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Abstract. Manufacturers experiment with the use of drones for various processes 
such as surveillance, inspection, cycle counting, and intralogistics, but implemen-
tation into routine operations remains rare. One reason for low adoption rates 
relates to the manual control requirements of most drone systems. This paper 
studies the use of automatic drones in manufacturing. A virtual simulation of 
drone flights in a manufacturing facility was developed to identify and evaluate 
the potential of automatic drones for thermal inspection of injection molding ma-
chines. This paper reports the implementation of the virtual simulation and dis-
cusses how such simulations can inform the use of automatic drones for factory 
inspections. 
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1 Introduction 

Unmanned vehicles, such as automated guided vehicles (AGV), can take over routine 
tasks previously done by humans. Automated vehicles require advanced algorithms to 
detect and avoid static and moving obstacles [1], as well as systems for path planning 
and traffic management [2]. Mobility becomes an order of magnitude more difficult 
when the vehicle moves through the air. Yet unmanned aerial vehicles (UAVs)—pop-
ularly known as drones—have high potential in both outdoor and indoor manufacturing 
environments [3].  

Indoor industrial applications of drones are much less common than outdoor appli-
cations [3]. For example, drones are already finding applications in emergency opera-
tions [4], infrastructure maintenance [5], logistics [6], and warehouse management [7]. 
Indoor drone flights pose additional challenges compared to outdoor flights, such as 
navigation, obstacle detection, explosion risk, and collision avoidance in the three-di-
mensional (3D) factory space [8]. There is also a considerable risk to both humans and 
assets involved when drone systems fail in indoor environments. Other limiting factors 
are noise and privacy concerns. Most importantly, established alternatives to drones 
such as floor-based AGVs, conveyor belts, and wall- or roof-mounted cameras and sen-
sors can do many of the tasks usually attributed as potential applications of drones (e.g., 
surveillance, inspection, or intralogistics). 
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From an industrial management perspective, the challenge is to identify niche appli-
cations where drones can outcompete existing technologies in terms of accessibility, 
speed, safety, cost, or accuracy—or do tasks not previously carried out by any other 
technology. To address this challenge, the authors engaged in field research with a lead-
ing manufacturer of products for household construction, Household Inc. The authors 
identified several potential use cases and employed piloted drones to test the use cases’ 
feasibility. High potential was found in using drones in routine inspections of thermal 
losses in injection molding machines, which would normally require manual inspec-
tion. However, with piloted drones, the return on investment would be marginal be-
cause a human operator would still be needed. It was concluded that the use case is 
viable, but only with automated drones. 

It is not without reason that most reported drone implementations in manufacturing 
use piloted drones [9]. Automated drone technology is still subject to basic research 
[10] and—at the time of writing—is only used for “simple” tasks such as cycle counting 
in warehouses. This paper seeks to address this limitation using the simulation of auto-
mated drone inspection flights in the factory floor environment of Household Inc. The 
purpose is to demonstrate the role of simulation for automated drones and identify chal-
lenges and opportunities for real implementation in manufacturing. 

2 Simulation of automatic drone flights 

Automation is defined as the partial or full replacement of a human operator’s intended 
task (e.g., decision selection) with a machine agent, usually a computer [11]. There are 
various approaches to classify the ‘level of automation’ of drones. This study uses a 
framework that classifies drone automation in five levels based on the level of involve-
ment of drone pilots (see Table 1) [12, 13]. The literature recommends step-wise auto-
mation. This paper’s primary focus is to examine the operational and technological 
challenges of moving from level 0, ‘no automation,’ to automatic drones indoors with 
level 2, ‘partial automation.’ 
 

Table 1. Five levels of automation for drones (adapted from [12, 13]) 
Level 0 Level 1 Level 2 Level 3 Level 4 Level 5 
None Low Partial  Conditional  High  Full 
Entirely 
manual 
flight 

Piloted 
flight with 
autopilot as-
sistance 

Automated 
flights with 
predefined 
waypoints, 
pilot super-
vision when 
necessary 

Automated 
flight with 
waypoints 
and adaptive 
safety sys-
tems but 
with pilot 
involvement 

Automated 
flight with 
failsafe sys-
tems, with 
no pilot in-
volvement 

Autonomous 
flight 

 
Simulation is an established method in industrial engineering and management. It is 

a practical approach when field implementation is costly, risky, or impossible [14, 15]. 
Simulation can ‘extend our understanding into the realm of possibility, imagination, 
and projection of future possibilities for pretesting yet-to-be-implemented possibilities’ 
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[16, p. 1196]. There is a wide range of simulation approaches, such as virtual simula-
tion, system dynamics, discrete event simulation, Monte Carlo simulation, agent-based 
simulation, and intelligent simulation [see, 17]. This paper focuses on virtual simula-
tion.  

