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Manually operated industrial trucks remain indis-
pensable in intralogistics but are prone to acci-
dents caused by limited operator visibility, particularly
at intersections and when handling large loads. Exist-
ing operator assistance systems are vehicle-mounted or
otherwise limited to a direct line of sight, and none pro-
vide an elevated, forward-looking monitoring perspec-
tive. This paper presents the concept and initial results
of a drone-based operator assistance system for the an-
ticipatory environmental monitoring of manually oper-
ated forklifts, in which a drone equipped with a fish-
eye camera flies a head o f t he f orklift t o d etect lanes,
estimate its pose, and identify hazards. The concept is
implemented on an experimental setup using a station-
ary sensor package in place of the drone. The results
demonstrate promising wireless network performance
with regard to latency requirements, as well as promis-
ing lane detection with an mAP@50 value of 0.986 and
person detection with a precision value of 95.2% us-
ing YOLO-based networks. The latter also reveals chal-
lenges in more crowded scenes. Marker-based pose es-
timation further enables a correctly oriented represen-
tation of the surroundings on a schematic bird’s-eye-
view map, achieving a maximum positional deviation of
5.0 cm and a rotational deviation of 4.3°. Validation with
an actual, moving drone as well as the acquisition of
larger, more diverse datasets remain subject to future
work.
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1 INTRODUCTION

Manually operated industrial trucks remain an indispens-
able part of intralogistics. Even as automated systems be-
come increasingly intelligent, intralogistics continues to
rely on human flexibility and creativity [[1]. People remain
superior to automated systems in terms of their quick com-
prehension and adaptability [2]. However, manual transport
processes are prone to accidents. In 2024 alone, 18,035 peo-
ple were injured in accidents involving industrial trucks in
Germany, with 41% of the injured not operating the indus-
trial truck themselves but rather being struck, crushed, or
run over by it [3]]. This resulted in 322 new disability pen-
sions and eight fatalities.

Some of these accidents are attributable to limited vis-
ibility during the operation of industrial trucks [4)]. The
driver’s visibility is particularly limited when handling large
loads and in intersection areas, which is why these areas are
of great importance for accident prevention. People can be
obscured or suddenly appear in front of or behind the vehi-
cle without the operator noticing. Currently, there is no op-
erator assistance system (OAS) in the intralogistics context
that enables platform-independent and autonomous moni-
toring of these areas. Therefore, there is a need for an ad-
equate solution that is particularly suitable for small and
medium-sized enterprises (SMEs). For SMEs, high invest-
ments in networked and automated systems, such as auto-
mated guided vehicles (AGVs), always pose a challenge.
These systems are currently too inflexible due to their de-
pendence on specific use cases, which is why the flexi-
ble use of manually operated industrial trucks remains of
great importance [5]. A drone-based OAS for environmen-
tal monitoring can extend the operator’s field of view to en-
sure safer operation of manually operated industrial trucks
and prevent accidents.
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Existing approaches to OASs primarily focus on the im-
mediate vicinity of the load or use ultra-wideband (UWB)
and similar technologies to locate industrial trucks and peo-
ple. To monitor the immediate surrounding area, sensor
technology such as fork-tip cameras or a rear-view camera
is mounted on the vehicle, and visual cues or audible sig-
nals are used to assist in guiding the vehicle [6, [7]. These
systems are therefore limited to fixed m ounting positions
on the industrial truck and consequently cover only a por-
tion of the area in front of or behind the truck. UWB tech-
nology requires active tags to all relevant industrial trucks
and individuals, facilitating radio-based positioning [8, 9].
However, people not equipped with a tag are not detected
and continue to pose a safety risk.

For this reason, the present article proposes a drone-
based system for monitoring the surroundings of industrial
trucks. This system displays people and objects on a map for
the truck operator. The drone’s mobility enables it to oper-
ate in any desired location, providing a comprehensive view
that extends beyond the immediate surroundings of the in-
dustrial truck. In comparison with UWB technology, it pos-
sesses the additional advantage of eliminating the necessity
for objects and people to be equipped with tags, thereby en-
abling independent detection.

