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ABSTRACT

In this paper, we examine crosstalk effects that can arise in multi-LiDAR configurations, and we show a data-based ap-
proach to mitigate these effects. Due to the ability to acquire precise 3D data of the environment, LiDAR-based sensor
systems (sensors based on “Light Detection and Ranging”, e.g., laser scanners) increasingly find their way into various
applications, e.g. in the automotive sector. However, with an increasing number of LiDAR sensors operating within close
vicinity, the problem of potential crosstalk between these devices arises. “Crosstalk” outlines the following effect: In a
typical LiDAR-based sensor, short laser pulses are emitted into the scene and the distance between sensor and object is
derived from the time measured until an “echo” is received. In case multiple laser pulses of the same wavelength are
emitted at the same time, the detector may not be able to distinguish between correct and false matches of laser pulses and
echoes, resulting in erroneous range measurements and 3D points. During operation of our own multi-LiDAR sensor sys-
tem, we were able to observe crosstalk effects in the acquired data. Having compared different spatial filtering approaches
for the elimination of erroneous points in the 3D data, we propose a data-based spatio-temporal filtering and show its
results, which may be sufficient depending on the application. However, technical solutions are desired for future LIDAR
Sensors.
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1. INTRODUCTION

Autonomous driving is a topic of research that gets more and more important in recent years, with applications like coor-
dinating mobile robots in an automated factory, or very complex scenarios like autonomous driving in real traffic. A key
point is to guarantee the autonomous vehicles’ situational awareness. The knowledge of its own state and the states of other
traffic participants together with the knowledge of the (fixed) environment they are moving in is mandatory for an auton-
omous vehicle to follow traffic laws and avoid collisions while driving from A to B. To get reliable status data, a variety
of sensor systems are discussed to be placed in or on autonomous vehicles and infrastructure in future. The use of sensors
with time-of-flight (TOF) measurement, such as ultrasound sonar sensors for close range or RADAR sensors for far range,
is state of the art in the automotive sector to get distance information.

Due to the ability to deliver more accurate and dense range measurements independent of natural lighting conditions,
LiDAR-based sensor systems increasingly find their way into military and civilian automotive applications. In order to
provide a better data coverage, vehicles like (experimental) autonomous driving cars are even equipped with two or more
LiDAR sensors simultaneously. This fact, in itself, raises the potential of mutual interference (crosstalk) between sensors
of the same system. On the other hand, with a notable number of autonomous driving cars to be expected in future traffic
scenarios, mutual interference between their LiIDAR sensors is likely to occur. Mutual interferences may result in erroneous
range measurements and 3D points, possibly causing abrupt stopping in front of or circumnavigating an imaginary object.
Scanning LiDAR sensors can also be used to detect and track small objects, like unmanned aerial vehicles (UAVs), with
some success (Hammer et al. [1]). As critical situations involving small UAVs increased in number recently, detection
methods and countermeasures became a demanding task. Crosstalk effects can hinder the early detection of a UAV or
imitate a non-existing one.

To mitigate crosstalk effects, the acquired point clouds have to be filtered such that noise and crosstalk points are deleted
while existing small objects are kept. Having investigated spatial filtering methods, we propose our own temporal filtering
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method showing good results on sequences of LiDAR data. After a review of related literature in Section 2 and a more
detailed problem description in Section 3, the main methods for the data-based mitigation of crosstalk effects are described
in Section 4. Experiments and results are presented in Section 5, and our conclusions can be found in Section 6.

2. RELATED WORK

The problem of mutual interference was a topic in the automotive RADAR community for years (e.g., Mu et al. [2],
Goppelt et al. [3]) and still is in focus (Schipper et al. [4]). The EU project MOSARIM (More Safety for All by Radar
Interference Mitigation) examined possibilities for the correction or mitigation of RADAR interferences during the years
2010 to 2012. A short overview of the project objectives and conducted work can be found in [5]. Among the documents
emerging from MOSARIM, one particular report [6] defines several scenarios where crosstalk can occur in ordinary traffic
situations. These scenarios are not specific to RADAR but apply to all TOF sensors.

