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This research is an in-depth look at optimizing drone operations by integrating
LiDAR sensors for more advanced altitude control, with a particular focus on
inventory management. This study evaluates the performance of drones using
three main sensors: Benewake TFmini Plus LiDAR, IMU Intel Realsense
Tracking Camera, and Pixhawk Barometer. Autonomous drone missions
included 5-meter and 10-meter forward flights, as well as obstacle recognition
scenarios. Measurement datasets from 50 cm to 500 cm at 50 cm intervals
were used as the basis for comparison of sensor accuracy and consistency.
The experimental results illustrate the drone's dynamic response to LiDAR
under various flight conditions, highlighting its adaptability and precision.
This research makes a significant contribution to the understanding of the
effectiveness of LiDAR sensors in height measurement, particularly in the
context of inventory management in complex indoor environments. The
findings stimulate further discussion on the potential development of
autonomous drone technology for inventory management in the future.
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1. INTRODUCTION

An Unmanned Aerial Vehicle (UAV), colloquially referred to as a drone, is an aircraft devoid of a human pilot that
may be maneuvered remotely through the utilization of a remote control device[1],[2]. A range of frequently employed drone
kinds can be identified, including Quadcopter, Fixed Wing, Military Drones, and others[3],[4].Drones possess a wide range of
uses, one of which includes their deployment within various businesses[5],[6].An example of an application can be found within
the industrial sector, specifically in the realm of warehouse inventory management.[7].

The utilization of drone systems in warehouse inventory management enables organizations to effectively monitor and
control inventory, mitigate the risk of stock shortages or surpluses, and enhance operational efficiency. Through the use of this
technology, the organization effectively maximizes the utilization of warehouse space[7],[8]. Furthermore, drone systems have
the capability to facilitate precise and efficient inventory counts, hence mitigating potential human errors that may arise[9].

One example application of drone systems in warehouse inventory management is the utilization of these systems for
the purpose of scanning barcode pictures[7] and RFID tags[9],[10].This particular function serves the purpose of identifying
and categorizing various commodities inside the warehouse environment[7],[10].

In order to enhance operational efficiency in drone, it is imperative to consider a number of significant elements.
Firstly, it is imperative to evaluate the issues of scanning speed and precision[11]. Additionally, the longevity of battery
performance is a vital aspect in ensuring the seamless functionality of unmanned aerial vehicles[12]. In addition, it is imperative
to take into account the significance of proficient navigation skills in order to guarantee optimal operational efficacy and
efficiency of drones[13]. By taking into account these variables, Drone can function with optimal effectiveness and achieve a
high degree of precision in the computation of inventory levels within storage facilities.

This research aims to examine the optimization of height in drone operations through the utilization of LIDAR sensors
as navigational instruments[14][15]. LIDAR sensors possess the capability to furnish precise data pertaining to the altitude of
the drone, hence facilitating the establishment of ideal altitude configurations to circumvent barriers and enhance the safety of
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flying operations. Furthermore, the utilization of LiDAR sensors can facilitate the detection of objects in the vicinity of the
unmanned aerial vehicle (UAV)[16].

2. METHOD
2.1 System Design

Figure 1 illustrates the comprehensive system overview. The various components of a system are divided into distinct
functional units, each of which is responsible for carrying out separate actions that are relevant to the overall functioning of the
system.
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Figure 1. System design block diagram

The drone's technology can be operated through two distinct modes: manual and automatic. The manual approach
entails the operator exerting direct control over the drone through a remote control device, whilst the automatic approach relies
on the utilisation of algorithms and sensors to enable autonomous control of the drone's movement. The utilisation of an
automated approach exhibits enhanced efficiency and a greater capacity to achieve heightened precision when executing tasks
within an interior warehouse setting.

The use of drones for warehouse inventory management entails the utilization of a fully autonomous system. In the
domain of autonomous flight, the transfer of control will occur to a mini PC that is linked to the flight controller. The
communication protocol chosen for this project is Robot Operating System (ROS). The Raspberry Pi will operate as a server
within the Ubuntu operating system.