2 STATE OF THE ART

A variety of OASs are currently employed to ensure the safe
operation of industrial trucks. In addition to systems that
actively intervene in vehicle control, there are systems that
provide the operator with additional information or warn of
objects in the surrounding area. The following is a brief de-
scription of some of these systems.

2.1 COMMERCIALLY AVAILABLE SYSTEMS

The commercially available OASs for industrial trucks can
be divided into four functional categories. The categories
are as follows: camera-based safety zone extension and ob-
ject detection, Light Detection and Ranging (LiDAR)-based
distance measurement and object detection, radio-based po-
sitioning using wearable tags, and optical warning projec-
tion.

Camera-based systems, including Toyota SEnS+ [10],
Hyster’s Pedestrian Awareness Camera 7], Jungheinrich’s
addedVIEW [11], and STILL’s Smart Assist Al camera sys-
tem [12], utilize artificial i ntelligence ( Al) a Igorithms to
classify persons and alert the forklift operator through both
auditory and visual means. In certain instances, the systems
intervene in the vehicle’s controls, such as automatically re-
ducing speed. A distinguishing characteristic of all camera-
based systems is that they are permanently mounted on the
forklift, thereby restricting their coverage to the direct field
of view of the respective camera position.
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LiDAR-based systems employ a laser to scan the fork-
lift’s surroundings, thereby measuring the distance to ob-
jects. The Crown ProximityAssist system is designed to
detect objects in the forklift’s projected path and respond
by slowing the vehicle down [13]. The ELOprotect ACS
is a safety system designed to provide autonomous colli-
sion protection for narrow-aisle forklifts [[14]. It utilizes two
laser scanners mounted on the vehicle to ensure operational
safety. These systems have been demonstrated to provide
robust distance measurement. However, their functionality
is constrained to a fixed, vehicle-bound line of sight.

Radio-based location systems use UWB technology to
detect persons and objects. The implementation of this tech-
nology requires the provision of tags to all participants, fa-
cilitating precise location tracking. Examples of such sys-
tems include the Linde Safety Guard [9]], Jungheinrich’s
zoneCONTROL assistance system [15], and the STILL
Smart Assist Collision Control [12], among others. The
tracking system’s capacity to function through obstacles is
noteworthy, as it operates in environments where line-of-
sight is not a viable condition. This technology offers dis-
tinct advantages over conventional vehicle-mounted cam-
eras and laser scanners. However, this system necessitates
that every person or object at risk be equipped with a tag,
as persons lacking tags will not be detected. In areas where
unauthorized persons may enter, or if an operator forgets to
wear the tag, the operator of the industrial truck must con-
tinue to drive by visual observation.

Optical warning projections, such as Linde BlueSpot
[16], are utilized to indicate the direction of travel for indus-
trial trucks by projecting a blue light spot onto the ground.
This approach entirely eliminates object detection and func-
tions exclusively as a preventive measure by notifying third
parties of an approaching vehicle. Consequently, responsi-
bility is transferred from the operator of the vehicle to ex-
ternal individuals, who can react upon seeing the light spot.

A commonality among the aforementioned systems is
that sensors must be either mounted on the industrial truck
or worn by the individual being protected. It is evident that
none of the systems under consideration are equipped with
the capability to monitor the surroundings from an elevated,
forward-looking perspective. Such an approach would en-
able the detection of otherwise challenging-to-see areas, in-
cluding intersections and zones obscured by shelves, at an
early stage, regardless of the industrial truck’s line of sight.

2.2 SYSTEMS FROM RESEARCH

The scientific community has also developed several ap-
proaches to operator assistance for industrial trucks. These
approaches primarily rely on sensor fusion and deep learn-
ing. As part of the PraVISION research project, Borold et
al. developed a manufacturer-independent, retrofittable as-
sistance system that fuses 2D and 3D image data to de-
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tect people and collision risks in the critical zone of man-
ually operated forklifts [17]. A comparison of the reliability
of results obtained by deep learning approaches with those
obtained by traditional image processing methods demon-
strated the former to be significantly more reliable. The op-
erator is alerted to people in the surrounding area via tactile
feedback, thus avoiding sensory overload caused by addi-
tional audiovisual information channels. A notable disad-
vantage of this approach is the inability to ascertain the pre-
cise location of the detected individual.

