[image: image1]Safety considerations for autonomous, modular robotics in aerospace manufacturing

		BRIEF RESEARCH REPORT
published: 18 November 2022
doi: 10.3389/frobt.2022.1024594


[image: image2]
Safety considerations for autonomous, modular robotics in aerospace manufacturing
Christoph Walter*, Simone Bexten, Torsten Felsch, Myroslav Shysh and Norbert Elkmann
Fraunhofer Institute for Factory Operation and Automation IFF, Robotic Systems, Magdeburg, Germany
Edited by:
Marcello Valori, Institute of Intelligent Industrial Technologies and Systems for Advanced Manufacturing (CNR), Italy
Reviewed by:
Jose Antonio Mulet Alberola, National Research Council (CNR), Italy
Luca Gualtieri, Free University of Bozen-Bolzano, Italy
* Correspondence: Christoph Walter, christoph.walter@iff.fraunhofer.de
Specialty section: This article was submitted to Human-Robot Interaction, a section of the journal Frontiers in Robotics and AI
Received: 22 August 2022
Accepted: 01 November 2022
Published: 18 November 2022
Citation: Walter C, Bexten S, Felsch T, Shysh M and Elkmann N (2022) Safety considerations for autonomous, modular robotics in aerospace manufacturing. Front. Robot. AI 9:1024594. doi: 10.3389/frobt.2022.1024594

