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Regina Pohle-Fröhlich1,2 a, Tobias Bolten1 b, Colin Gebler1,2 c and Felix Lögler1 d
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Abstract: To investigate the factors influencing insect behaviour, a monitoring system is needed that can automatically
record insect activity and environmental conditions over extended periods. For this purpose, a stereo setup
with two event cameras to capture the flight paths of insects is used. In this paper, the visualization of these
flight trajectories within the context of their environment is focused on. The processing steps required to au-
tomatically detect reference markers in both the event data and the corresponding RGB video frames captured
by a smartphone camera are described. A coloured point cloud of the environment is reconstructed from the
video data using Structure-from-Motion and is aligned with the recorded insect flight paths. This enables
novel insights into insect–flower interactions by integrating environmental context into event data visualisa-
tion, allowing analyses such as tracking the sequence of an individual insect’s flower visits or quantifying the
number of visitors to a single flower within a given time frame.

1 INTRODUCTION

In recent years, insect biomass and biodiversity have
declined markedly on a global scale. This decline is
driven by multiple factors, including climate change,
intensified agriculture, the spread of invasive species
through globalisation and travel, as well as rising at-
mospheric CO2 levels (Saleh et al., 2024). Insects
play crucial ecological roles as prey for other ani-
mals, as natural enemies in biological pest control,
and as pollinators of around 90% of flowering plants.
Therefore, it is essential to identify and understand the
stressors that have triggered this development (Land-
mann et al., 2023). Equally important is the establish-
ment of robust methodologies for assessing the effec-
tiveness of protective measures. It is evident that a
considerable number of relationships between insects
and their interaction with the environment remain un-
explored. To address this gap, a range of monitor-
ing techniques is used (Van Klink et al., 2024). Man-
ual observations, such as counting floral visitors, con-
tinue to be widely used, but they are time-consuming,
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poorly reproducible, and limited to small spatial and
temporal windows. Automated optical and acous-
tic methods offer promising alternatives. We exam-
ined the limitations of manual observation using eye-
tracking glasses in comparison with automatic optical
monitoring, and these findings will be discussed in
more detail in Section 4.1.

Conventional RGB cameras employed to inves-
tigate insect–environment interactions can, in prac-
tice, only observe a limited field of view. As with
manual assessments, the reliable detection of small,
fast-moving insects is constrained by motion blur
and the visual complexity of natural backgrounds.
Acoustic monitoring techniques also have their lim-
itations, as they do not inherently permit spatial map-
ping and are highly susceptible to interference from
background noise, particularly in environments with
traffic. For this reason, the use of event cameras
for insect monitoring has been investigated in recent
years (Gebauer et al., 2024; Pohle-Fröhlich et al.,
2024; Pohle-Fröhlich et al., 2025; Arning et al., 2025;
Pohle-Fröhlich and Bolten, 2023). Such cameras op-
erate on a fundamentally different sensing principle
compared to conventional frame-based imaging sys-
tems (Gallego et al., 2022).

Rather than capturing images at fixed frame rates,
they consist of independently operating pixels that
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Figure 1: RGB- and Event-Camera setup used for calibra-
tion and measurement. The green curve represents the range
of motion of the smartphone camera.

asynchronously report changes in local brightness.
When the change at a pixel exceeds a defined thresh-
old, an event is generated and encoded as a tuple
{(x,y), t, p}, where (x,y) is the pixel location, t is the
timestamp (with microsecond precision), and p indi-
cates the polarity of the brightness change. This re-
sults in a data stream that is sparse and driven by the
dynamics of the scene, with no redundant information
from static backgrounds. The extremely high tempo-
ral resolution make event cameras particularly well-
suited for observing fast and irregular motion, such as
the flight of small insects.