Kim et al. published a multispectral benchmark dataset
consisting of RGB and thermal images for automated fork-
lifts and introduced SSD-2.5D, a detector that identifies
people and simultaneously estimates their distance from
the vehicle to enable collision avoidance independent of
weather and lighting conditions [18]. Furthermore, Sun et
al. developed an enhanced SSD architecture specifically for
forklift warning systems, designed for high detection speed
and accuracy under challenging conditions such as darkness
or rain [19].

Sang-ngenchai et al. adopted a complementary strategy
by employing YOLOvS8-based pose estimation, which fo-
cuses not on environmental factors but rather on the be-
haviors exhibited by vehicle operators themselves. This ap-
proach enables the early detection of potentially hazardous
driving behaviors [20]. Kao et al. demonstrated reliable per-
son and object detection at distances of up to 20 m by fusing
camera and 1D LiDAR data. However, it should be noted
that this method was originally developed for road vehicles
rather than industrial trucks [21].

Overmeyer et al. developed an innovative driver assis-
tance system using augmented reality [22]. Strategically po-
sitioned cameras visually eliminate physical obstructions,
such as the lift mast or loads, thereby creating an unob-
structed field of vision. The operator is thus enabled to see
through these components. However, a notable disadvan-
tage of this approach is the high latency of the overlaid im-
ages.

All of the research projects previously mentioned, in-
cluding the commercial systems discussed in Section 2.1,
with the exception of the UWB technology, have a common-
ality. The sensor technology is vehicle-mounted and, thus,
dependent on a direct line of sight from the industrial truck.
The elevated, forward-looking surveillance perspective pro-
posed in this paper represents an investigative novelty.

3 SYSTEM ARCHITECTURE

A drone-based OAS for monitoring the environment such as
the one presented in this paper must meet a wide range of
requirements, some of which are outlined in the following
section. Subsequently, the concept for the OAS is presented.
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3.1 SYSTEM REQUIREMENTS

To reduce critical driving situations and accidents, this re-
search project investigates predictive environmental moni-
toring for manually operated industrial trucks, specifically
forklifts. The focus is particularly on the early identification
of hazards in areas with limited visibility, such as intersec-
tions. In addition to reducing the number of accidents, such
a system is intended to relieve the operator of some of the
monitoring tasks, although it will not assume any safety-
critical functions. Responsibility for operating the vehicle
and preventing accidents remains with the forklift operator.
Such a system faces a wide range of requirements that in-
fluence its functions and technical design. Some of these
requirements were developed in collaboration with, or ver-
ified by, an industry-affiliated project advisory committee.
Others stem from previous projects at the Institute of Trans-
port and Automation Technology and Institut fiir Integrierte
Produktion Hannover gGmbH aimed at expanding the field
of view of industrial truck operators [23].

The system must be able to detect vulnerable objects
with varying priorities. Unprotected pedestrians are subject
to the highest risk of injury and therefore have the high-
est priority in detection. Slightly lower priority is assigned
to mobile and protected individuals, such as other manu-
ally operated industrial trucks, passenger cars, hand pallet
trucks, or bicycles. Stationary obstacles, such as pallets on
the travel path, are assigned the lowest priority due to their
lower risk of injury and lack of dynamic movement. The
OAS must not distract the forklift operator from their work
tasks during everyday use. In the event of an imminent col-
lision, the OAS should issue a warning in addition to its
normal functionality. Data protection in accordance with
the General Data Protection Regulation (GDPR) must be
ensured. No personal data may be processed, and no con-
clusions may be drawn about individual persons or their
work practices. In research operations, consent is there-
fore obtained from participating test subjects. In addition,
data processing for purposes such as Al training is per-
formed locally. Publication of the recorded data requires
prior anonymization of the data.