2.2 Time-of-Flight (TOF)

The utilization of lidar technology in autonomous vehicles predominantly relies on the principle of Time-of-Flight
(TOF). The term "TOF" refers to Time-of-Flight, which is a measurement technique used when a pulsed laser fires pulses either
individually or continuously at a target. The internal timing circuit is instantaneously triggered upon the emission of a laser
pulse. The calculator is utilized to determine the duration, denoted as At, between the arrival of the laser pulse at the target and
its subsequent return to the receiver. This enables the calculation of the distance to the target[17],The schematic for time-of-
flight (TOF) ranging is presented in Figure 2:
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Figure 2. Shcematics of ToF

At is the temporal interval between the emission of a light pulse and its return to the receiver after being reflected by
the target. This interval can be determined by multiplying the number of clock pulses, denoted as n, by the pulse interval t[17].
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The clock pulse frequency, denoted as f is the value for which it is being determined, [ = % , L each clock

pulse indicates the distance base; n is by computing the number of clock pulses, the distance R of the target can be
determined[17]. The symbol 'c' in the formula represents the constant speed of light, which is approximately 3 x
1078 meters per second (m/s) in a vacuum.

Figure 3. LiDAR Flowchart System

“Initialize Drone and LiDAR System” in the flowchart refers to the initial set of steps performed before the drone is
launched and the LiDAR system is activated. In this stage, the drone is powered on and the LiDAR system is activated and
calibrated to ensure that the LIDAR sensor is operating accurately. Then the overall system is checked to ensure that there are
no problems or errors that could affect the operation of the drone and LiDAR. This includes verification of the battery,
connectivity and other system functions.

“Mission Planning” is an important stage in the flowchart that involves determining the parameters and details of the
mission before the drone is launched. At this stage, the user determines the area to be explored by the drone and determines the
speed and altitude parameters of the drone using LiDAR according to the desired parameters for the purpose of the drone flight.

Figure 3 covers the crucial steps in using LiDAR technology on drones. The initial stage, "LiDAR Data Acquisition,"
describes the process of collecting data by activating the LiDAR sensor, initiating a scan while the drone is flying over the
target area, and collecting 3D data points[18],[19]. Next, in the stage "LiDAR Data Processing," the data collected through
scanning is processed. These steps include data preprocessing to remove noise, data transformation into point cloud form, and
georeferencing to associate the data with a geographic coordinate system[20].

After data processing, the next step is "Data Storage and Analysis." At this stage, the processed data is stored and can
be analyzed in real-time. This opens up opportunities for live monitoring and quick analysis during or after a drone
mission[21],[22].

The "Post-Processing" process involves the creation of 3D models, generation of elevation maps, and feature extraction
from the processed LiDAR data. This stage provides further information and allows for more specific applications, such as
object identification or detailed mapping[23],[24].

“Communication and Visualization” are recognized in the next step, enabling data transmission to ground stations,
real-time monitoring of data, and visualization of data for better understanding[22],[25]. The final step is to safely end the
mission, i.e. "End of Mission," which involves returning the drone to the starting point, landing, and shutting down the system.

2.3 Robot Operating System (ROS)

The Robot Operating System (ROS), specifically ROS1 as the default version, is a framework that serves as a meta-
operating system for the purpose of designing robotic systems (see to Figure 3). The Robot Operating System (ROS) facilitates
the operation of autonomous computer processes known as nodes, which are supported by a master node, parameter server, and
middleware layer. These systems enable the exchange of information between nodes through the utilization of topics and
services[26].



The primary utility of the Robot Operating System (ROS) The roscore component encompasses the ROS master,
parameter server, and the rosout node. The master node is responsible for monitoring and managing the available topics and
services, as well as maintaining a comprehensive map of the geographical distribution of all nodes. Regrettably, the master node
lacks the capability to enforce this mapping, hence giving rise to numerous vulnerabilities [27][28] within the ROS system.The
parameter server serves as a centralized storage system for the nodes, allowing them to access and share global variables. The
master node utilizes XMLRPC function calls for communication, which introduces many vulnerabilities[26].
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Figure 4. The Architecture of ROS1

