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Abstract

:

Featured Application


Existing camera systems may provide localization and tracking of everything marked, while AGVs do not have to carry sensors for localization and navigation themselves. This method provides centralized supervision of deployed robotic systems.




Abstract


The objective of this study is to extend the possibilities of robot localization in a known environment by using the pre-deployed infrastructure of a smart building. The proposed method demonstrates a concept of a Shared Sensory System for the automated guided vehicles (AGVs), when already existing camera hardware of a building can be utilized for position detection of marked devices. This approach extends surveillance cameras capabilities creating a general sensory system for localization of active (automated) or passive devices in a smart building. The application is presented using both simulations and experiments for a common corridor of a building. The advantages and disadvantages are stated. We analyze the impact of the captured frame’s resolution on the processing speed while also using multiple cameras to improve the accuracy of localization. The proposed methodology in which we use the surveillance cameras in a stand-alone way or in a support role for the AGVs to be localized in the environment has a huge potential utilization in the future smart buildings and cities. The available infrastructure is used to provide additional features for the building control unit, such as awareness of the position of the robots without the need to obtain this data directly from the robots, which would lower the cost of the robots themselves. On the other hand, the information about the location of a robot may be transferred bidirectionally between robots and the building control system to improve the overall safety and reliability of the system.
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1. Introduction


Imagine that in the future every building will look like a living organism comparable to a hive where both humans, robots, and other devices are going to cooperate on their tasks. For example, mobile robotic systems will assist people with basic repetitive tasks, such as package and food delivery, human transportation, security, cleaning, and maintenance. Besides fulfilling the purpose, robots need to be safe for any person that comes in contact with one, so any possible harm is avoided. A robot position tracking and collision avoidance plays a key role to ensure such capabilities.



There are many methodologies for motion planning and their theoretical approaches are described in a survey by Mohanan and Salgoankar [1]. One of the most used methods is Simultaneous Localization and Mapping (SLAM) [2] where the environment is not known, so a vision based system is placed on a robot to observe the area and create a map of it, eventually to perform trajectory planning on top of it. There were many enhancements of the SLAM methods proposed, some of them are compared by Santos [3] and the most common sensors used there are lidars [4,5,6,7] and depth cameras [4,8,9,10]. However, when the environment is known (indoor areas frequently), the advanced SLAM systems may become redundant and if more robots are deployed, it becomes costly when every single robot has to carry all sensors.



Therefore, some alternatives come to mind, such as real-time locating systems (RTLS), when devices working on the radio frequency communication principle are placed in the environment to determine the position of a robot. Under this technology, one can imagine WiFi [11,12], when time-difference measurements between the towers and the monitored object are obtained, or RFID [13,14,15], when tags shaped in a matrix on the floor or walls are detected by a transmitter on the robot. However, deployment of RTLS is not always possible, when WiFi needs uninterrupted visual contact and reliable communication between the towers. The RFID tags on the floor can be damaged during a time and the accuracy is based on the density (amount) of the tags. In general, RTLS is suitable only for indoor areas. On the other hand, the most common GNSS systems for outdoor navigation cannot provide a reliable solution in the case of indoor environments.



Another approach for robot navigation is odometry, which analyzes the data from onboard sensors and estimates the position change over time. Mostly the wheel encoders are used [16], or a camera for visual odometry [17]. Although, the odometry measurements have a disadvantage when they accumulate an error with time, as investigated by Ganganath [18], where he proposed a solution using a Kinect sensor that is detecting tag markers placed in the environment. Similar methods of robot localization when the map is known and visual markers are deployed are presented in [19,20]. The other possible solution of an object localization is a marker-based motion capture system, in which the functioning with multiple robots was demonstrated in [21], but only a single camera was used and all paper-printed markers were the same, so it is not possible to use it for device identification. Infra-red markers have a similar disadvantage, they were used for tracking AGVs with either a number of high-speed cameras in [22,23,24] or the Kinect system in [25]. When many robots at the same place are used, a field Swarm Robotics [26] comes to mind. Some algorithms tested with real robots were introduced [27,28], but they were not applied on different types of robots and have not been tested in cooperation with humans or in an environment where people randomly appear and disappear.



Except for the RTLS and motion capture, the previously mentioned methods are based on sensor systems carried by a robot. Furthermore, only the robot determines its pose and in case of an unexpected situation, it might lead to a fault state and connection lost without providing any reliable feedback to the control system of a building, as shown in Figure 1a. The RTLS avoid this situation, but only because of added devices such as communication towers. The marker-based motion capture system, if used in common areas like rooms and corridors of a building, needs many cameras deployed and a specific pattern of IR markers on every device. If there are tens or hundreds of devices, to define and to recognize the markers becomes a difficult task. However, smart buildings may already have their sensor systems, mostly cameras and related devices for security purposes. Nowadays, face-recognition and object detection software has been used in airports [29], governmental buildings, other public places, and even in smart phones. These capabilities lead us to an approach when the surveillance cameras would be involved in the facial recognition and tracking of any robot or device at the same time, meaning that every device has its unique easily printable marker that characterizes it, so the control system of the whole building has an independent feedback on a device’s pose continuously. This also extends the possibility of tracking things in an environment even though they are not electronic devices, for example important packages and boxes. Such a solution acts, as we call it, as a Shared Sensory System. This approach simplifies the tracking of new devices, as only their ID is needed, as well as a new marker to be placed on a device or thing to the control system.