The sensor technology required for the system must be
capable of enabling comprehensive environmental monitor-
ing and therefore must have a wide field of view (FOV).
Furthermore, the sensor technology must be capable of pre-
cisely localizing detected hazards in 3D (with a positional
deviation of less than 25 cm) and classifying them. In or-
der to achieve the objective of researching a self-sufficient,
platform-independent system, a mobile sensor platform is
required, for which a battery life of approximately 30 min
is targeted. The system should be retrofittable and not ex-
ceed a total cost of €3,000 to remain feasible for SMEs.
The OAS must be capable of real-time operation. Since such
a mobile, radio-linked system is technically complex and
presents many sources of latency, increased latency can lead
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to safety-critical situations that undermine confidence in the
system and thus reduce its acceptance in real-world deploy-
ment. In the absence of specific standards, an end-to-end la-
tency of 200 ms, based on the guidelines for camera-based
display systems in passenger cars, is targeted as an approx-
imate threshold not to be exceeded [24].

The system is also subject to safety requirements. In the
event of a system failure, such as a loss of connection be-
tween the sensor platform and the forklift, the forklift oper-
ator must be notified immediately. Furthermore, in this case,
depending on the selected carrier platform, the system must
remain in a position that poses no danger to people, e.g., by
returning to the forklift or performing an emergency land-
ing. The mobile sensor platform must be equipped with suit-
able sensors and algorithms to autonomously prevent colli-
sions with itself, its surroundings, or people, even without
a connection to the forklift. As the system initially operates
exclusively indoors, it falls outside the scope of EU airspace
drone regulations. Occupational safety requirements for op-
eration near personnel apply instead.

In addition, clearly identifiable, level lanes for the fork-
lift are assumed, which are delineated by markings on the
sides. There should be no intervention in the forklift’s con-
trol system or electronics to perform, for example, braking
maneuvers or trajectory planning.

3.2 CONCEPT

Based on the requirements for the technical system and the
functionality of the OAS, a concept is developed. This is
shown in Figure

A drone is used as the carrier platform for the sensor
technology used for environmental monitoring. Compared
to a ground-based platform, this reduces the risk of colli-
sion with other traffic. In addition, the elevated sensor posi-
tion offers advantages for extensive environmental sensing,
e.g., across obstacles. Challenges in this regard are seen in
battery life, increased noise emissions, and the risk of in-
jury caused by, e.g., crashes. To minimize the risk of in-
jury, a lightweight protective cage is to be mounted around
the drone, designed to have as little impact as possible on
weight and, consequently, flight time. C urrently, t he sen-
sor package is mounted stationary on a tripod to emulate
the drone’s hovering. A fisheye camera with a 190° FOV
is used to extract semantic information for segmentation
and classification. To more p recisely 1 ocalize o bjects and
to potentially improve the 6D pose estimation of the fork-
lift, a 96-line LiDAR sensor with a hemispherical FOV is
additionally installed. The system is intended to rely on im-
age data alone in order to keep the system’s cost and the
drone’s weight as low as possible. In addition to improving
battery life and thereby reducing noise emissions, this also
lowers the risk of injury to bystanders. The LiDAR sensor
thus serves as an optional sensor modality in case image
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Figure 1: Concept for the system architecture of a drone
based OAS for environment perception