3. RESULTS AND DISCUSSION

The chapter results and discussion presents an in-depth analysis of the data generated during the drone flight. The focus
shifts to the comparison of the Z pose data between the actual output and the sensor used, which includes an evaluation of the
accuracy and consistency in reproducing the vertical position of the object during the mission. Furthermore, the study explored
the 3D visualization of the trajectory on the Z axis using matplotlib, providing a clear picture of the response of the Lidar sensor
to changes in the drone's position. These two aspects underlie the assessment of the sensor’s reliability and performance in the
face of flight dynamics. A detailed analysis of the Z pose data and 3D trajectory visualization is a critical cornerstone in
understanding the level of sensor precision and its implications on the success of data collection during drone flight missions.
3.1. Z Pose Data Comparison

In the context of this research, a dataset consisting of ten consecutive values has been obtained, starting from 50 cm in
the first sequence until it reaches 500 cm in the tenth sequence. Each value in this dataset has a fixed interval of 50 cm, which
indicates the incremental value of each successive measurement step. It is important to note that the actual data is measured in
centimeters of length. The existence of actual data is crucial in this research methodology, where it will serve as the basis of
comparison for the information generated by the three sensors used on the drone, namely the Benewake TFmini Plus LiDAR,
IMU Intel Realsense Tracking Camera, and Barometer Pixhawk.

The three sensors function as altitude measuring devices on the drone. This research design aims to assess and compare
the accuracy and consistency of the measurement results of the three sensors. In-depth analysis of this dataset is expected to
significantly contribute to the understanding of the performance of these sensors in the context of altitude measurement in drone
flight environments.

Table 1. Z Axis Comparison

Z Axis Comparison (cm)

Benewake
TFmini IMU Intel Barometer
No Actual Realsense .
. Plus Tracking Camera Pixhawk
LiDAR
1 50 50 59 103
2 100 102 109 176
3 150 147 158 221
4 200 197 207 244
5 250 246 264 295
6 300 297 319 327
7 350 350 379 360
8 400 398 436 392
9 450 446 494 465
10 500 497 550 510
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Figure 5. Comparison Chart

Utilizing the Mean Absolute Error (MAE) for the computation of the accuracy error between the sensor's output and
the true position.
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Table 2. Error Rate on Z axis

Error Rate on Z axis
IMU Intel Realsense

Benewake TFmini Tracking Camera Barometer

Plus LiDAR g Pixhawk
T265

0.945% 9.527% 17.527%

3.2. Z Axis Visual 3D Trajectory

In this study, the drone was run autonomously with a speed of 0.2 m/s and a height of 0.9 meters while capturing 3D
trajectory data on the Z-axis. The experiments involved 5-meter and 10-meter forward flight missions, as well as an obstacle
recognition scenario in the middle of the path. Each mission begins with a take-off process and ends with a landing procedure,
forming a series of coordinated autonomous flight tasks.

The drone's involvement in the action gives a dynamic dimension to the data capture, creating a context that not only
goes in-depth in detailing the response of the Lidar sensor to changes in the drone's position, but also reveals the drone's ability
to navigate automatically through a wide variety of missions.

3.2.1. Forward 5 meters

In this first subsection, the drone performed a 5-meter forward mission with a speed of 0.2 m/s and a height of 0.9
meters. The 3D trajectory data capture on the Z-axis is done by involving the three sensors mentioned earlier: Lidar, IMU
Realsense Tracking Camera, and Barometer. The presence of these three sensors makes the dataset more comprehensive,
enabling a holistic understanding of the Lidar sensor's response to changes in drone position during flight. This exploration
forms the basis for assessing the drone's performance in achieving the 5-meter autonomous flight target.
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Figure 6. 3D Visual Trajectory: Drone Autonomous Forward Flight Mission 5 Meter (Isometric View)



3.2.2. Forward 10 meters
In the second subsection, the drone performed a 10-meter forward mission with a speed of 0.2 m/s and a height of 0.9

meters. The process of capturing 3D trajectory data on the Z-axis also involves the three sensors mentioned earlier: Lidar, IMU
Realsense Tracking Camera, and Barometer. The participation of these three sensors contributes to a more complete dataset,
strengthening the understanding of the Lidar sensor's response to changes in drone position during flight. As such, this
exploration provides a critical basis for evaluating the drone's ability to achieve the 10-meter autonomous flight target.
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Figure 7. 3D Visual Trajectory: Drone Autonomous Forward Flight Mission 10 Meter (Isometric View)

3.2.3. Object Detection Analysis: LiDAR on Drones Overcomes Obstacles

This third subsection focuses on the analysis of LIiDAR data on a drone that generates a 3D trajectory during a 3-meter
flight with a height of 1 meter. On the flight path, a box-shaped object with a height of 12 cm was placed in the center. It is
important to note that the LIDAR configuration is set such that the sensor does not identify the box as an obstacle since the
height of the object does not exceed 20 cm.