Furthermore, the hardware costs are minimized when the devices do not need to carry any computational units or sensors. The image analysis, object detection, localization, and trajectory planning of AGVs may run in the cloud. The scheme of the system is shown in Figure 1b.




2. Test Benches and Methods


There are more options of detecting an object in an image as compared to a survey of Parekh [30]. For image processing and tag marker detection we used OpenCV library [31] and methodology described in [32] for detecting an Aruco 3D gridboard, which improves the reliability and accuracy of the detection in comparison with basic 2D tags. The gridboard (Figure 2) represents a coordinate frame and may be placed on a robot.



The OpenCV Aruco module analyzes an image from a camera and calculates the transformation from a tag to the camera. This transformation is represented by a homogenous transformation matrix, including the position and rotation of the detected coordinate frame. Every unique marker may represent a unique robot or device. When there are more of them placed in the field of view of a camera, the transformation between them is calculated directly, or in reference to the base coordinate frame. The homogenous transformation matrix from a global coordinate frame (base frame B) to the robot frame is calculated by Equation (1). The   T  B C    is a known transformation from the global coordinate frame to the camera frame. The   T  C R    is the detected transformation from the camera frame to the robot frame, obtained from image processing. The transformation matrices, in terms of robot kinematics, are described by Legnani [33].


   T  B R   =  T  B C    T  C R    



(1)







We assume that the placements of all cameras are known, the transformations between the cameras may be determined by their layout related to a world coordinate frame. With this information, it is possible to track and calculate the positions between tagged objects even if they are in different parts of a building. Number of cameras has an impact on the accuracy of the detection, as it is described in Section 3. Results show, however, that even a single camera provides reliable data on the location of an AGV. To demonstrate the difference between the number of cameras used, we designed a camera system with 3 cameras of the same type, which is shown in Figure 3 schematically and in Figure 4 as captures of simulation. Finally, the same system was deployed in the experiment, which is shown in Figure 5. Fields of view of those cameras intersect and are described in Figure 3. Such a system might serve, for example, as a face-recognition every time a human wants to enter a door. If this person is allowed to enter, the door can automatically unlock and open, which may be appreciated in clean rooms, such as biomedical labs, where, for example, samples of dangerous diseases are analyzed. Our methodology utilizes these kinds of cameras for AGVs localization and makes them multipurpose.



2.1. Simulation with Single Robot


The concept was simulated and tested in an environment similar to that described in the previous chapter and as shown in Figure 4a. The cameras were deployed above the doors in a corridor. In the simulation, an AGV position was represented as a box with a 3D gridboard on top of it. The robot was moving along a trajectory loop under the cameras. The results of this simulation are supposed to provide an idea about how accurate the detection can be if the environmental conditions (sun light, reflections, artificial lightning, etc.) are ideal, secondly what impact the cameras resolution has on the detection. The crucial outcome is the comparison between accuracy and processing time when resolution differs. As the processing time, we understand the period when the OpenCV algorithm is analyzing an image that was previously captured and stored in a buffer as the most recent. The average processing time depends on the number of pixels and stays the same no matter if an analyzed image was captured in the simulation or real test.



In Figure 4b–d, the images captured by all three cameras at the same time can be seen. The images were already processed, so the coordinate frame of the detected tag is visible. The resolution has an impact on a tag detection—higher resolution may detect a smaller (more distant) marker. The simulated resolutions for the chosen tags with dimensions of 70 × 70 mm were:




	
1920 × 1080 px



	
1280 × 720 px



	
640 × 480 px









2.2. Experiment


Based on the simulation result we performed the real test, as shown in Figure 5. The objective of the experiment was to determine the absolute accuracy of the detection. Therefore, the gridboard was placed on a static rod, which allowed us to check the detected position with its absolute value that was measured using a precisely placed matrix of points on the floor (white canvas in Figure 5). The rod was moved into 14 different positions, which were 250 mm apart from each other. In every position, 40 measurements were taken for a dataset that was analyzed later. The height of the gridboad above the floor on the simulated robot was the same as the height of the gridboard on the rod in the experiment, 460 mm exactly. The cameras were 2500 mm above the floor. Resolution was set to 1280 × 720 px for the cameras in the experiment when it provided the best performance in the simulation, as described in the Results Section. The control PC was running on Ubuntu 16.04 with a CPU of 4 cores at 2.80 GHz, the USB 3 was providing connection to the Intel D435i [34] depth cameras; however, only their RGB image was analyzed. It is important to note that camera calibration process is crucial for the accuracy of the detection, as it is described in [35]. The cameras were calibrated following these instructions.



In both simulation and experiment, the relation between the number of cameras and the detected position accuracy was examined.