However, a drawback of event cameras lies in the
difficulty of interpretation by domain experts, since
static elements of the scene, such as the position of
flowers in the absence of wind, are not included in the
recorded data. This paper aims to address this gap in
the literature by proposing a processing approach that
integrates event and RGB data for 3D visualization of
insect trajectories. The most significant contributions
are the extraction of markers in both the point cloud
recorded with an event camera and the point cloud
generated with Structure-from-Motion (SfM) for en-
vironment representation. Additionally, the method
used to calculate depth for the segmented insect flight
paths is presented. Finally, we demonstrate the new
evaluation possibilities resulting from our representa-
tion method.

2 RELATED WORK

First, we introduce the fundamental measurement
setup to provide context for the related work dis-
cussed in this section.

A stereo event-based camera setup is used to cap-
ture insect flight trajectories. The system consists of
two SENSING SE1-S4-USB event cameras, which
use the SONY IMX646 event-based image sensor,
each with a resolution of 1280×720 pixels, mounted

Figure 2: Part of a labeled 3D flight curve over a meadow.
The depth was calculated using block matching for a 60 ms
projection window. The blue trajectory clearly shows uni-
form calculated depth values per pixel throughout the entire
time window.

on a tripod with their field of view (FoV) directed to-
ward the target measurement area. This area spans
several square meters and remains fixed throughout
each recording session. In addition, RGB images
of the scene are captured from various viewpoints
using a video from a standard smartphone camera.
These images are subsequently used to reconstruct
a 3D model of the measurement environment via a
Structure-from-Motion pipeline.

A schematic overview of this recording setup is
provided in Figure 1. This setup was chosen because
a combination of only one event camera and a RGB
camera, as used in (Gebauer et al., 2024), does not
allow depth estimation for small insects such as wild
bees, since they are not present in the RGB data.

2.1 Event-based Vision Domain: Depth
Estimation

Stereo event-based camera setups, such as the one
used in this work, follow a classical hardware config-
uration that enables depth estimation through spatial
disparity. Such systems have been adopted in a broad
range of application scenarios, including autonomous
driving and robotics.

A recent survey (Ghosh and Gallego, 2025) pro-
vides a structured overview of stereo depth estima-
tion techniques based on event data, including image-
reconstruction, time-correlation, and learning-based
approaches. Due to the extremely high flight speeds
of insects, encoding events in time-surface1 image
data over short intervals (e.g., 60 ms) for block match-
ing (Konolige, 1998) often results in fragmented flight
trajectories, as illustrated in Figure 2. This limita-
tion arises because correlation-based standard meth-
ods, such as block matching, compute only a single
depth value per projected pixel. While using smaller,

1https://docs.prophesee.ai/stable/tutorials/ml/
data processing/event preprocessing python legacy.
html#time-surface
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Figure 3: Point cloud of the scene generated with Agisoft
Metashape Pro.

overlapping time windows could mitigate this issue, it
would also greatly increase computational complex-
ity.

Similarly, it is also unreliable to depend solely on
timestamp correlation (Rogister et al., 2012). When
strong plant movements generate a large number of
simultaneous events, the limited capacity of the sen-
sor’s output bus introduces timestamp delays, leading
to relative misalignment even between otherwise syn-
chronized cameras.

Finally, the third approach commonly discussed
in the literature, using learning-based methods, e.g.
(Cho and Yoon, 2022; Chen et al., 2024), is also im-
practical due to the lack of suitable training data. To-
gether, these challenges highlight the limitations of
conventional and learning-based approaches for accu-
rately capturing high-speed insect flight. Therefore,
in Section 3.1.2, we present an approach that is di-
rectly designed to determining depth in insect flight
paths.

2.2 Frame-based RGB Vision Domain:
Structure-from-Motion

Structure-from-Motion is a well-established tech-
nique for reconstructing 3D scene geometry from
multiple overlapping 2D images (Özyeşil et al.,
2017). In this work, videos of the measurement area
are recorded, and RGB images from various view-
points are extracted from them, enabling the gener-
ation of a detailed 3D point cloud.