Industrial robots are versatile machines that can be used to implement numerous tasks. They have been successful in applications where–after integration and commissioning–a more or less static and repetitive behaviour in conjunction with closed work cells is sufficient. In aerospace manufacturing, robots still struggle to compete against either specialized machines or manual labour. This can be attributed to complex or custom parts and/or small batch sizes. Here, applicability of robots can be improved by enabling collaborative use-cases. When fixed protective fences are not desired due to handling problems of the large parts involved, sensor-based approaches like speed and separation monitoring (SSM) are required. This contribution is about how to construct dynamic volumes of space around a robot as well as around a person in the way that their combination satisfies required separation distance between robot and person. The goal was to minimize said distance by calculating volumes both adaptively and as precisely as possible given the available information. We used a voxel-based method to compute the robot safety space that includes worst-case breaking behaviour. We focused on providing a worst-case representation considering all possible breaking variations. Our approach to generate the person safety space is based on an outlook for 2D camera, AI-based workspace surveillance.
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1 INTRODUCTION
Our goal is to use the SSM method to implement collaborative applications that allow humans and robots to work as spatially close to each other as possible. To achieve this, the necessary safety distances should be determined as precisely as possible, uncertainties should be minimized, and areas should be dynamically adapted to the situation. Many original works around SSM implementations address one of the sub-problems: collision or distance calculations Glogowski et al. (2019), robot control in terms of stopping or avoiding Ubezio et al. (2021), workspace monitoring in terms of detecting and sensing approaching objects or people Ferraguti et al. (2020). A good overview can be found in Miro et al. (2022). We are trying to work towards a feasible approach for co-design of aspects. This mainly concerns the computation of relevant spaces as well as the sensory workspace monitoring with the help of cameras in a form that promotes the interaction of the two aspects. With respect to the control of the robot, we do not rely on any kind of avoidance behavior, which in turn results in more complexity in the interaction with approaching persons and can thus be a source of uncertainty. Instead, we use the approach of stopping the robot as fast as possible. This approach should be implemented by all other behaviors anyway as a fallback possibility (failure of the equipment during the safety-monitored avoidance movement), whereby these systems can basically not be better in terms of improving the cooperation with the human by further reduced distances.
In aerospace manufacturing, the handling of large parts is a common occurrence Caterino et al. (2021). There is also low throughput compared to other industries. This leads to parts being stationary for some time while work is taking place around. A lot of work is carried out by human workers. When introducing robot-based automation for some of the tasks, the capability of close human-robot-collaboration and co-existence is beneficial Costanzo et al. (2022), Meißner et al. (2018). When reducing the overall robot speed is not desired, this leaves the options of minimizing separation distance by eliminating uncertainties, making it dynamic, and using capable sensors (German Commission for Electrical, Electronic and Information Technologies of DIN and VDE (2021)). Sensors should then be able to monitor position and movement of the persons in question in detail. Investigations of separation distances using different approaches were covered in the past Lacevic and Rocco (2010), Vicentini et al. (2014). More recent work also tries to exploit advances in pattern detection and recognition for safety applications Costanzo et al. (2022).
In the following section of this work we present a brief analysis of a particular use-case of intelligent robotics applicable to pre-assembly as well as final assembly of aircraft structures. The use of both fixed as well as mobile robots are being considered. The application is covering the fastening of HI-LOK™ collars. Here, it is beneficial to employ human co-workers in parallel with robots Caterino et al. (2021).
Next, we propose a method for the dynamic generation of first spatial volume around the robot based on pre-planned movement. This is a vital step for implementing a flexible and safe SSM-system. The need for dynamic generation of separation distance is also emphasized by the dynamic behaviour of the robot using autonomously generated actions based on models and environment perception.
In the final part, we discuss how to detect and monitor the presence of persons in the vicinity using optical sensors. We discuss the possibility of using artificial intelligence (AI) based detection of humans using cameras. Furthermore, we present our current approach to construct another spatial volume representing the human based on a projection of the convex hull of the image space silhouette onto the ground floor.
2 ANALYSIS OF A COLLABORATIVE APPLICATION