data alone prove insufficient for the technical implementa-
tion. A Raspberry Pi 5 serves as an interface to transmit the
recorded data to the forklift via a WiFi interface. Transmis-
sion is performed using User Datagram Protocol packets,
since these are provided by the LIDAR sensor by default and
represent the technical standard for latency-critical applica-
tions. As a further central component, a computing platform
with Al-accelerator capabilities, based on a CUDA-enabled
Graphics Processing Unit, is set up on the forklift. As a
framework the Robot Operating System 2 (ROS2) is used
for handling sensor data streams and the processing of them
through individual nodes. Several nodes running in parallel
process the various data. One program component detects
the lanes in the environment based on the camera images.
A further program component is intended to enable precise
6D pose estimation using the image data. This is required
for the transformation rule from the drone to the forklift,
in order to visualize detected hazards to the forklift opera-
tor with positional accuracy. By means of an ArUco marker
mounted on the forklift’s roof, the drone is able to local-
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ize it. The transformation rule between the ArUco marker
and the forklift coordinate system is known, which allows
the transformation rule between the drone and the forklift to
be determined. A further subprogram performs object de-
tection and classification, likewise based on camera images,
according to the priorities defined in Section 3.1. For pose
estimation and object detection, the LiDAR point cloud can
be incorporated to increase precision in cases of insufficient
accuracy. The data from the three subprograms are required
to compute a visualization of the hazards in the environ-
ment and to display this to the forklift operator via a human-
machine interface (HMI). This representation is provided in
the form of a computed schematic map using generic pic-
tograms, shown from a bird’s-eye view (BEV).

4 IMPLEMENTATION AND INITIAL RESULTS

The presented system architecture is built as an experimen-
tal setup. This setup is presented in the following, followed
by first results from the data processing.

4.1 EXPERIMENTAL SETUP

For data acquisition and the execution of initial practical
tests, an experimental setup is built based on the presented
concept. Figure 2h) shows the experimental setup schemat-
ically.

a) O Lane-Markings

[ Visibility Obstructions

Figure 2: Experimental setup - a) schematic, b) exterior
view, c) view from the cab
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Here, the sensor package (cf. Fig.[2b - 1) is initially not
mounted on a drone but rather stationary on a tripod (cf.
Fig.[2b,c - 3). This can be moved to represent dynamic sit-
uations. The recorded data can be transmitted to the forklift
(cf. Fig.[2b - 2) via two paths. On the one hand, wirelessly
via WiFi to test the transmission under real-world condi-
tions, or, on the other hand, via a wired Ethernet connection
to rule out network issues during the development of the
other subsystems. Additional, flexibly placeable floor mark-
ings allow various lane topologies to be replicated (cf. Fig.
Q) - 4). Cabinets, shelving units, and movable walls serve
as visibility obstructions, which can be adapted to the repli-
cated lane topologies. As the HMI, a 14-inch touch display
is mounted in the forklift’s cab (cf. Fig. Pk - 5). For the 6D
pose estimation of the forklift, a 60 x 60 cm ArUco marker
is mounted on the roof of the forklift.

4.2 EXAMINATION OF THE WIRELESS CONNECTION

As part of the experimental setup, the wireless connection is
examined in more detail. This represents a critical compo-
nent to the real-time capability of the system and the usable
amount of data. The experimental setup employs WiFi mod-
ules (2.4 GHz) with a theoretical maximum possible trans-
mission rate of 400 Mbit/s, establishing a dedicated point-
to-point connection between the sensor package and the
forklift. To identify the bitrate usable in practice, measure-
ments are carried out with different target bitrates in various
positions and movement conditions. Figure 3] shows the re-
sults for eight different target bitrates (5, 10, 20, 30, 40, 50,
75, and 100 Mbit/s) under the configurations “static close =
sensor package hovering 3 m above the target PC”, “static
far = sensor package additionally positioned 5 m in front of
the target PC” and “dynamic far = sensor package addition-
ally moving laterally and rotationally relative to static far”.

100 Target Bitrate
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g 80 - *-®* Dynamic far
5 ++® - Static close z
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Figure 3: Measurements of network quality between the
drone and the forklift

Through these experiments, the throughput limit is iden-
tified based on the breakdown of the transmission rate under
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”static close.” Here, a stable transmission rate of more than
29.4 Mbit/s can not be achieved. At the same time, upon
reaching this limit, the transmission latency increases from
an average of approximately 10 ms to an average of 90 ms,
which alone would already account for 45% of the targeted
200 ms end-to-end latency budget. Possible causes limiting
throughput, to be investigated in future measurements, in-
clude suboptimal WiFi antenna alignment, high utilization
of the 2.4 GHz frequency bands in the test environment, as
well as shielding and reflections caused by metallic objects.
Since the LiDAR sensor used requires a bitrate of approxi-
mately 22.5 Mbit/s, only approximately 6.9 Mbit/s remains
available for the transmission of image data. This under-
scores the effort to realize environmental monitoring using
image data alone. Nevertheless, to increase network quality,
the use of higher WiFi standards is being pursued.