For the reconstruction process, various open-
source software packages (e.g. OpenDroneMap2, Vi-

2https://www.opendronemap.org/

Figure 4: Point cloud of the scene generated with
COLMAP.

sualSfM3, COLMAP4, and OpenMVG5) as well as
commercial software (e.g. Agisoft Metashape Pro6)
can be used. Some of these packages did not produce
usable results in our tests because the reconstructed
point cloud broke up into many non-matching models
due to slight wind movement of the plants. However,
Agisoft Metashape Pro and COLMAP produced high-
quality results (see Figure 3 and Figure 4). We used
Agisoft Metashape Pro for our example implementa-
tion because it showed slightly fewer disturbances in
the output (see the incorrect blue structures between
the white and yellow box in the point cloud generated
with COLMAP).

2.3 Visualization & Registration

The integration of monitoring data into a 3D model
enables effective visualization and opens up new pos-
sibilities for meaningful interpretation and analysis.
Such approaches are frequently applied in urban de-
velopment, for instance by embedding building mod-
els within SfM data (Iheaturu et al., 2022). Another
promising field of application is the visualization of
designated air corridors for drone operations (Kamal
et al., 2020). Finally, 3D representations are increas-
ingly used for the visual exploration and analysis of
climate networks (Nocke et al., 2015).

If the data to be visualized, such as the extracted
insect monitoring results and the 3D point clouds
generated with SfM in our case, originate from fun-
damentally different paradigms and data sources, an

3http://ccwu.me/vsfm/
4https://colmap.github.io/
5https://github.com/openMVG/openMVG
6https://www.agisoft.com/
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Figure 5: Active LED-Marker used for calibration.

alignment step is required, commonly referred to as
registration.

While fully automated registration methods exist,
such as the recent learning-based approach in (Lin
et al., 2023), our work opts for the use of physical
markers placed within the measurement scene. This
approach offers straightforward integration into the
monitoring process during an initial calibration phase
and ensures high-precision alignment.

A comprehensive overview of marker systems
for event-based vision is provided in (Tofighi et al.,
2025). For instance, active LED markers have been
successfully employed for low-latency and real-time
tracking (Censi et al., 2013; Ebmer et al., 2024).

Instead of combining blinking patterns with 2D
marker patterns as proposed in (Kitade et al., 2024),
we utilize another hybrid approach: blink patterns
detected by the event camera paired with color and
shape cues identified in the RGB domain, which fa-
cilitates detection in both the event data and the SfM-
generated point cloud.

3 DATA PROCESSING PIPELINE
FOR VISUALIZATION

The physical markers used in the measurement setup
consist of 3D-printed, monochromatic enclosures
measuring 12 × 12 × 5 cm. Each marker integrates
four flush-mounted LED rings on its front face. These
rings are equipped with 24, 16, 12, and 7 WS2812
LEDs, arranged concentrically from the outer to the
inner ring. Figure 5 illustrates the marker design used
in this study.

The following sections describe the processing
steps required to generate the desired visualiza-
tions. A comprehensive representation of the com-
plete workflow is provided in Figure 6.

For reproducibility, a reference implementation
covering the configuration, detection, and extraction
of the LED-marker reference points is available on-
line7.

7https://gitlab.com/hsnr-insect/dvs blink marker

Table 1: Timing parameters of active LED-Markers (values
are given in milliseconds).

Marker
Color

Cycle Time Ring
DelayON / OFF ON-to-ON

RED 268.5 537 55
BLUE 333.5 667 70
YELLOW 441.5 883 85
WHITE 551.5 1103 100

3.1 Event-based Vision Domain

3.1.1 Active LED Marker

Configuration: As the scene remains static dur-
ing calibration, except for the markers themselves,
high-frequency blinking patterns at kilohertz-level are
unnecessary. The marker system was therefore de-
signed to operate at lower update rates using a stan-
dard Arduino-based microcontroller and compara-
tively slow WS2812 LEDs, which operate with lim-
ited update rates due to their serial control protocol.

The implemented blinking patterns follow a
bullseye-inspired configuration, with each ring oper-
ating independently. The blinking sequence initiates
at the outermost ring and progresses inward toward
the center, creating a dynamic animation that empha-
sizes the concentric structure of the marker. To im-
prove temporal separability in the recorded event data,
adjacent LED rings were programmed to avoid simul-
taneous transitions between ON and OFF states. Each
marker was assigned a unique blinking cycle, charac-
terized by (a) the total cycle duration (from one ON
transition to the next ON transition of the same ring),
and (b) the delay between the activations of adjacent
rings within the same marker.