Back in 1991, Hebert and Krotkov [7] reported their experience with a specific class of LiDAR systems: amplitude-mod-
ulated continuous-wave LiDAR systems (AMCW LiDAR). Such LiDAR systems derive the range to a reflecting object
by means of the phase shift measured between the emitted signal and its reflection. In addition to the range measurement,
AMCW LIiDAR sensors can deliver a measurement of the intensity of the laser beam’s reflectance. The experiments per-
formed by Hebert and Krotkov led to the identification of four reasons for problematic effects resulting in invalid data:
scanning pattern, mixed pixels, range/intensity crosstalk, and range drift. Unlike our interpretation of crosstalk as mutual
interference between sensors, in their work the term “range/intensity crosstalk” describes the effect of range and intensity
measurements not being completely independent, as reflections with lower intensity can lead to increased range noise and
range shifts.

Kim et al. [8] analyzed the occurrence of mutual interferences between two pulsed LiDAR sensors of the same brand that
work simultaneously. Using off-the-shelf sensors (SICK LMS-511), they tested the effects of different relative placement
of the two LiDAR sensors. The experimental setup used three wood walls to surround a quadratic area where both LiDAR
sensors were placed in. For each of the examined arrangements (2 x side-by-side, front-to-front, and back-to-back), both
sensors operated for a period of 24 hours. Then, the resulting distances were compared with the correct distances (ground
truth) measured by a single sensor in a separate 4 hours run. Coloring the correct and the erroneous measurements differ-
ently, they showed the diversity of the measured distances in 2D maps. By comparing normal and interfered distance maps,
they deduced that the interferences have both temporal and spatial locality.

In recent years, the industry (sensor manufactures) became aware of the problems due to mutual interferences, as can be
seen in Velodyne’s patent [9] and Facet Technology Corporation’s LIDAR Crosstalk Elimination Licensing Program [10],
for instance. However, as long as technical solutions do not exist for currently available sensors, a data-based mitigation
of crosstalk effects could still be the preferred method of choice.

Existing methods for noise removal in point clouds are candidates to filter erroneous measurements due to crosstalk. Typ-
ically, the removal of noise is a byproduct when reconstructing surfaces from 3D point clouds. For example, operators
from the LOP family (LOP “Locally Optimal Projection” [11], WLOP “Weighted Locally Optimal Projection” [12]) allow
reconstruction of surfaces from noisy point clouds. A detailed review and comparison of filters for noise removal in 3D
point clouds is given by X.-F. Han et al. [13]. As handling of point clouds is commonly done by using software packages
like the “Point Cloud Library” (PCL, [14]), filters from this library were included in their comparison as well. In Section 4
and Section 5, we evaluate the ability to handle crosstalk effects by noise removal filters, where we use two filters that are
part of the PCL (“Radius Outlier Removal” filter and “Statistical Outlier Removal” filter [15]) and compare these to our
own method.

Usually these filters work on a single global point cloud, and only spatial conditions are considered, like the average
distance to neighboring points. However, LiDAR sensors typically generate a continuous sequence of overlapping point
clouds, e.g., a sequence of range images or a sequence of 360° scans of a rotating scanner head. Hence, there exist temporal
and spatial relationships between points of consecutive clouds. Adequate filters have to preserve both static parts and
moving objects in a sequence of clouds, while removing erroneous points caused by detector noise or crosstalk. In this
paper, we propose a spatio-temporal approach to filter a continuous sequence of point clouds by analyzing the local tem-
poral behavior of points. Although our experiments used recorded data, the proposed method is real-time capable, since it
only needs three consecutive point clouds at any time during operation.



3. PROBLEM DESCRIPTION

In general, a TOF sensor consists of at least one emitter-detector pair. The range between the sensor and an object in the
scene is measured as shown in Figure 1: After sending out a short pulse, the detector circuit waits for a reflection (“echo”)
of this pulse returning from a reflecting surface in the scene. By measuring the time between sending the pulse and receiv-
ing the echo, the distance to the reflecting surface is deduced using the propagation speed of the pulses. Knowing the
sensor’s (georeferenced) position and orientation in 3D space, the position of the corresponding 3D point can be calculated.
Together with a scanning operation, this measuring technique results in an accumulated 3D point cloud. If the scanning
operation has repetitive elements, like rectangular scan patterns or 360° rotations of a scanner head, a sequence of point
clouds is generated. In this paper, we mainly address 360° scans of rotating LIiDAR scanner heads, but the nature of the
problem and the solutions are valid for other sensor types as well.