4.3 LANE DETECTION

A central component of environmental sensing is the detec-
tion of areas drivable by the forklift. Reliable detection of
these areas is required not only for the orientation of the
forklift operator on the computed schematic BEV map, but
is also intended to serve as the basis for navigating the au-
tonomously flying-ahead drone. The drone is intended to fly
ahead along the center of lanes at a defined distance and to
hold position in detected intersection areas. The representa-
tion of lane centerlines and intersection areas is intended to
be realized through a graph to facilitate navigation. Once the
forklift reaches an intersection and the turning direction be-
comes apparent, the drone advances to the next graph node.
If the forklift deviates from the lane, the drone returns along
the lane centerlines and follows it directly above. The com-
putation of a representative graph is not yet implemented at
this stage and will be investigated in future work.

For the schematic repre-
sentation in the BEV map,
the entire drivable area
must be segmented. Initial
attempts using classical
image processing proved
insufficiently reliable. In
particular, fluctuating light-
ing conditions, partially
occluded lanes, contamina-
tion, and other color-similar
objects led to errors in lane
detection as can be seen
in Figure f] A machine-
learning-based  approach
is therefore chosen for
lane segmentation. First
the image is undistorted
using the known camera calibration matrix and distortion
parameters into a rectangular, straight-line image with
a FOV of 150°. A YOLOI1n-seg network segments the

Figure 4: Example of
faulty lane detection with
classical image
processing
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lanes on this image. For this purpose, a small initial dataset
of 129 images with various replicated lane topologies is
recorded at the experimental setup to assess feasibility,
split into 80% training (103 images) and 20% validation
data (29 images). The validation and training data orig-
inate from the same test environment. The results of the
network trained in this way appear promising and allow
for more robust segmentation than with classical image
processing. A mean Average Precision (mAP)@50 value
of 0.986 and an mAP@50-95 value of 0.885 are achieved
on the validation dataset (higher values indicate better
performance, mAP@50-95 applies stricter overlap criteria
than mAP@50). To rule out overfitting of the network, a
larger dataset with higher variance in environment and lane
topology must be recorded in the future.

Raw Fisheye Image
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Figure 5: Software architecture for BEV map generation
based on ArUco pose estimation and Al-based lane
detection

Figure [5] shows the architecture of the various software
components for generating a positionally accurate overview
map. The segmented lanes must be transformed into the
BEV map so that they are displayed to the forklift opera-
tor in the appropriate position. A symbol on the overview
map indicates the position of the forklift on the lanes. The
forward direction of travel corresponds to the vertical axis
of the map. For the correct rotation of the segmented lanes,
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particularly during cornering or angled travel, the yaw angle
1) of the vehicle is additionally required.

For this reason, a precise estimation of the position
(X,Y) and 9 of the forklift relative to the drone is required.
Therefore, an ArUco marker is mounted on the roof of the
forklift and is detected in the camera image. First, a coarse
6D pose is determined from the undistorted marker corner
points using a Perspective-n-Point (PnP) algorithm, then re-
fined through nonlinear least-squares optimization. For a
candidate value, the 3D coordinates of the marker corners
are computed based on the known mounting geometry and
projected directly into the distorted image using the cali-
brated fisheye camera model, as well as the camera pose,
which will in future be provided dynamically by the drone
telemetry. The deviation between these predicted and the
actually detected image coordinates of the marker corners
is iteratively minimized until the pose converges. For subse-
quent images, the refined pose of the previous image serves
as the initial value, meaning that the initial PnP step is gen-
erally only required once. Since the entire processing chain
operates continuously on the distorted fisheye image, pose
estimation remains robust even at wide viewing angles near
the edge of the image. In comparison, under prior undistor-
tion, the marker is no longer fully visible even at shorter
distances.