When we consider safety of robotics systems, it is mandatory to follow the principles laid out in the Machinery Directive EC (2006). The risk assessment is therefore specific to a particular implementation of a robot system, but contains reoccurring risks and mitigation measures. A major source of risk are mechanical hazards, like the collision of the robot with a person. Speed and separation monitoring aims to mitigate that risk by preventing the robot to contact a person close by while in motion. To better understand safety requirements, and in particular to evaluate implementations and possible improvements of speed and separation monitoring, we considered several possible implementations of the same application. We decided on the fastening of HI-LOK™ collars as the application. We consider this application because it is a common type of fastener used on many different parts of the fuselage. Some are more difficult to reach then others. Therefore it presents a suitable case for combining the different strengths of human workers and automatic solutions for working on the same product and in conjunction with shared work spaces (Figure 1).
[image: Figure 1]FIGURE 1 | Co-existence with human workers using fixed sensor placement for separation (A); Autonomous robot with fully dynamic safety space (B); Implementation using a non-collaborative setup (C).
We considered three possible variants: A non-collaborative implementation using fences (Figure 1C), a fixed robot with light curtains (Figure 1A), and an autonomous mobile robot with dynamic safety space (Figure 1B). The first variation would employ a large robot or a robot with a workspace extension via a linear unit in order to cover large shell pieces. It has no further implications for SSM. The other two variations use a small or medium sized robot which needs to be relocated multiple times in order to cover a large part. The third variation in particular would use a smaller type of robot because the mobile platform can easily move between each fastening step which in turn requires less reach of the actual robot arm. Here, power and force limiting would also be a strategy to mitigate collisions. In our case, SSM is still preferable since it better covers a wider range of tool related hazards, including non-mechanical ones. In this implementation, the robot needs to be made autonomous. It can reposition itself along the whole part as required based on situation dependent decision making. A human worker follows along at a distance in order to cover remaining work (parts not reachable for the robot). This however, requires dynamic repositioning of monitored safety zones. Furthermore, it is beneficial for the separation between robot and co-worker to be as small as possible in order for the worker to finish work shortly after the robot. This also minimizes the risk of inadvertently triggering safety stop by the worker. To summarize, the fully automated version behind fences is cumbersome when it comes to moving the part in and out. The other two versions show, that it is beneficial to reduce the necessary space between worker and robot in order to cut total time required. This is because larger separation distance results in less work to be done in parallel on the same part.
3 ROBOT SAFETY SPACE GENERATION
In our approach we split the separation distance in two parts: “robot safety space” and “person safety space”. Both terms are not to be confused with other terms found in the literature or in robot manuals like “maximum space”, “operating space”, “restricted space”, and so on. Here, robot safety space identification is the task of calculating the volume of space that may be occupied by a moving part of the robot at a certain point in time in case of occurrence of a stop condition. For a typical time triggered system this is aligned with activation times and is true for the duration of the cycle time. The stopping motion can be described by a swept volume. Similar swept volumes have been used for ensuring safety of whole movements in the past Täubig et al. (2011), but are usually used to cover a planned trajectory instead. The volume includes also the tool and parts attached to the tool. The robot safety space depends on the state of the robot, that is to say, on its point in time on the executed trajectory. It also depends on the performance characteristics of the equipment, like reaction times and braking capabilities Marvel and Norcross (2017). The contributing factors are laid out in the technical specification ISO/TS 15066 ISO (2016). For SSM, it provides a formula (Eq. 1) consisting of several summands for calculating the minimum required distance between any human worker and the robot system. It aims to stop the robot before an approaching human can touch the robot. It does not consider evasive movements. Nevertheless, a remark should be made that SSM cannot prevent humans from colliding with a robot that is in a stationary position after stopping. The separation distance [image: image] is calculated by considering the speed of the approaching human (vH) in conjunction with the complete chain of reaction times (TR) of the equipment plus the time required for stopping the robot (TS). This part of the equation requires knowledge of the position and speed of persons in the working area. However, if the speed is not known, a worst-case speed can be used instead. Uncertainty of the persons position (ZD) as well as an additional margin for sensor resolution (finger, hand, arm) (C) are added here as well. Another part of the sum is the distance and speed (vS) as the robot moves towards the person during its stopping motion. Here, information provided by the manufacturer to describe the breaking performance is used. For the maximum robot speed in the direction of an operator in the collaborative workspace (vR), we consider the current speed on its trajectory, which must be known and ensured. Again, some distance representing the uncertainty of the robot position (ZR) is added. 
[image: image]