Typical LiDAR-based sensors (e.g., laser scanners) emit short laser pulses. The reception time of the detector circuit can
be limited to an interval [tyin, tmax] With tnin > 0 and t,., Set in dependence to the expected maximum range of the
LiDAR sensor. Thus, using t,;, avoids echoes from very near objects, whereas t,,,, allows cutting off the measurement
in a certain distance in the current direction. In case multiple laser pulses of the same frequency are emitted by multiple
emitters of emitter-detector pairs of one single LIiDAR sensor or by multiple LiDAR sensors at nearly the same time, a
detector may not be able to distinguish between correct and false matches of laser pulses and echoes. If a LIDAR sensor’s
detector accepts a pulse or an echo not originating from its own emitter, this results in an erroneous range measurement
and an erroneous 3D point. We call this situation crosstalk (see Figure 1).

7
a

Figure 1: left: Basic principle of range detection by a TOF sensor system, shown by an exemplary LiDAR system; center:
direct crosstalk scenario; right: crosstalk by reflection.

If multiple rotating scanner heads are used at the same rotation direction and frequency, similar geometrical constellations
can be expected to occur within a sequence of consecutive 360° scans, yielding a couple of such erroneous 3D points in
the same cloud or consecutive clouds. The deduced location of an erroneous point depends on both the reception time and
the circumstances of the measurement. Some detectors are capable of acquiring multiple echoes, while others only record
the first return. In the examples of crosstalk shown in Figure 1, the reception time of the false pulse/echo lies in the inter-
val [tmin, tmax] Defore that of the correct measurement. This causes an erroneous point being placed between the correct
one and the sensor. However, other constellations could also lead to erroneous points, depending on the capabilities of the
detector.
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Figure 2: Examples of 3D point clouds acquired by a Velodyne HDL-64 sensor with another sensor of same type in close
vicinity. Crosstalk points are shown in blue.
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Using our own multi-LiDAR sensor system (see Section 5.1), we usually obtain notable numbers of clutter points in the
data from time to time. As these points occur quite regularly in time and are similarly located in space, they cannot be



traced back to ordinary noise. Instead, the source of these erroneous 3D points must be crosstalk effects. Figure 2 gives an
impression of this phenomenon in a building scenario (left) and in open landscape (right). It can be seen that the positions
of the crosstalk points in the open landscape are closer to the sensor than those in the building scenario. Moreover, crosstalk
points can be quite dense, making it hard to distinguish them from real scene objects like vegetation, cars etc. Figure 2 can
be seen as a preview of the proposed method and the experiments. In the next section, we describe the method(s) to separate
correctly measured 3D points and crosstalk points.

4. SOLUTION(S)

As mentioned above, we mainly address 360° rotating LIiDAR scanners, for which the data of each 360° rotation of the
scanner head can be aggregated, resulting in sequences of 3D point clouds (single scans). While noise of any kind typically
occurs evenly distributed among the data points, the occurrence of crosstalk points requires specific geometrical and tem-
poral constellations of emitted and reflected pulses between different sensors. With the majority of correctly measured 3D
points in mind, an erroneous point due to crosstalk is quite a seldom event both in space and in time. However, with modern
sensors that are capable of performing several millions of range measurements per second, even seldom events show an
effect. Spatial and/or temporal filtering approaches are candidates to filter these erroneous measurements. First, we de-
scribe two commonly used spatial filtering methods, before we propose our own spatio-temporal filtering approach.

4.1 Spatial filtering

Today’s widely used software package “Point Cloud Library” (PCL, [14]) offers standard routines and filters to handle
and manipulate 3D point clouds. In order to evaluate the capabilities of standard filtering methods for the removal of
crosstalk points, we put two outlier removal filters of the PCL to the test: “Radius Outlier Removal” and “Statistical Outlier
Removal”. Intended for the support of surface reconstruction, these filters use spatial filtering to delete noise and outliers.