Virtual simulations can be used to visualize and test digital copies of smart factories 
(e.g., digital twins). It can help optimize current factory processes or avoid future fail-
ures. For instance, virtual simulations can allow for optimizing planning and mainte-
nance decisions concerning the operations of a manufacturing system or assist in layout 
and factory planning. Virtual simulation also has potential in the study of intelligent 
robotics and industrial automation [18] by simulating and visualizing operations at the 
micro level using 3D graphics models [19]. 

3 Implementation of drone flight simulation 

In this study, a simulation was used to explore the potential of automated drones for the 
inspection of injection molding machines in Household Inc. The simulation model was 
based on an area of Household Inc.’s shop floor with nine injection molding machines. 
A simulation model mirroring the real shop floor was developed. The simulation model 
was implemented in five steps.  

The first step was to simulate drone operations. The research team used Gazebo, an 
open-source ‘3D dynamic simulator with the ability to accurately and efficiently simu-
late populations of robots in complex indoor and outdoor environments’ [20]. Gazebo 
was installed on a Linux operating system (OS) with a Ubuntu OS that supports the 
robot operating system (ROS)—a collection of tools, libraries, and conventions that 
helps software developers to build robot applications [21, 22]. Then RotorS, a modular 
drone simulation framework, was used to assemble a drone in Gazebo [22]. Figure 1 
shows the real AscTec Firefly hex-rotor drone from Ascending Technologies (owned 
by Intel) and the simulated Firefly drone in Gazebo. 

 

 
Fig. 1. (a) Real AscTec Firefly drone; (b) Simulated Firefly hex-rotor drone in Gazebo. 

 
The modular framework included drone components, namely, a body, a fixed num-

ber of rotors, and sensors attached to the body (e.g., inertial measurement unit, a generic 
odometry sensor, a visual-inertial sensor, and sensors developed by the user), all of 
which were ‘designed to be analogous to its real-world counterparts’ [22, p. 595]. The 
framework also included a position controller to access various levels of commands 
and a state estimator to obtain information about the drone state [22]. The RotorS sim-
ulator provided a fully functional trajectory tracking controller, which allowed for im-
plementing higher-level tasks such as collision avoidance, path planning, and vision-
based problems [22].  
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The second step was to simulate the environment for drone operations by building a 
virtual factory. Dimensions, appearance, and positions were measured and noted in the 
same production area, where the human-assisted drone experiment had been conducted 
[23]. The digital model of the shop floor was created in Fusion 360 software. Having 
knowledge about the operating environment helped better determine the drone path for 
precise navigation in a global positioning system–denied environment [see 24]. 

The third step was to define feasible airspace areas or corridors for the safe operation 
of automatic drones in factories, in part due to the air turbulence generated around 
drones. In this study, a safe area was defined by following the suggested flying space 
boundary [see, 8], allocating a 50 centimeter safety distance around the drone. An area 
was designated for safe take-off and landing for the automatic drone. Figure 2 shows 
the 3D model of the safe flight zone in the factory. 

 

 
Fig. 2. 3D model of the safe flight zone in the shop floor by Fusion 360. 

 
The fourth step was to develop flight scenarios. In this study, two scenarios were 

defined based on a trade-off between drone flight duration and coverage. Each scenario 
consisted of a flight trajectory with predefined waypoints for thermal inspection of the 
nine injection molding machines. The scenarios considered obstacles in the indoor 
physical environments that limited the maneuverability of automatic drone flights. The 
scale and duration of drone operations were also limited by current battery technolo-
gies. The first scenario was described as ‘quick and limited’ and designed to collect 
data from restricted angles (see Figure 3a) through 49 waypoints. The second scenario 
was described as ‘slow and detailed’ and designed to collect more data from each ma-
chine from multiple available angles in the safe zone, most notably by going on top of 
the machines with movable robotic arms (see Figure 3b) through 163 waypoints.  

 

 
Fig. 3. A schematic representation of the (a) quick and limited scenario and (b) slow and de-

tailed simulated drone flight scenarios. 
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The final step was to launch the simulation of drone flights in the virtual factory in 
Gazebo. Figure 4 shows the file structure of the simulation model that combines the 
files from RotorS, including both unchanged and changed libraries, Gazebo files, way-
points from Microsoft Excel software, and a 3D model of the shop floor from Fusion 
360 software. Having combined the various files in Gazebo allowed for the develop-
ment of AscTec drone flights in the 3D model of the company’s shop floor. 