There are some shortcomings to the standard approach when it comes to a person’s position and speed. If the person was guaranteed to be completely stationary, the robot could move in a way that it would stop directly in front of the person. In practice, this cannot be assumed. The stipulated assumption of 2 m/s for the person speed leads to a considerable distance requirement. This can only be countered by implementing a system with fast reaction times in conjunction with a slowly moving robot in order to minimize the stopping times. But not only faster reaction times of the equipment could bring worker and robot closer together. The simplification of reality that was used for the mentioned distance formula means that every body part of a person is treated the same. In contrast, workers may actually move their limbs, especially the arms, quite rapidly. This results in transient high speeds, exceeding the stipulated 2 m/s while being limited by the reach of the particular limb if the torso is not starting to move in the same direction as well. This leads to exaggerated separation distances. However, this only becomes a problem when actually performing live speed monitoring.
In our approach, we consider the robot and the person safety space separately. The advantage is, that each part can be adapted to the needs or circumstance associated with either the robot or the sensor system used for detecting persons. However, the robot safety space is not completely independent from the sensor used. The sensors response time is also a contributing factor for the safety space. During sensor latency, the robot would move according to its designated trajectory. This means that we have to distinguish between occurrence of a stop event, i.e., the intersection of robot and sensor safety space, a trigger signal between both sub-systems, and the start of a stopping motion.
Knowledge of the robot safety space is important for setting up an SSM-based HRC application. For a static set of pre-programmed trajectories, it is possible to consider the overall worst-case volume whereby all possible behavior variations of the robot are covered when stopping at any time during motion. In this case, safety barriers like light curtains can be placed at design-time to encapsulate the safety space. Although sensor performance, including spatial resolution and latency, need to be considered as well, this is a straight forward process. In the case of a dynamically generated movement, safety space is ideally done at run-time. Another possibility of handling dynamically generated motions would be to design it for a border-case and to perform a run-time check, whether or not the generated motion would be within these limits. The third case is the use of a more complex sensor systems which introduces constraints like occlusion. Here, the combination with dynamically generated motions is also possible. In order to deal with this general case, an online safety space calculation seems the most promising approach. In our case, we propose a voxel-based discretization in conjunction with a breaking model that covers not only a controlled stop, but also handles the case of departing the pre-determined trajectory by using dedicated (friction) breaks. This leads to larger safety spaces than assuming only the ideal breaking situation. By using a precise geometric model as well as the exact trajectory followed by the robot we can minimize the respective terms of the separation distance calculation.
We consider two different object types: Environment objects that can be considered as static, and dynamic collision objects (DCOBJ). These are links of serial robots for which the voxelization is done by additionally applying breaking calculations based on the specific robot model as well as its current motion state. It also includes attachments like tools or large parts. To process DCOBJs, we implemented a multi stage approach. It is based on a fast voxelization capability as illustrated in Figure 2. At first, the swept volume representing the part of the trajectory covered during reaction time of the detection system is generated. Here, the links are incrementally moved according to the pre-panned trajectory and the corresponding voxels are marked as occupied. Next, during an iterative process starting from the tool and working its way link by link backwards to the robots base the swept volume of the actuated link is generated and saved to a separate voxel structure. For all consecutive links, the previously generated swept volume is added to the added polygonal model of the currently actuated link. Rasterization of polygonal models as well as resampling of voxel structure from the previous iteration is done by applying conservative rasterization. This prevents thin primitives to partially disappear because they may not cover the voxel center. These steps aim to create a volume structure not only representing the robot geometry at a single point in time on its trajectory, but also the space potentially required when breaking from that exact moment until standstill in all combinations of breaking distances for each link. This gives us the worst-case volume of space that may be occupied by a moving part during breaking. For this, information on the breaking performance of the robot under the specific circumstances is required. The robot type, attached payload, joint configuration, and speed of movement influence the breaking time and the residual movements of each of the individual joints. While breaking at slow speed can be nearly instantaneous, the kinetic energy that needs to be dissipated when breaking at full speed is much higher. This puts stress not only on the motors or breaks and on the overall structure of the robot