The timing parameters used for each marker are
summarized in Table 1.

Detection: The recorded event stream includes
events not originating from the active marker system,
even when the event cameras are mounted on a static
tripod. In addition to potential scene disturbances
such as minor plant or insect motion during calibra-
tion, the raw output of event-based sensors typically
contains background activity caused by sensor noise
rather than actual luminance changes in the scene (see
Figure 7a). To ensure robust marker detection, the
first processing step involves a spatio-temporal filter-
ing of the event stream.

The event data is first filtered by polarity. Only
events with positive polarity (p = 1) are retained, as
these correspond to positive contrast changes from
darker to brighter image regions and are associated
with the ON transitions of the LED blinking pattern.

https://gitlab.com/hsnr-insect/dvs_blink_marker
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Figure 6: Processing workflow.
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Figure 7: Triggered Events (shown are 800 ms).

For each retained event, a local spatio-temporal den-
sity check is applied. Events are preserved only if at
least six other supporting events occur within their 8-
connected spatial neighborhood and within a tempo-
ral window of 0.5 ms. This filtering step preserves co-
herent clusters related to LED activations while sup-
pressing isolated noise and non-marker activity (com-
pare to Figure 7b).

For the remaining event stream, a timestamp
buffer is constructed and updated during the process-
ing of each filtered event. This buffer records only
the timestamp of the most recent event at each spa-
tial location. By evaluating the temporal differences
between consecutive events in this timestamp buffer
and comparing them to the configured ON-to-ON cy-
cle durations of the LED markers, a unique marker
assignment is established. The temporal coding is
sufficiently robust that explicit consideration of the
configured inter-ring delays has not been necessary.
For events successfully assigned to a marker, ellipses
are fitted to the corresponding event sets in the two-
dimensional xy-projection (see Figure 7c). This al-
lows reliable estimation of the marker center positions
with respect to the individual FoV of each sensor.

3.1.2 Camera Calibration & Depth Estimation

Calibration: Accurate stereo calibration of the
cameras is essential for extracting depth information

Figure 8: Example of a projection image of events within
1024 milliseconds from the left camera (left), the right cam-
era (center), and the result with all projected events trig-
gered by both cameras.

from two stereo images. During this process, the in-
trinsic and extrinsic parameters of both cameras are
estimated. Our applied calibration procedure utilizes
a checkerboard pattern that is moved in a controlled
manner in front of the cameras. From the recorded
event streams, a grayscale video is reconstructed us-
ing a neural network (Muglikar et al., 2021). Based
on this reconstructed video, the actual calibration is
performed using MATLAB and OpenCV calibration
functions, enabling the precise determination of the
intrinsic and extrinsic parameters of the stereo setup.

Depth-Estimation and Log-Scale: The derived
camera matrices are used to rectify the x and y co-
ordinates in the segmented xyt point clouds from
the left and right cameras and to align the result-
ing event streams along the y-axis. This geometric
alignment significantly simplifies the subsequent cor-
respondence search between individual events. To be-
gin processing, the events from the two point clouds
are projected sequentially into two separate yt images,
using a time window of 1024 ms for t. These projec-
tion images are then analyzed for overlapping points,
which are considered candidates for corresponding
points (see Figure Figure 8).

If a unique pair of candidates is found, it is di-
rectly used for the depth computation. If multiple po-
tential correspondences exist, an xt-representation of
a 19 × 19 neighborhood around each candidate point
is generated. The similarity between points is then



(a) Standard transformation (following Equation (1)) (b) Logarithmic transformation (following Equation (3))

Figure 9: 3D point cloud after segmentation and integrated depth calculation (colors corresponds to different points in time).

evaluated based on the number of overlapping pix-
els in these regions. When several possible combi-
nations occur, for instance, two potential points in the
left camera and four in the right camera (resulting in a
maximum of two possible pairings), the combination
with the highest similarity is selected. If the calcu-
lated similarity exceeds a predefined threshold (in our
application, a value corresponding to five overlaps),
the associated point pairs are accepted for depth com-
putation. Figure 9a shows the result for a sample point
cloud in 3D.