“Radius Outlier Removal” filter

This filter counts the number of neighboring points within a sphere around each 3D point. The fixed radius of the spheres
is one of the filter’s parameters. The second one is a threshold value that specifies the minimum number of neighbors to
keep a point. The filter’s paradigm is to prioritize dense structures and dismiss points with less adjacent points. Using a
global radius and threshold for all points is a drawback of this filter, as points close to the sensor are denser than those in
far distance. It is nearly impossible to define an optimal parameterization of the filter for unevenly distributed points. If
the minimum number of neighbors is set to a value greater than 2, small objects like a UAV are likely to be removed due
to the few points hitting the object.

“Statistical Outlier Removal” filter

Another outlier removal filter in the PCL is the “Statistical Outlier Removal” [15], which assumes a Gaussian distribution
of the distances between the cloud’s points. For every point in the cloud the k nearest neighboring points are determined
and the average of the distances to each of its k neighbors is calculated. Then, the mean and standard deviation of all these
average distances are computed. Using a parameter a as multiplier for the standard deviation, threshold values around the
mean are set. Every point with an average distance to its k neighbors above or below the thresholds is removed.

The filter algorithm has to process each point twice: In the first run, average distances, their mean, and their standard
deviation are calculated. In the second run, noise and outliers are removed. This increases the execution time, especially
with increasing amount of points in the cloud and a large value for k (number of neighbors to be considered). The filter is
prone to be misguided by isolated points in larger distances (e.g., points belonging to small flying objects, noise, or cross-
talk points) since these raise the calculated mean and standard deviation of the average distances such that fewer points are
removed. However, a small isolated object is likely to be removed, as its average distances to the k nearest neighbors still
exceeds the mean value.

4.2 Temporal filtering

As spatial filtering approaches process each cloud of a sequence independently, they do not take temporal relations into
account that exist implicitly among consecutive clouds with overlapping content. The idea of temporal filtering is to com-
pare a cloud c; to preceding and succeeding clouds, i.e., c;_; U c;4, Or a broader subsequence. Scanned parts of the static
background or moderately moving objects are expected to be represented by similar 3D points in consecutive clouds of a
sequence. In contrast, noise or crosstalk points occur as temporally isolated events.



The comparison of an acquired point cloud to a known static background is an easy way to identify all irregular 3D points
including noise and crosstalk points. For a static LIDAR sensor, a 3D representation of the background can be created by
means of an occupancy grid (voxel grid), in which long-term stable structures emerge. The practical benefit of such a
background representation is its applicability for the detection of moving objects (e.g., persons, cars), but it can also be
used to detect noise and crosstalk points for evaluation purposes. However, a different filtering method has to be used for
dynamic scenes, for a moving sensor system, or for unknown terrain.

Proposed solution: spatio-temporal filtering of crosstalk points

For temporal filtering of crosstalk points and noise, we propose to consider only a small number of consecutive point
clouds at a time (e.g., 3), which makes this method real-time capable. When filtering point cloud c,, we simply compare it
to the clouds c¢,_, and c;,,. Given a threshold value T for maximum distances, a point p; of cloud c, is only kept if the
following condition holds:
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Each point p; of cloud c,, which does not satisfy this condition, is removed from cloud c;. The procedure and its flow chart
are illustrated in Figure 3. The threshold T specifies the maximum distance between the current point p; and any neigh-
boring points in the preceding and succeeding clouds. In this way, the filter tolerates small deviations due to the scan
pattern or moving objects in the scene.
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Figure 3: lllustration of the spatio-temporal filtering approach (left) and flow chart of the procedure (right).

This approach eliminates noise and crosstalk points, but it still allows new objects to appear or disappear in the scene (i.e.,
objects entering or leaving the field of view). Hence, its use is not limited to a non-moving sensor. Our implementation
uses a k-d tree representation of the merged point clouds c;_; and ¢, for determination of each point’s neighbors. How-
ever, even faster search operations could be performed by exploiting the known scan pattern of the laser scanners (orga-
nized point clouds).