but also on the mount or fixture where the robot is attached. The many contributing factors lead to typically conservative specifications of worst-case breaking distances by robot manufacturer. Usually, you can find a table within the documentation that provides the necessary information for exemplary payloads, speeds and extension. The extension basically refers to the distance of the payload from the base. For the given starting point on the trajectory we look up the worst-case bracket from the provided table and use the resulting information as input for our swept volume calculation. In a final step, uncertainty of robot position is added to the voxel structure by marking all voxels within that distance to occupied voxels also as occupied. The algorithm is provided in pseudo-code in 1. In case of a sensor guided movement, the planned trajectory gets perturbed during execution by the sensor input. Our approach could handle such applications as well by sampling from all the possibilities of typically 2D sensor input. Even though inefficient, this covers amplification of Cartesian deviations at the tool by robot structure and could be optimized in the future.
[image: Figure 2]FIGURE 2 | Intermediate steps of the robot safety space generation (A–F); Polygonal representation (A), Voxel Representation (B), Simplification using bounding boxes (C), Swept volume when breaking 3rd joint (D), Combined result of braking 1st and 3rd joint (E), Space covered by ideal controlled stop (F).
Algorithm 1.. Robot Safety Space Generation
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To summarize the robot safety space generation, two points are notable: The use of detailed polygonal models of the robot and attachments is beneficial compared to using coarse approximations in the form of few geometric primitives (see A and C) in 2. That is to say, simplification is implicit when converting the polygonal models to a voxel representation. The advantages are, that no additional collision models are needed, and no unnecessary padding is included in the generated volume. Another notable fact is, that our algorithm easily generates the volume that covers all possible variations of breaking behavior. While the resulting volume is usually larger then the ideal behaviour in stop category 1 or 2 (see E and F in 2), the result provides better safety because it also covers category 0 stops as well.
4 WORKSPACE MONITORING AND PERSON SAFETY SPACE
For generating a detailed representation of the state of the person, we considered the capabilities of a camera based detection. Cameras deliver rich information with high spatial resolution. They can also be made with high frame rates and thus small reaction times, which is of particular importance for the workspace monitoring as we laid out in the previous section. Significant progress has been made when it comes to object detection by applying artificial intelligence (AI) based on machine learning.
The perception of humans in the workspace area of robots is required to rate situations differently. Camera-based systems like 2D cameras (color, gray scale) or depth cameras (RGB-D cameras) are used to capture the robots environment. The evaluation of the data from the camera system can be done with the latest AI-based systems. Here, machine learning (ML) methods such as deep learning are particularly suitable for solving the various tasks in image recognition such as the identification of a variety of objects in cluttered environments or in changing lightning than classical image processing methods.
There are a wide range of tasks in computer vision, and to determine which model can solve which tasks, we need to define the tasks what we want to solve (Figure 3). The simplest tasks for camera-based data is image classification (Figure 3A), in which only a single camera image is considered: if a person is recognized here, the system must activate an emergency stop, classification models were introduced by Krizhevsky et al. (2012) Simonyan and Zisserman (2014) or Huang et al. (2017) and the result refers to the whole image. To extract more detailed information from the image data, other methods for detection (Figure 3B) and segmentation (Figure 3C) can be used to analyse the robot environment. The detection networks localize objects in the image with the additional information of the classification within the estimated 2D-pixel coordinates (Ren et al. (2015), Liu et al. (2016), Redmon et al. (2016), Duan et al. (2019), Tan et al. (2020)). In Long et al. (2020), these models were tested on the MS-COCO data set of Lin et al. (2014) with various objects and people. As ML methods and models are constantly evolving, this provides a general overview of the method’s performance. Next, algorithms for pixel-wise classification (segmentation) are used to separate objects from the background. Representatives of segmentation networks were introduced by Ronneberger et al. (2015), He et al. (2017), Badrinarayanan et al. (2017) and Wang et al. (2020). Other models determine the segmentation of the individual body parts such as Lin et al. (2017), Güler et al. (2018) and Oved (2019). Additionally, the recognition of the human’s kinematic state is beneficial, so that the estimation is not only based on the human’s position. Here, it can be determined where the limbs of the human are and whether they are in a vulnerable position. However, the main advantage for acquiring the person’s kinematic state is to differentiate between different implications for possible separation distance violations: Rapid movement of the hand is limited by arm length, but movement of the whole torso is not. Network architectures that are able to capture the persons limbs to generate a topological skeleton (Figure 3D) as in Kendall et al. (2015), Cao et al. (2017), Güler et al. (2018) and Li et al. (2019) are available. Information is typically generated in 2D key-point coordinates, so that an additional distance estimation is required in order o generate world coordinates. Here, deep learning methods can directly determine a 3D position of the human in world coordinates or they can accomplish the construction of volumetric models (Saito et al. (2020), Suo et al. (2021)). Neural Radiance Fields (NeRFs) Mildenhall et al. (2020), Gao et al. (2022) are a recent technique to generate 3D-like representations from a set of 2D images of an object or scene.