When using standard stereo geometry, the calcu-
lated depth value z depends on the disparity d, the
focal length of the camera f and the distance between
the cameras b as follows

z =
f ·b
d

(1)

In our case, b is 12.5 cm. Depending on the distance
between the insect and the camera, a disparity differ-
ence of one pixel has a different effect on the calcu-
lated depth value. This change can be calculated using

∆z =
f ·b

d · (d +1)
(2)

In our setup, a disparity of 300 pixels corresponds to
a distance of approximately 43cm from the camera.
In this case, a change in disparity of one pixel causes
a change in the depth value of 1.42mm. With a dis-
parity of 64 pixels, corresponding to a depth value of
approximately 2m, a change of one pixel affects the
depth value by approximately 3.1cm. At a camera
distance of 4 m, the depth values change by approxi-
mately 12cm. This makes it difficult to identify coher-
ent trajectories in the data. To achieve a roughly equal
change in depth, we calculate a modified z-value us-
ing the following equation:

zmod = f ·b · log(d) (3)
This results in an approximately constant value for

∆z = f ·b · (log(d +1)− log(d))

= f ·b · log
(

d +1
d

)
(4)

To achieve consistent results, the x and y coordinates
must also be changed as follows

xmod =
(x− cx) · zmod

f
(5)

and

ymod =
(y− cy) · zmod

f
, (6)

with cx and cy as coordinates of the image center
point. As can be seen in Figure 9b, this transformation
results in denser trajectories, particularly for curves
that are further away from the camera.

3.1.3 Segmentation & Insect Trajectories

Segmentation: Although event cameras exclu-
sively capture moving objects, a segmentation step
is still required to differentiate between events gen-
erated by moving plants and those induced by insects.
To this end, numerous algorithms have been proposed
for the semantic segmentation of event data. In our
pipeline, we use a U-Net with tiling to segment insect
events, following the approach described by Gebler
(Gebler et al., 2026).

Flight Trajectory Processing: In the subsequent
step, the results of semantic segmentation, together
with the computed logarithmically scaled depth data,
are utilized for instance segmentation, in which the
events are decomposed into individual trajectories. In
our pipeline, we apply an adapted version of the al-
gorithm originally proposed by Arning (Arning et al.,
2025), which has been extended to four dimensions
(x,y,z, t) for our application.

For visualization, individual trajectories are con-
verted into continuous 3D curves using the unscaled
3D coordinates. First, a moving median filtering is ap-
plied to produce a consistent curve structure from the
widely scattered point clouds. Then, a seven-point
moving average is used to smooth the curve points
along the time axis.



Figure 10: Steps from the point cloud (left) to a single smoothed trajectory (center) to a uniformly sampled 3D curve (right).

Figure 11: Examples of identified rays passing through the
center of the BLUE marker (local camera positions are shown
in dark red).

Subsequently, the resulting curve points are fur-
ther smoothed using a second-order Savitzky–Golay
filter, reducing local noise while preserving the over-
all movement dynamics. The cumulative curve
length is then calculated to enable uniform spatial re-
sampling of the trajectory. Finally, new points are in-
terpolated along this length axis, resulting in a trajec-
tory with evenly spaced points. This uniform spatial
distribution is necessary for the later calculation of
curve characteristics, such as curvature. The results of
the described steps can be seen for an example curve
in Figure 10.

3.2 Frame-based RGB Vision Domain:
Marker Extraction & Processing

The marker extraction process is performed on the
2D source images that are captured from the recorded
videos and used to generate the SfM model. The re-
sults are subsequently mapped into the 3D coordinate
system of the generated point cloud.