 

 
Fig 4. The main file structure of the implemented Gazebo simulation. 

4 Results and discussion 

The virtual model simulated drone flights close to the real behavior of automated 
drones. It allowed for no-risk virtual tests and exploration of technological and opera-
tional opportunities and challenges of using automatic drones indoors. In this study, the 
simulation runs were evaluated on the basis of speed and safety.  

The quick and limited model, with 49 waypoints, took 3 minutes and 52 seconds. 
The slow and detailed scenario, with 163 waypoints, required 5 minutes and 47 seconds. 
In the case of Household Inc., both these durations were acceptable and considerably 
faster than manual inspections, which were estimated to on average 90 minutes for 9 
machines (10 minutes per machine including preparations and breaks). Household 
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Inc.’s production plant in Switzerland has 80 injection molding machines that are cur-
rently manually inspected four times a year. In a scenario with automated drones, in-
spections could be run much more frequently.  

Concerning the safety assessment, a 50 centimeter flying-space boundary was con-
sidered the minimum safety requirement by Household Inc. For some automatic drone 
flights, particularly for the inspection of machines with movable robotic arms, this 
safety distance was classified as risky. To assess potential risks for the two scenarios, 
an analysis of the minimum distance of the drone from three particularly critical ma-
chines with robotic arms was conducted (i.e., the three first machines in Figure 3(a) and 
3(b)). The drone’s minimum distance to any object in the area 90° straight down and 
45° to the front was measured. This view resembled the effective coverage area of the 
thermal camera. A Python script was written that read the depth sensor data published 
by the drone over the ROS channels. This sensor provided a point cloud, each point 
representing an observation of a surface. The script iterated for each published set (i.e., 
frame) through each point and determined the one closest to the drone. This minimal 
distance was then logged in a text file. Figure 5 shows the result of this test. It compares 
the two scenarios according to potential risks, defined as any flight position closer than 
1 meter from an object. The horizontal axis represents the flight completion percentage, 
and the vertical axis shows the minimum distance measures of the down-view to ob-
jects. The quick and limited and slow and detailed scenarios had 0 and 13 potential 
risks, respectively. 

 
Fig. 5. Minimum distance measures for the two scenarios. 

 
The results demonstrated that the virtual simulation helped Household Inc. evaluate 

the potential of automatic drones for thermography inspection and could quickly be 
adapted for different use cases and scenarios. The potential implementation of auto-
mated, routine thermal inspection of injection molding machines could help increase 
productivity at Household Inc. The company could discover heat losses and irregulari-
ties earlier than it can now, which could (1) reduce defective parts produced or improve 
the material quality of products, (2) increase machine uptime, (3) reduce maintenance 
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time (e.g., by reducing time to search for undetected heat losses, sources of oil leakages, 
and defective band heaters, isolations, and cooling systems), and (4) reduce energy 
costs. The potential savings to maintenance costs alone were estimated to be USD 
24,000 annually by Household Inc. managers. Given that the technology would be 
available, safe, and cost-efficient to implement and operate, there should be a positive 
business case for automated drone flights for inspection. With the current development 
of drone technology, such implementation could be possible within the next few years. 

5 Conclusions 

Automatic drones can improve indoor manufacturing processes, particularly repetitive 
tasks such as inspection operations, intralogistics for small parts, cycle counting in 
warehouses, security monitoring, ergonomic monitoring, risk monitoring, and building-
information modeling. Implementing automatic drones involves considerable techno-
logical and operational challenges. This paper showed that virtual simulations can ani-
mate automatic drone flights in 3D and help better understand the technological and 
operational challenges of using new technologies in real manufacturing environments 
and support decision-making and problem-solving processes. For instance, factory 
planners can use simulation models to evaluate, allocate, and design airspace for drone 
flights. Virtual simulation of automatic drones also helps set and define safe flight zones 
for indoor airspace, which helps quickly evaluate various scenarios, such as trade-offs 
between coverage, speed, and risks. Furthermore, factory managers can use 3D models 
to communicate and collaborate with drone technology developers, as well as sensor 
manufacturers and robotics companies, by virtually presenting the technological re-
quirements of using automatic drones with embedded sensors/technologies in their set-
tings. For instance, primary metal companies would require drones and thermal cam-
eras that can cope with high temperatures, petrochemical companies require explosion-
proof drone systems, and e-commerce warehouses may benefit from collaborative 
drone technologies (i.e., swarming) with advanced path planning and fleet management 
systems.  
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