5. EXPERIMENTS AND RESULTS
5.1 Experimental platform

At Fraunhofer 10SB, the experimental multi-sensor vehicle “MODISSA” (Mobile Distributed Situation Awareness) is
used for experiments in the contexts of automotive safety, security, and military applications. It is equipped with four
LiDAR sensors: two Velodyne HDL-64 sensors above the windshield and two Velodyne VLP-16 sensors above the rear
window. Additionally, eight CCD-cameras are placed around the roof’s edges. This arrangement of sensors allows the
coverage of the environment around the vehicle, both with LiDAR sensors and video cameras. Furthermore, a pan-tilt-
head with an IR-camera and a video camera is placed directly behind the two Velodyne HDL-64 sensors. Figure 4 (left)
shows the vehicle and its sensor arrangement. The central clock of MODISSA is provided by an inertial navigation system
(INS), which consists of GNSS receivers and an IMU. The INS allows direct georeferencing of the 3D LiDAR data.



Figure 4: IOSB’s sensor vehicle MODISSA (left), alignment of the 64 emitters of one Velodyne HDL-64 sensor (middle),
and top view of 360° scans of both VVelodyne HDL-64 sensors (right), green for the right sensor, red for the left sensor.

We only used the two Velodyne HDL-64 sensors of MODISSA for the experiments. Each one is configured to have a
rotation frequency of 10 Hz, acquiring 130,000 range measurements (3D points) per rotation with distances up to 120 m.
Each sensor has four laser emitter groups of 16 single lasers, and two detector groups of 32 single detectors. Thus, each
sensor consists of 64 emitter-detector pairs (i.e., 64 laser rangefinders), subdividing the vertical field of view of 26.8° into
64 scan lines. The laser rangefinders are misaligned to avoid crosstalk caused by the sensor itself (Figure 4 middle).

To avoid direct illumination of the detectors of one sensor by laser pulses of the other one, we placed a black panel between
the two sensors, as can be seen in the left image of Figure 4. The rotation axes of both Velodyne HDL-64 sensors have a
forward and sideward tilt angle. This arrangement of the sensors provides a high point density in front of the car, where
their fields of view overlap (Figure 4 right). In addition, this arrangement allows to measure 3D data at the facades of
buildings alongside and behind the car. Due to additional black panels and the mounting angles of the sensors, no direct
crosstalk between the Velodyne HDL-64 and the Velodyne VLP-16 sensors in the rear is possible.

5.2 Results of spatial filtering of erroneous points caused by crosstalk

In Figure 2, we showed examples for maximal crosstalk effects we discovered during operation of our multi-LiDAR system
(MODISSA). For evaluation purposes, a stationary sensor vehicle was used in the first example, and the ground-truth
classification of crosstalk points was done by background subtraction. The cloud on the left side of Figure 2 contains 1468
points that are caused by crosstalk (1.31%). For the cloud on the right side of Figure 2, 1138 points (1.53%) can be classi-
fied as crosstalk points. The automatic methods described in Section 4 were applied to the sequences of point clouds that
contain the respective 360° scans shown in Figure 2.

“Radius Outlier Removal” filter

This filter needs two parameters: the global search radius and the minimum number of neighboring points. By varying
these two parameters and counting the filtered points in both examples, a quantitative comparison of the crosstalk mitiga-
tion performance can be made. A qualitative comparison can be done by visual inspection of the resulting clouds. For a
selection of parameter values, the numbers of filtered points are given in Table 1.