For each input image, a color-based segmenta-
tion is carried out in the HSV color space to iso-
late the regions corresponding to the four individ-
ual markers. This approach uses pre-defined color
thresholds, exploiting the monochromatic design of
the LED marker enclosures. The color segmenta-

tion results are then post-processed using morpholog-
ical operations. An opening step is applied to re-
move small unwanted speckles, such as background
elements (e.g., flowers) that share similar hues to the
markers, followed by a closing step to fill holes within
the color masks in order to make the detected marker
regions solid and continuous.

For further analysis, each extracted marker region
is cropped into a separate image patch in order to de-
termine the marker center. This is achieved by ap-
plying the symmetry detection algorithm outlined in
(Dalitz et al., 2019). Considering that the markers
incorporate concentric LED rings, the center of each
marker corresponds to the origin of a rotational sym-
metry. Therefore, the image point ranked with the
highest rotational symmetry score above a predefined
threshold is considered to be the marker’s center and
stored for subsequent processing.

As already mentioned, the SfM processing is car-
ried out using the commercially available software
Agisoft Metashape Pro, which, by providing GPS
metadata embedded in the input images, is able to
generate a correctly scaled 3D model. In addition
to the model, estimates of the intrinsic camera cali-
bration parameters for the smartphone camera used to
capture the images, as well as the camera transforma-
tion matrices (i.e., rotation and translation) for each
input image, can be exported.

Finally, the combination of the camera parameters
with the extracted marker center points from multi-
ple 2D images enables the triangulation of the marker
centers within the 3D world coordinate system of the
generated model. This process is illustrated in Fig-
ure 11.

3.3 Registration: Merging Modalities

After obtaining the point correspondences from the
marker segmentation in both the event-based point



cloud and the SfM point cloud, the subsequent step
involves computing the transformation matrix for reg-
istration. This transformation encapsulates transla-
tion, rotation, and scaling, and is optimized to min-
imize the mean squared error between corresponding
points. The computation is performed using MAT-
LAB’s procrustes function, which implements a
generalized Procrustes analysis to determine the best-
fit transformation.

4 EXPERIMENT RESULTS

To assess the limitations of human observation, we
first conduct an eye-tracking experiment comparing
human perception with event-based recordings. We
subsequently present visualizations derived from in-
sect monitoring data to illustrate the capabilities of
our approach.

4.1 Comparison: Eye-Tracking

As an initial step, we compared insect activity
recorded by the event camera with what was per-
ceived by humans. For this, we used Tobii eye-
tracking glasses (Onkhar et al., 2024), which provide
gaze data along with a synchronized RGB video.

To allow visualization of gaze data despite mod-
erate head movements, the gaze data needs to be
mapped into a common coordinate system. As we
aimed to approximate the event camera’s perspective,
a SIFT based alignment of video frames to a reference
frame from the eye-tracking video proved sufficient
given the recording’s limited head motion. A more
robust method that uses additional fiducial markers is
described in (Niehorster et al., 2025), but this added
complexity was unnecessary for our setup.

To enable alignment of the events of the event
camera with the reference image, they were integrated
over a short temporal window without filtering, en-
suring that background structures remained visible for
matching. Temporal information was encoded using
a blue-green-yellow-red color scale. Figure 12 shows
that human observers can actively track only a small
number of trajectories. One detected example is a but-
terfly in the top right of the image, but most insect
activity went unnoticed. Moreover, fast motion make
individual insects hard to follow by eye, and partici-
pants were repeatedly distracted by moving plants in
the foreground, drawing their gaze to this area.

It should be noted that the eye-tracking camera
only worked reliably in the shade. Under brighter
conditions, insect activity would likely be higher,

which would make human detection even less effec-
tive, motivating the need for automated tracking.

4.2 Visualization Results

Quality: The registration accuracy of the four
markers can be used to estimate the accuracy of our
method. For our calculations, the centers of the mark-
ers were between 0.71 m and 1.130 m from the cam-
era. Due to the inaccuracy in depth determination
for more distant objects, as described in the Sec-
tion 3.1.2, there was a mean Euclidean deviation of
5 cm (1.27 cm, 3.57 cm, 7.54 cm, 7.85 cm) between
the markers in the SfM and event point clouds after
registration. The deviations in distance between the
marker boxes and the camera, as measured manually
before recording, are of the same order of magnitude.
However, this deviation is similar in magnitude to the
movement of flowers on long-stemmed plants in the
wind.

