extracts the ground surface and
substantially reduces data volume by removing large parts of
vegetation. This supports the main goal of the study, which is to
prepare data for reliable 3D surface change analysis and to reduce
processing requirements in subsequent steps.

6. Conclusion

We present SCOR (Scan Outlier Ratio), a TLS- and PLS-survey
aware point cloud metric, designed as a filter for removing points
unsuitable for 3D surface change analysis in point clouds. SCOR
enables automatic reduction of point clouds to regions suitable
for establishing surface correspondences throughout point cloud
time series. This represents an important step before actual
change computation that has so far mainly been performed
manually. Our proposed method performs this step fully
automatically on a point cloud-to-point cloud basis and further
allows the use of multi-temporal neighborhoods. Future research
should focus on assessing the influence of incorporating SCOR as
a preprocessing step in established point cloud-based monitoring
setups, thereby exploring potential improvements in computation
time, the propagation and potential reduction of errors in
downstream point cloud processing, segmentation and
classification tasks. In addition, the use of multi-temporal
neighborhoods within SCOR was shown to offer the possibility to
extract small and large dynamic objects, either by isolating or by
removing them. Therefore, the method can not only remove
outliers, but also has the potential to remove background from
dynamic scenes. In summary, SCOR provides a new strategy for
preprocessing 3D point cloud time series with significant
implications for informed data reduction and the detection of
dynamic objects. The presented method will be released open-
source (https://github.com/3dgeo-heidelberg) to facilitate its
integration into existing 3D surface change analysis workflows.
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