Figure 6: Computed BEV maps for various input images at
different rotations and topologies
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Based on the estimated position of the forklift (X, Y, 1)
and the lanes segmented in the camera image, these can
be transformed into the forklift’s coordinate system and
displayed with correct rotation. A systematic evaluation
against manually measured reference positions across 31
test configurations yields a maximum positional deviation
of 5.0 cm and a maximum rotational deviation for v of 4.3°,
well within the 25 cm accuracy requirement defined in Sec-
tion 3.1. Figure [f] visualizes various input images and their
computed, transformed environment BEV maps for the case
recorded statically using the tripod. As can be seen in all ex-
amples, the lane area is segmented and displayed in the cor-
rect position relative to the forklift. However, a slight rota-
tion of the lane relative to the forklift can be observed in Fig-
ures [6h and c. A possible reason for this is the transforma-
tion between the ArUco marker and forklift coordinate sys-
tems, which is currently only measured manually. In exam-
ples[6b and c, it can furthermore be seen that the edges of the
lanes are not always straight and/or parallel. Through larger
datasets, more extensive training, and modifications to the
segmentation network, as well as post-processing of the de-
tected polygons, an improvement in segmentation quality is
intended to be achieved in the future.

4.4 PERSON DETECTION

The initial step in displaying persons on a map for the op-
erator of the industrial truck is to identify them. The initial
approach utilizes existing datasets for person recognition.
Since the camera uses a fisheye lens and its mounting at an
approximate height of 4 m, the feasibility of employing ex-
isting datasets is under evaluation. The fisheye lens, with a
FOV of 190°, provides excellent coverage of the area being
observed. However, due to the characteristics of the camera
and its position, subjects are occasionally distorted and ori-
ented differently within the image. For instance, they may
appear in an inverted orientation, rotated by 90°, or only
perceptible from a superior perspective.

In this instance, YOLOVS]I from Ultralytics is employed
as the person detection model, and its efficacy is evaluated
using recorded data. A visual analysis of the dataset re-
veals the presence of three individuals throughout the en-
tire dataset. The dataset comprises a total of 1,017 frames,
of which every third frame is manually annotated, result-
ing in a total of 339 images being evaluated. These images
are used to evaluate the model’s detection quality. The met-
rics evaluated include the number of detected people per
image and the true positive (TP), false positive (FP), and
false negative (FN) rates. To detect people who are rotated,
each frame is evaluated after being rotated by 90°, 180°,
and 270°. The confidence threshold is set to 0.25, and the
intersection-over-union threshold for evaluation is set to 0.5.

Table[T|presents a comprehensive summary of the aggre-

gated results concerning person detection. Among the total
of 888 detections, 845 are classified as TP, while 43 are de-
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termined to be FP. Additionally, 172 of the 1,017 expected
detections (339 frames x 3 ground-truth persons per frame)
are missed, resulting in an FN rate of 172. This leads to a
precision of 95.2%, accompanied by a recall of 83.1% and
an F1 score of 88.7%. The lower recall, as compared to the
precision, indicates that undetected individuals occur at a
significantly higher frequency than false detections.

Table 1: Key metrics from the analysis of person detection
across all analyzed frames

Metric Value
Analyzed frames 339
Ground truth (people per frame) 3
Total detections 888
True positives (TP) 845
False positives (FP) 43
False negatives (FN) 172
Precision 95.2%
Recall 83.1%
F1-Score 88.7%
Complete detection frames (FN = 0) 204/339 (60.2%)

Error-free frames (FN = 0, FP = 0) 188/339 (55.5%)

Figure[7]provides a general overview of the results at the
frame level. Out of the 339 frames, all three individuals are
correctly detected in 188 frames (55.5%) at the manually
annotated position without any false positives or false neg-
atives. This is exemplified in Figure [8p. In an additional 16
frames (cumulative: 204, 60.2%), all subjects are detected,
including false positives. In a total of 107 frames (31.6%),
one person is not detected. In 19 frames, two people are not
detected (5.6%). In nine frames, none of the three people are
detected (2.7%). Figures B through 8 offer a more detailed
analysis of specific frames.