Time required: Currently, the registration process
takes only a few minutes longer due to the additional
capture of the marker data. Because the amount of
data is small, its evaluation also takes only a few min-
utes. This time is negligible compared to generating
the SfM point cloud and evaluating the event data.
The time required to generate the SfM point cloud de-
pends on the tool used and is strongly influenced by
the number of photos. Likewise, the time needed to
analyze the event data scales significantly with wind
movement and insect activity, as both increase the
number of events that must be processed.

Trajectory Approximation: Figure 13a illustrates
the insect’s flight over a meadow for approximately
10 minutes, while Figure 13b shows the same scene
with flight paths compressed into curves.

Individual Flight Paths: Our method supports di-
verse analyses. For instance, it allows us to examine
the flight paths of individual insects to gain insights
into the chronological sequence of their flower visits
(Figure 14 and Figure 15).

Additionally, we can isolate all flight paths asso-
ciated with a specific flower for further investigation,
e.g., to quantify visitor numbers over time. For this
purpose, the flower positions are manually annotated.
Flower visits are then estimated based on the spatial
proximity of the compressed flight paths to the flow-
ers in the SfM point cloud.

The trajectory points around manually located
flowers are determined using a KD-tree (Bentley,



(a) Eye-tracking gaze data projected into a reference image (b) Semantically segmented event camera data

Figure 12: Comparison of human eye tracking and event camera data. Using a BGYR color scale to encode time.

(a) All segmented trajectory points (b) Trajectories approximated by curves

Figure 13: Visualization of the insect’s flight over a meadow for about 10 minutes. The timing of each flight within this
interval is encoded using a linear rainbow color scale, ranging from blue through green to red.

Figure 14: The example shows the paths taken by two insects as they move from flower to flower. The color represents the
two different instances.

Figure 15: The example shows the path of an insect. The color encodes the timestamp.



(a) Chicory flower (highlighted by white square) (b) Mullein flower (highlighted by white square)

Figure 16: Paths of all insects that visit a selected flower within 10 minutes. The color indicates the timestamp.

1975) in the (x,y,z) point cloud. All trajectories
containing points within a radius of 10 cm around a
flower (accounting for wind-induced movement and
depth estimation errors) are subsequently considered
visiting trajectories for the visualizations. Results for
two different flowers (chicory and mullein) are shown
in Figure 16a and Figure 16b.

5 CONCLUSION AND FUTURE
WORK

In this paper, we present a method that combines
insect flight paths recorded with an event camera
and corresponding environmental point clouds recon-
structed from mobile phone videos using SfM. To
align these two data sources, we employ a marker-
based registration approach. In the event data, we
record distinct flashing patterns that correspond to the
colours of reference boxes visible in the video data.
After segmenting the marker positions, we compute
the optimal transformation matrix to accurately regis-
ter both data sources.

This integrated representation allows for deeper
insights into insect behaviour and insect-plant-
interactions. For example, we can determine the se-
quence of flower visits made by an individual insect
or quantify how many insects visit a particular flower
within a given time frame. In future work, we plan to
extend the pipeline by incorporating insect classifica-
tion into distinct groups. Furthermore, we will anal-
yse additional characteristics of the flight trajectories,
such as flower visit duration, flight altitude, and flight
speed.

A further extension of our approach will be the au-
tomatic detection and classification of flowers in the
video frames, followed by the determination of their
positions in the SfM point cloud, analogous to the
procedure described in Section 3.2. This will enable
the automatic counting of flower visits.
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Pohle-Fröhlich, R. and Bolten, T. (2023). Concept study
for dynamic vision sensor based insect monitoring. In
VISIGRAPP (4: VISAPP), pages 411–418.
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