[image: Figure 3]FIGURE 3 | Various computer vision tasks for humans detection: classification(A), detection(B), segmentation(C), skeleton (D)
The extend of the problem to be solved - detection by simple classification up to 3D reconstruction of limbs—has implications for accuracy, required computing power, remaining uncertainty. Other aspects relate more to hardware issues: Camera resolution and mounting distance, dynamic range, frame rate, and integration time. The dynamic range of standard cameras is still too small to easily cope with shadows, artificial light as well as direct sunlight in the same scene. The resolution is a trade-off between clearly resolving limbs, frame rate, and the input resolution of the network and thus of the available compute resources. To ensure a large viewing area and to avoid occlusion, at least two synchronized cameras should have an overlapping viewing area. In order to avoid occlusion problems and for a simplified distance calculation, we favour ceiling mounted cameras facing downwards. This approach is applicable to both, whole body detection as well as pixel-wise classification. However, it needs to be extended for differentiating limb movements.
We generate the person safety space again in multiple stages (Figure 4). The fist step is selecting an available camera that is not obstructed by either the robot safety space or other structures. We then detect the presence of a human using multiple models running in parallel. Next, the human is then segmented from background (Figure 4A). Next we compute the convex hull of that silhouette. A spatial volume is then constructed by projecting lines from the camera point of view onto the ground floor through the generated hull. In a final step, the resulting pyramid (Figure 4B) is thickened on all sides by the adding sensor uncertainty as safety margin, and finally the hypothetical distance the person could move during the combination of reaction and breaking time. The breaking time is dynamic and is taken from the previous step of calculating the robot safety space. Both volumes of space can then be used together to check whether or not they touch each other. If this is the case, the minimum separation distance would be reached and the stopping of the robot would need to be commenced. When multiple workers are present in the work area, an individual person safety space is generated and checked for intersection with the robot safety space for each individually. We presented results of an experimental setup for detecting humans in an industrial setting using machine learning techniques in Bexten et al. (2020).
[image: Figure 4]FIGURE 4 | Experiment for detecting a person using top-down perspective and general concept of workspace setup (A); Segmentation result with convex hull and top of 3D-pyramid (B).
5 CONCLUSION AND OUTLOOK
We have discussed the need for workspace monitoring and detailed separation distance calculation in order to enable intelligent robots in aerospace manufacturing. Application scenarios like the one mentioned in this paper benefit from the capability of human-robot-collaboration at least in the sense of co-existence in shared work spaces. The proposed method for 3D safety space generation which covers all possibilities of braking modes can already be used for analyzing static robot programs at design-time.
Our approach to generating the person safety space is based on generating a 3D representation out of a 2D segmentation of a top-down image in a post-processing step using a silhouette-based algorithm. A future, safety rated implementation of 2D image-based human detection would open up the possibility of deploying our approach. With further development, two interesting improvements are possible. The first one is related to 3D conversion of detected 2D image regions. Here, recent AI-based techniques like NeRFs show promising results when generating 3D representations directly. When considering reliability requirements of safety applications, a combination of multiple AI techniques in a redundant fashion seems to be the most promising approach to future implementations. In these scenarios, the presented algorithm can be applied to a combined 3D representation without any changes. The second improvement is related to differentiating between individual body parts of the recognized persons. This would avoid unnecessarily huge separation distances that are a result of treating every point on the body of a person the same. This would require a future safe implementation of techniques that observe the (approximate) state of a persons kinematic structure like body part recognition, 3D key-point tracking, or similar.
In order to implement the robot-side of the approach in real-world applications, the typical commercial robot controllers used currently need to be replaced. They lack both features and processing power. A robot controller with the capability of pre-planning the trajectory is needed. We also required the robot to safely monitor trajectory execution. The voxel-based computations are expensive in the sense that they require more compute power on the controller in conjunction with high-bandwidth interface to the sensor for volume data exchange.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author.