Table 1: Total number of points removed in the two examples by the “Radius Outlier Removal” filter

Left cloud of Figure 2 (1468 crosstalk points) | | Right Cloud of Figure 2 (1138 crosstalk points)

Radius = 0.866 |Radius=1.0 |Radius=2.0| |Radius=0.866 |Radius=1.0 |Radius=2.0
Neighbors=1 |865 452
Neighbors =2 | 1450 1253 1153 780
Neighbors =4 |2105 1880 442 2570 1851 294
Neighbors = 6 2264 758 2881 535
Neighbors = 8 1102 782




The left side of the following Figure 5 shows the resulting point clouds for a search radius of 1.0 m and the minimum
number of neighbors set to 4. It can be seen that the crosstalk points are successfully removed if they occur in a distance
where the spacing between the points is wider than or comparable to the search radius (Figure 5a). If the crosstalk effect
leads to erroneous points close to the sensor, nearly all these points are kept. Instead, the filter removes regular scene points
in greater distances (Figure 5b).
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Figure 5: (), (b): Result of PCL’s “Radius Outlier Removal” filter with search radius set to 1.0 m and minimum number of
neighbors set to 4. (c), (d): Result of PCL’s “Statistical Outlier Removal” filter with number of neighbors set to 50 and
multiplier « set to 3.0. Filtered points are shown in blue color.

The example shown in Figure 2 (left) is a single 360° scan/frame that belongs to a sequence of 3200 of such clouds (05:20
minutes). Examining the total sequence of clouds, we can count the number of filtered points per cloud over time. Figure
6 shows the charts for the “Radius Outlier Removal” filter and the “Statistical Outlier Removal” filter. They demonstrate
a quite high basic level of point removal for all clouds and peaks where the crosstalk occurs.
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Figure 6: Number of filtered points by “Radius Outlier Removal” (left) and “Statistical Outlier Removal” (right) in a 05:20
minutes sequence of clouds.

“Statistical Outlier Removal” filter

This filter also needs two parameters: the number k of neighboring points to be considered for the statistics and the multi-
plier o for the standard deviation. By varying the two parameters k and o and counting the filtered points in both examples,
the following numbers were found (Table 2):



Table 2: Total number of points removed in the two examples by the “Statistical Outlier Removal” filter.

Left cloud of Figure 2 (1468 crosstalk points) Right cloud of Figure 2 (1138 crosstalk points)

a=1.0 a=2.0 a=3.0 a=1.0 a=2.0 a=3.0
Neighbors = 10 5686 2629 2058 6120 2319 1030
Neighbors = 20 | 5988 2740 2203 6144 2331 1017
Neighbors = 50 6510 2910 2277 6087 2440 1042
Neighbors = 80 |6926 2963 2356 5827 2398 1073

It is obvious from Figure 6 that the basic level of point removal of the “Statistical Outlier Removal” filter is even higher
than that of the “Radius Outlier Removal” filter, given the specified parameters. These parameters were set such that the
points of buildings in Figure 5c are kept. However, this setting does not remove the crosstalk points in the other example
(Figure 5d). The influence of few isolated points on the “Statistical Outlier Removal” filter can be seen in the right chart
of Figure 6: Each time when isolated crosstalk points occur, the number of filtered points even decreases, since these
isolated points in far distance have a high impact on the statistics. After that, the number of filtered points rises again,
depending on the local density of crosstalk points.

5.3 Results of temporal filtering of erroneous points caused by crosstalk
Background subtraction

In case of a stationary sensor, an easy way to identify erroneous points in a sequence of point clouds is comparing the
acquired points to the static background. In our experiments, we used a stationary sensor for evaluation purposes, and we
generated an occupancy grid of long-term stable background structures: A voxel cell in this background representation is
considered occupied if the number of points accumulated in that voxel over time always exceeds a certain threshold (e.g.,
more than 5 points per second). The average position of points accumulated in each voxel can be used as a representative
3D point. Figure 7a shows such a representation for parts of the Fraunhofer IOSB’s building and its surrounding area. The
occupancy grid with voxel size 25x25x25 cm? was generated from a sequence of 100 point clouds (10 seconds).
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Figure 7: (a) Static background, (b) number of non-background points per cloud of the sequence, (c) blue non-background
points of cloud #1560 showing a person and a car, (d) blue non-background points of cloud #2869 caused by crosstalk.