250 A

60.2%
204
200 -
5
g
& 1507 31.6%
S 107
=1
S 100
g
< 5.6%
307 o 2.7%
9
O T T T T
0 1 2 3

Amount of persons not detected

Figure 7: Distribution of frames by number of unidentified
individuals per frame
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The results demonstrate the general viability of employ-
ing the YOLOvS8] model for person detection. Detection per-
formance depends on the separation of persons in an image
and their distinctiveness from the background. This is par-
ticularly evident in Figure [8h, where all the persons stand
out clearly from the floor of the environment and are sep-
arately visible. Recognition errors occur particularly when
people are in a confined space, overlap, and do not stand out
clearly from the background. This is demonstrated in Fig-
ures [8p and c. A comparison of the two images reveals that
the subjects have become more distant from one another,
thereby enhancing their recognition.

Correctly detected
person

Manually annotated
person

False detected person
by YOLO

Figure 8: a) Correct frame showing all detected persons,
b) No persons are correctly detected, c) Two of the three
persons are correctly recognized

5 CONCLUSION AND OUTLOOK

This work addresses the identified gap by employing a
novel drone-based OAS for monitoring the surroundings
of industrial trucks. An experimental setup is developed in
which the sensor technology, currently mounted on a mov-
able tripod to emulate a drone, transmits data to the fork-
lift both wirelessly and via a wired connection. An ArUco
marker mounted on the forklift’s roof enables pose esti-
mation. Initially implemented algorithms perform Al-based
image processing for lane detection and person detection.
For both trained YOLO networks, suitability for the system
is demonstrated using small, self-recorded and annotated
datasets. In addition, an ArUco marker-based pose estima-
tion is implemented to enable the correctly oriented display
of a schematic map from a BEV.
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Initial measurements of network latency yield a value of
10 ms when remaining below the maximum available band-
width, which represents a favorable result with respect to
the target of an overall latency below 200 ms. The avail-
able bandwidth of 29.4 Mbit/s would be largely utilized by
LiDAR data alone, at approximately 22.5 Mbit/s, which un-
derscores the goal of relying solely on image data. The Al-
based lane detection, which utilizes a YOLO1 In-seg net-
work, achieves an mAP@50 value of 0.986 while showing
instabilities with the lane edges. For the detection of haz-
ard sources, only the highest priority class (unprotected per-
sons) has been investigated so far. The YOLOVSI network
used for this purpose yields a precision of 95.2% and recall
of 83.1% while people close together or hardly distinguish-
able from the surroundings pose a challenge. The pose es-
timation enables a correctly oriented transformation of the
computed BEV map, achieving a maximum positional devi-
ation of 5.0 cm and a maximum rotational deviation of 4.3°
across 31 test configurations, well within the 25 cm accu-
racy requirement.

As the next step, a drone will be procured to validate the
developments under real dynamic, wireless conditions. This
includes a detailed analysis of drone telemetry and subsys-
tem latencies to assess the system’s real-time capability. The
acquisition of larger, more diverse datasets is planned to im-
prove detection accuracy and generalize beyond the current,
relatively homogeneous test environment. Detection of the
two lower priority classes (protected persons and static ob-
stacles) will also be addressed. The two YOLO networks
will be merged into one, complemented by post-processing
for interpolation and prediction during detection failures.

For drone navigation, an algorithm will be developed
that generates a simplified graph from the detected lanes.
Furthermore, the control of the drone via ROS2, as well as
hazard mitigation for bystanders during flight, will be inves-
tigated. A protective cage for the drone will also be imple-
mented. The project continues to pursue the use of image
data alone. If this proves insufficient in the future, sensor
fusion with LiDAR data remains possible. The anonymiza-
tion of recorded data prior to publication, as well as local
data processing, must be further examined and ensured in
the future to guarantee compliance with the GDPR.
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