The adjustment aims to keep the drone maintaining its true altitude at 1 meter off the ground from the beginning to the
end of the flight mission. This process involves processing data obtained from ROS topics, especially the rangefinder, which is
then processed using the Python programming language. The results of this 3D trajectory analysis are expected to provide in-
depth insights into the LiDAR response to obstructing objects and its implications for drone travel during flight missions.
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Figure 8. LiDAR Altitude Control: Drone Response to Obstacle Detection



Figure 9. 3D Trajectory Visualization: LiDAR Data During Flight Testing (Isometric View)

In Figure 8, there is an illustration of a drone equipped with a LIiDAR sensor flying at an altitude of 1 meter. As the
drone approaches a 12 cm obstacle, LIDAR detects it and the drone quickly adjusts its altitude to avoid the obstacle. This
illustration shows the dynamic response of LiDAR in ensuring the drone maintains a precise altitude, emphasizing the effective
use of this technology in drone navigation.

Figure 9 shows the 3D trajectory of the drone during the test flight with the LiDAR sensor. This visualization, created
using matplotlib, reflects the LiDAR's real-time response to changes in altitude and ambient terrain. It provides a brief but
comprehensive overview of the LiDAR's performance in mapping and monitoring the drone's altitude during flight.
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Figure 10. Adaptive LiDAR Sensing for Low Obstacle Avoidance

Figure 11. Integrated 3D Trajectory Following Adaptive LiDAR Settings (Isometric View)

Figure 10 shows an illustration of a drone with a LiDAR sensor that can process data from ROS topics to recognize
objects below 20 ¢cm in height as non-obstacles. With smart settings, the LIiDAR ensures that the drone stays at a height of 1
meter when passing over such objects. This illustration reflects LIDAR's ability to be adaptive to specific situations, effectively
enhancing the drone's height control.

Figure 11 shows the 3D trajectory of the drone during flight, continuing from the illustration in Figure 10 where LiDAR
recognizes objects below 20 cm in height as non-obstacles. This visualization, created through matplotlib, provides a complete
picture of the LiDAR response to environmental changes. This graph shows how the drone, thanks to the LiDAR's adaptability
to ROS data, manages to maintain its flight path without perceiving the object as an obstacle. Figure 11 provides further insight
into the LiDAR's ability to respond to dynamic changes during drone flight.

4.  CONCLUSION

This study offers a thorough examination of the drone's performance and the three sensors employed. It presents
valuable insights by comparing Z posture data, visualizing the 3D trajectory in the Z axis, and analyzing LiDAR data collected
during autonomous flight. The Z pose data serves as a significant criterion for mission success by assessing the precision and
consistency of the sensors in replicating the vertical position of objects. The utilization of LIDAR, IMU Intel Realsense Tracking
Camera, and Barometer in a 3D trajectory visualization aids in comprehending the LiIDAR's reaction to alterations in the drone's
position. By utilizing real datasets with a 50 cm interval, a comprehensive evaluation of the three sensors was conducted,



highlighting the exceptional performance of LiDAR as a highly efficient height sensor, particularly in indoor settings. The
autonomous drone studies showcased the drone's versatility in many missions, such as 5-meter and 10-meter missions, as well
as obstacle identification scenarios. The successful avoidance of a 12 cm high obstacle by a drone during a 3-meter flight, as
demonstrated by LiDAR analysis, underscores the dependability of LIiDAR as a height sensor, particularly in intricate indoor
settings. Consequently, it is highly recommended to utilize LiDAR as a height sensor on drones, particularly in light of the swift
advancement of autonomous drone technology. The percentage errors (%Error) for LIDAR, Realsense IMU, and Baro Pixhawk
are 0.945%, 9.527%, and 17.527%, respectively. These results demonstrate the superior performance of LiDAR and provide
strong justification for recommending its use.
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