The comparison of the background representation to each point cloud of the sequence allows the detection of non-back-
ground points (background subtraction). These non-background points could either be changes due to movements in the
environment (e.g., leaves in the wind, walking people, or moving vehicles), noise, or points resulting from crosstalk effects.
The chart in Figure 7b shows the number of non-background points for each cloud of the sequence (3194 consecutive 360°
scans of one of the two Velodyne HDL-64 laser scanners). Besides a basic level of non-background points (e.g., noise),
there number increases notably and quite regularly from time to time. These peaks are caused by crosstalk points, as they
are shown in blue color in Figure 7d. The reason for their oscillating appearance is a slight difference in the rotation
frequencies of both laser scanners, leading to periodically changing geometrical constellations of one laser scanner’s emit-
ters and the other laser scanner’s detectors. The broader and more prominent peaks between cloud #1300 and cloud #1750
can be explained by a walking person and a moving car in the scene (red circle and green box in Figure 7c).

Results of the proposed method: spatio-temporal filtering of crosstalk points

We tested the aforementioned background-subtraction for evaluation purposes only, since the actual filtering method is
intended to be usable on a moving sensor carrier and in unknown terrain. Our own approach for mitigation of crosstalk
effects, as it was introduced in Section 4.2, only needs three consecutive clouds at a time to perform the temporal filtering.
With a time delay of only one 360° rotation of the scanner head, this approach can be performed synchronously with the
data acquisition.

For the experiments, the search radius T was set to 0.866. Figure 8d shows the chart of the removed points per cloud of the
sequence. The basic level of unnecessarily filtered points is definitely lower than that of the previous approaches, while
the peaks indication crosstalk effects are clearly visible. As requested, moving objects in the scene (e.g., cars, persons) are
not removed by the filter (see examples in Figure 8b), but points caused by crosstalk effects are reliably identified and
removed in both examples of Figure 2, as it can be seen in Figure 8a and Figure 8c. It is evident from Figure 8c that even
sparse ground points in greater distances are preserved.
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Figure 8: Results of spatio-temporal filtering: (a) crosstalk points detected in cloud #2869, (b) moving objects are preserved,
(c) crosstalk points are filtered, sparse ground points are kept, (d) number of filtered points per cloud in the sequence.

5.4 Possible sources of crosstalk effects

In Section 3, we described how crosstalk effects arise out of an unintended propagation of laser pulses between different
LiDAR sensors. During operation of our multi-LiDAR system MODISSA, we usually detect a notable amount of crosstalk
points occurring in quite regular time intervals. As mentioned before, the reason for this periodic behavior are slightly



different rotation frequencies of the two laser scanners. In addition, the majority of crosstalk points can typically be found
in nearly the same direction (behind the vehicle). Obviously, most crosstalk effects we observe are self-induced by
MODISSA, and the source is a reflecting object on the vehicle itself. To determine the reflecting object, we converted the
range data of single 360° scans into range images according to azimuth and elevation. Figure 9 shows such a range image
of the scene in Figure 2a, in which the gray value of each pixel represents the measured distance to the reflecting surface.
The sinusoidal shape of the range image is caused by the tilted installation of the sensor (see Figure 4a).
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Figure 9: Exemplary range image of a 360° scan of one of MODISSA’s Velodyne HDL-64 laser scanners. The data corre-
spond to the scene shown in Figure 2a. The gray levels represent distances to the sensor.

After the detection of erroneous points with the proposed method, their position in the range image indicates that the object
causing most crosstalk effects in our system is the pan-tilt-head (PTH) mounted on MODISSA’s roof (see Figure 11a).
The two laser scanners Velodyne HDL-64 and the PTH form an isosceles triangle, with a distance of about one meter of
the PTH to each of the laser scanners. Although this geometrical constellation is very specific to our sensor system, it
demonstrates that multi-LiDAR systems are prone to crosstalk effects. As long as all LiDAR sensors are part of the same
system, another simple way to remove these crosstalk points could be masking out the problematic parts of the field of
view (in our case: the sector where the PTH is located). In order to avoid crosstalk points at all, a precise control of the
rotation speed of the laser scanners could be a solution, such that geometrical constellations causing crosstalk can never
occur. However, such measures are not sufficient if some LiDAR sensors in the scene are not under own control, or if the
reflecting objects causing crosstalk are not part of the own sensor carrier.