AUTHOR CONTRIBUTIONS
CW, SB, TF, MS, and NE contributed to conception and design of the study. CW implemented the safety space algorithms. SB performed the AI-recognition algorithm. CW wrote the first draft of the manuscript. CW, SB, MS, and TF wrote sections of the manuscript and provided images. All authors contributed to manuscript revision, read, and approved the submitted version.
FUNDING
This work was in part funded under grant number 20X1720C by the German Federal Ministry for Economic Affairs and Climate Action.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
REFERENCES
 Badrinarayanan, V., Kendall, A., and Cipolla, R. (2017). Segnet: A deep convolutional encoder-decoder architecture for image segmentation. IEEE Trans. Pattern Anal. Mach. Intell. 39, 2481–2495. doi:10.1109/tpami.2016.2644615
 Bexten, S., Saenz, J., Walter, C., Scholle, J.-B., and Elkmann, N. (2020). “Discussion of using machine learning for safety purposes in human detection,” in Proceedings of the 2020 25th IEEE International Conference on Emerging Technologies and Factory Automation (ETFA),  (Vienna, Australia, 8-11 Sep. 2011), 1587–1593. doi:10.1109/ETFA46521.2020.9212028
 Cao, Z., Simon, T., Wei, S.-E., and Sheikh, Y. (2017). “Realtime multi-person 2d pose estimation using part affinity fields,” in Proceedings of the IEEE conference on computer vision and pattern recognition,  (Honolulu, HI, USA, 21-26 July 2017), 7291–7299.
 Caterino, M., Chiacchio, P., Cristalli, C., Fera, M., Lettera, G., Natale, C., et al. (2021). Robotized assembly and inspection of composite fuselage panels: The LABOR project approach. IOP Conf. Ser. Mat. Sci. Eng. 1024, 012019. doi:10.1088/1757-899x/1024/1/012019
 Costanzo, M., De Maria, G., Lettera, G., and Natale, C. (2022). A multimodal approach to human safety in collaborative robotic workcells. IEEE Trans. Autom. Sci. Eng. 19, 1202–1216. doi:10.1109/TASE.2020.3043286
 Duan, K., Bai, S., Xie, L., Qi, H., Huang, Q., and Tian, Q. (2019). “Centernet: Keypoint triplets for object detection,” in Proceedings of the IEEE/CVF international conference on computer vision,  (Seoul, Korea, 27 Oct. 2019-02 Nov. 2019), 6569–6578.
 EC (2006). DIRECTIVE 2006/42/EC OF THE EUROPEAN PARLIAMENT AND OF THE COUNCIL of 17 May 2006 on machinery, and amending Directive 95/16/EC (recast). Luxembourg, Europe: Publications Office of the European Union. 
 Ferraguti, F., Talignani Landi, C., Costi, S., Bonfè, M., Farsoni, S., Secchi, C., et al. (2020). Safety barrier functions and multi-camera tracking for human–robot shared environment. Robotics Aut. Syst. 124, 103388. doi:10.1016/j.robot.2019.103388
 Gao, K., Gao, Y., He, H., Lu, D., Xu, L., and Li, J. (2022). Nerf: Neural radiance field in 3d vision, a comprehensive review. Priprint. doi:10.48550/ARXIV.2210.00379
 German Commission for Electrical Electronic and Information Technologies of DIN and VDE (2021). Safety of machinery - electro-sensitive protective equipment - Part 1: General requirements and tests. (IEC 61496-1:2020); German version EN IEC 61496-1:2020. 
 Glogowski, P., Lemmerz, K., Hypki, A., and Kuhlenkötter, B. (2019). “Extended calculation of the dynamic separation distance for robot speed adaption in the human-robot interaction,” in Proceedings of the 2019 19th International Conference on Advanced Robotics (ICAR),  (Belo Horizonte, Brazil, 02-06 Dec. 2019), 205–212. doi:10.1109/ICAR46387.2019.8981635
 Güler, R. A., Neverova, N., and Kokkinos, I. (2018). “Densepose: Dense human pose estimation in the wild,” in Proceedings of the IEEE conference on computer vision and pattern recognition,  (Istanbul, Turkey, 30 January 2018–31 January 2018)7297–7306. 
 He, K., Gkioxari, G., Dollár, P., and Girshick, R. (2017). “Mask R-CNN,” in Proceedings of the IEEE international conference on computer vision,  (Venice, Italy, 22 October 2017–29 October 2017)2961–2969.
 Huang, G., Liu, Z., Van Der Maaten, L., and Weinberger, K. Q. (2017). “Densely connected convolutional networks,” in Proceedings of the IEEE conference on computer vision and pattern recognition,  (Honolulu, HI, USA, 21-26 July 2017), 4700–4708.
 ISO (2016). ISO/TS 15066:2016. Robots and robotic devices—collaborative robots. Geneva, Switzerland: ISO. 
 Kendall, A., Grimes, M., and Cipolla, R. (2015). “Posenet: A convolutional network for real-time 6-dof camera relocalization,” in Proceedings of the IEEE international conference on computer vision,  (Santiago, Chile, 7 December 2015–13 December 2015), 2938–2946.
 Krizhevsky, A., Sutskever, I., and Hinton, G. E. (2012). Imagenet classification with deep convolutional neural networks. Adv. neural Inf. Process. Syst. 25, 1097–1105. doi:10.1145/3065386
 Lacevic, B., and Rocco, P. (2010). “Kinetostatic danger field - a novel safety assessment for human-robot interaction,” in Proceedings of the IEEE/RSJ International Conference on Intelligent Robots and Systems,  (Taipei, Taiwan, 18-22 Oct. 2010), 2169–2174.
 Li, J., Wang, C., Zhu, H., Mao, Y., Fang, H.-S., and Lu, C. (2019). Crowdpose: Efficient crowded scenes pose estimation and a new benchmark. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition.  (15-20 June 2019), Long Beach, CA, USA, 10863–10872.
 Lin, G., Milan, A., Shen, C., and Reid, I. (2017). “Refinenet: Multi-path refinement networks for high-resolution semantic segmentation,” in Proceedings of the IEEE conference on computer vision and pattern recognition,  (Hawaii Convention Center, 21 July 2017–26 July 2017), 1925–1934.