In view of the latter case, an additional experiment was conducted to quantify the susceptibility of our multi-LiDAR system
to crosstalk caused by typical scene objects. For comparisons, we first recorded a dataset in an open field. In the second
run, three persons were standing in front of the sensor vehicle. We found crosstalk points in both recorded sequences, and
we subdivided them based on the sector they occur. As expected, most crosstalk points are caused by the PTH of MODISSA
(blue curves in Figure 10), but some crosstalk points can even be traced back to the ground surface in front of the vehicle.
With the three persons standing in that direction, these peaks get notably higher (orange curves in Figure 10).
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Figure 10: Left: Number of particular crosstalk points in an open field. Right: Same scene, but with three persons in it.

Figure 11a shows the range image of a single 360° scan in which crosstalk effects are caused by the PTH. The detected
crosstalk points are marked in red color. In the same sequence but at other times, crosstalk points occur due to scene objects
in front of the vehicle (Figure 11b).
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Figure 11: Range images of the scene with three persons in front of MODISSA. Detected crosstalk points are marked in red
color. (a) Crosstalk caused by the PTH in cloud #901, (b) crosstalk caused by persons in cloud #856.

5.5 Impact on the detection of small moving objects

The detection of mini and micro UAVs (unmanned aerial vehicles) with 360° scanning LiDAR sensors is a challenging
task due to the small size and the unpredictable and fast movement of the targets. At a medium distance range, typically
less than five points per scan hit the target. Crosstalk points and other noise have high potential to mislead any detection
methods for UAVs. Our spatio-temporal filtering approach is able to remove crosstalk points and noise while keeping
moving objects. The example on the right side of Figure 2 is taken from a sequence of point clouds, which we acquired
during a measurement campaign to investigate the potential of LiDAR sensors for the detection of UAVs [1]. A small
flying UAV was present in the scene while MODISSA was moving (red circle in Figure 12).

Figure 12: Example of a 3D point cloud acquired by one of MODISSA’s Velodyne HDL-64 laser scanners during field trials
for UAV detection. Filtered crosstalk points are marked in blue color; the UAV-related 3D points are kept (red circle).

Data recorded during this field trial consist of sequences of eight different scenarios with more than 39,000 point clouds
in total. The prosed filtering method was applied to these data as a preprocessing step for UAV detection and tracking.
Since the UAVs flew comparatively slowly in these examples, we observed no filtering of UAV-related points. However,
itis obvious that small high-speed UAVSs are likely to be filtered from the data when using the proposed method, depending
on the filter’s parameter settings, the scanning speed of the sensors, and the speed of the UAV. One area of future work
could be an investigation of these relations in a more quantitative manner.

6. CONCLUSIONS

During operation of our multi-LiDAR sensor system MODISSA, we usually observe periodically occurring mutual inter-
ferences between the laser scanners, leading to erroneous 3D points in the data. For our specific system, these periodic
crosstalk effects can be traced back to slightly varying rotation speeds of the two laser scanners and a reflecting object on
the sensor carrier itself (PTH). Nevertheless, our experiences demonstrate that multi-LiDAR systems are prone to crosstalk
effects in general.



We believe that technical improvements of LiDAR sensors will be the solution of choice for crosstalk mitigation or avoid-
ance in future. However, for sensors currently available on the market, we propose a data-based filtering method to detect
and remove crosstalk points. Software packages like the “Point Cloud Library” offer standard methods for outlier removal
by spatial filtering, but these filters tend to incomplete filtering of dense crosstalk points, while removing small objects
and sparse scene points in larger distances.

In this paper, we presented a data-based spatio-temporal filtering method for the mitigation of crosstalk effects. This ap-
proach only needs three consecutive overlapping point clouds at a time to perform the temporal filtering. With a time delay
of only one scanning cycle, this approach can be performed synchronously with the data acquisition if an efficient imple-
mentation is used. In our experiments, we applied the proposed method to LiDAR data acquired in urban terrain and in an
open field scenario. The results show that crosstalk points can be reliably detected and filtered, provided that the move-
ments of the sensor carrier and objects in the scene (cars, persons, UAVS, etc.) are slow in comparison to the scanning
speed of the LIDAR sensors.
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