 Lin, T.-Y., Maire, M., Belongie, S., Hays, J., Perona, P., Ramanan, D., et al. (2014). “Microsoft coco: Common objects in context,” in Proceedings of the European conference on computer vision (Springer),  (Zurich, Switzerland, 6 September 2014–12 September 2014), 740–755.
 Liu, W., Anguelov, D., Erhan, D., Szegedy, C., Reed, S., Fu, C.-Y., et al. (2016). “Ssd: Single shot multibox detector,” in Proceedings of the European conference on computer vision (Springer),  (Amsterdam, Netherlands, 8 October 2016–16 October 2016), 21–37.
 Long, X., Deng, K., Wang, G., Zhang, Y., Dang, Q., Gao, Y., et al. (2020). Pp-yolo: An effective and efficient implementation of object detector. arXiv preprint arXiv:2007.12099
 Marvel, J. A., and Norcross, R. (2017). Implementing speed and separation monitoring in collaborative robot workcells. Robotics Computer-Integrated Manuf. 44, 144–155. doi:10.1016/j.rcim.2016.08.001
 Meißner, D.-W. I. J., Schmatz, M. F., Beuß, D.-I. F., Sender, D.-W. I. J., Flügge, P. D.-I. W., and Gorr, D.-K. E. (2018). Smart human-robot-collaboration in mechanical joining processes. Procedia Manuf. 24, 264–270. doi:10.1016/j.promfg.2018.06.029
 Mildenhall, B., Srinivasan, P. P., Tancik, M., Barron, J. T., Ramamoorthi, R., and Ng, R. (2020). Nerf: Representing scenes as neural radiance fields for view synthesis. CoRR abs/2003.08934
 Miro, M., Glogowski, P., Lemmerz, K., Kuhlenkoetter, B., Gualtieri, L., Rauch, E., et al. (2022). “Simulation technology and application of safe collaborative operations in human-robot interaction,” in Proceedings of the ISR Europe 2022; 54th International Symposium on Robotics,  (Munich, Germany, 20-21 June 2022), 1–9. 
 Oved, D. (2019). Introducing BodyPix: Real-time person segmentation in the browser with TensorFlow. Js . Available at: https://medium.com/tensorflow/introducing-bodypix-real-time-person-segmentation-in-the-browser-with-tensorflow-js-f1948126c2a0 (Accessed August 15, 2022). 
 Redmon, J., Divvala, S., Girshick, R., and Farhadi, A. (2016). “You only look once: Unified, real-time object detection,” in Proceedings of the IEEE conference on computer vision and pattern recognition,  (Las Vegas, NV, 27 June 2016–30 June 2016), 779–788.
 Ren, S., He, K., Girshick, R., and Sun, J. (2015). Faster r-cnn: Towards real-time object detection with region proposal networks. Adv. neural Inf. Process. Syst. 28, 91–99. doi:10.48550/ARXIV.1506.01497
 Ronneberger, O., Fischer, P., and Brox, T. (2015). “U-net: Convolutional networks for biomedical image segmentation,” in Proceedings of the International Conference on Medical image computing and computer-assisted intervention (Springer),  (Munich, Germany, 5 October 2015–9 October 2015), 234–241.
 Saito, S., Simon, T., Saragih, J., and Joo, H. (2020). “Pifuhd: Multi-level pixel-aligned implicit function for high-resolution 3d human digitization,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,  (Seattle, WA, 13 June 2020–19 June 2020), 84–93.
 Simonyan, K., and Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv preprint arXiv:1409.1556
 Suo, X., Jiang, Y., Lin, P., Zhang, Y., Wu, M., Guo, K., et al. (2021). “Neuralhumanfvv: Real-time neural volumetric human performance rendering using rgb cameras,” in Proceedings of the IEEE/CVF conference on computer vision and pattern recognition,  (Nashville, TN, 20 June 2021–25 June 2021), 6226–6237.
 Tan, M., Pang, R., and Le, Q. V. (2020). “Efficientdet: Scalable and efficient object detection,” in Proceedings of the IEEE/CVF conference on computer vision and pattern recognition,  (Seattle, WA, 13 June 2020–19 June 2020), 10781–10790.
 Täubig, H., Bäuml, B., and Frese, U. (2011). “Real-time swept volume and distance computation for self collision detection,” in Proceedings of the 2011 IEEE/RSJ International Conference on Intelligent Robots and Systems,  (San Francisco, CA, USA, 25-30 Sep. 2011), 1585–1592. doi:10.1109/IROS.2011.6094611
 Ubezio, B., Schöffmann, C., Wohlhart, L., Mülbacher-Karrer, S., Zangl, H., and Hofbaur, M. (2021). “Radar based target tracking and classification for efficient robot speed control in fenceless environments,” in Proceedings of the 2021 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS),  (Prague, Czech Public, 27 Sep. 2021-01 Oct. 2021), 799–806. doi:10.1109/IROS51168.2021.9636170
 Vicentini, F., Giussani, M., and Tosatti, L. M. (2014). “Trajectory-dependent safe distances in human-robot interaction,” in Proceedings of the IEEE International Conference on Emerging Technology and Factory Automation,  (Barcelona, Spain, 16-19 Sep. 2014), 1–4.
 Wang, J., Sun, K., Cheng, T., Jiang, B., Deng, C., Zhao, Y., et al. (2020). Deep high-resolution representation learning for visual recognition. IEEE Trans. Pattern Anal. Mach. Intell. 43, 3349–3364. doi:10.1109/tpami.2020.2983686
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Walter, Bexten, Felsch, Shysh and Elkmann. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/frobt-09-1024594-gx001.gif





OPS/images/inline_1.gif





OPS/images/frobt-09-1024594-g003.gif





OPS/images/frobt-09-1024594-g004.gif





OPS/images/inline_2.gif





OPS/images/math_1.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Safety considerations for autonomous, modular robotics in aerospace manufacturing		1 Introduction

		2 Analysis of a collaborative application

		3 Robot safety space generation

		4 Workspace monitoring and person safety space

		5 Conclusion and outlook

		Data availability statement

		Author contributions

		Funding

		Publisher’s note

		References









OPS/images/cover.jpg
& frontiers | Frontiers in Robotics and Al






OPS/images/frobt-09-1024594-g001.gif





OPS/images/frobt-09-1024594-g002.gif
CCo20y









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Robotics and Al