For presenting the accuracy results of this method, we chose to determine the absolute distance from the point where a tag’s coordinate frame was expected to the point where it was measured. Only X and Y coordinates were considered, the Z coordinate is known for every robot—the height of a tag in our case. In Equation (2), the calculated accuracy error is presented. The   X 0   and   Y 0   represent the expected values, the   X 1   and   Y 1   represent the measured coordinates by a camera.


  e r r o r =     (  X 0  −  X 1  )  2  +   (  Y 0  −  Y 1  )  2     



(2)







In the simulation and experiment, only the position values X and Y of the gridboard were later analyzed and presented in the Results Section. However, during the image processing, all data as   X , Y , Z   position values and    R x  ,  R y  ,  R z    values for orientation were acquired.




2.3. Simulation with Multiple Robots


The purpose of the second simulation is to present the capabilities of our algorithm to detect multiple robots using multiple cameras. The trajectories and lookout of the robots are shown in Figure 6. The tags on the black robot were placed at different positions in comparison with the white robot, but the system can handle this. In comparison with the first simulation, the size of the tags was changed to 170 × 170 mm to highlight the scalability of the system. At some point of the simulation the robots are detected by one or more cameras and at another point both robots are detected by all cameras. The environment and camera position stayed the same as in the previous simulation with a single robot. The 1280 × 720 px camera resolution was used. The simulation step was set to   Δ t   = 0.0333 s, which corresponds to 30 fps, which is a general value for most of the cameras. Based on this setup, the velocity   v i   of the robot was calculated as the change of the position in two captured frames in time, as shown in Equation (3). The    X i  ,  Y i    represent the position of a robot in   i  t h    frame, the    X  i − 1   ,  Y  i − 1     represent the position of the robot in the previous frame.


   v i  =   1  Δ t        (  X i  −  X  i − 1   )  2  +   (  Y i  −  Y  i − 1   )  2     



(3)







The default speed of the robots was set to 1.5 m/s in the simulation, the error between this value and the calculated velocity v based on the marker detection is presented in the Results Section.



A video with an additional description of the simulation of multiple robots was uploaded on a YouTube channel [36] of the Department of Robotics, VSB-TU of Ostrava. A Python source code of the detection is available as a Github repository [37].





3. Results


In the case of the simulation with a single robot, we present data on the detection accuracy error for the three resolutions in Figure 7a, when the image from a single camera was used. The zero value of the graph represents the real position of the robot, measured by the CoppeliaSim simulation engine, where it is possible to read the absolute position data of every object. As expected, with a smaller resolution of a camera the accuracy drops down. However, the difference between Full HD and HD image resolution is only 4.8 mm on average. In addition, when observing the processing time for an image in Figure 7b the HD resolution may provide twice as fast detection as Full HD.



The simulation results with the single robot are presented in Table 1. The data show the relation between the resolution of a camera and its impact on detection accuracy and processing time. The accuracy can be influenced by many aspects, but the processing time of an image is very closely related to the number of pixels. Therefore, in the following real cameras experiment, 1280 × 720 px resolution was used when it provides (observing Table 1) good performance between accuracy and processing time.



More cameras can detect a gridboard all at once. In this simulation and experiment, we detected it with one, two or three cameras to compare the results. An average value of the position vector for two or three cameras was determined. In Figure 8 there is a comparison of the position accuracy error for single or multiple cameras. As shown in Figure 8b for the experiment, when more cameras were used, the absolute error was not improved significantly; however, the variance of the error was lowered. The reason why the error does not go down substantially when more cameras are used is that at a random position the robot appears in different areas of the images of every camera. In the center of an image, the localization is the most precise, in the sides of an image, the precision of detection is decreasing. This effect is described later in Figure 9.



The average values of the accuracy error in the simulation with the single robot and experiment presented in Figure 8 are stated in Table 2.



Figure 9 represents the distortion [35] of nonperfect calibration of a camera. Therefore, more cameras cannot guarantee the absolute accuracy of the detection; on the other hand, the error can be significantly lowered when there two or more cameras are used. In Figure 9, the 14 different positions were measured 40 times by a camera highlighted by the red circle in Figure 5. The set of points A with   X , Y   mm was very close to the center of the camera’s field of view. The set of points B was the most distant and the dispersion of the 40 measurements is the most significant.



The following graphs are the results of the simulation with multiple robots. In Figure 10, the accuracy of the algorithm is presented, comparing the defined path of the robots and the detected path.



The graphs of Figure 10 prove excellent general accuracy of the system. The results are overlapping with the absolute position values measured by the simulation engine and the difference is not clearly visible in this scale. Therefore, in Figure 11 the error values of the detected X and Y coordinates are presented. Zero error means that the detected position is equal to the real position of the robot. The colors of lines represent the cameras and the dashed line is the average value. There is no smoothing filter applied on the data, some peak values are visible. The application of filtering is one of the subjects for the future research.



The obtained data may be analyzed for other purposes, for example, in the graphs of Figure 12 the speed of the robots was calculated based on the difference between the positions in time, comparing   i  t h    and   i  t h − 1    frames. In the simulation for multiple robots, 175 frames were obtained in total.




4. Conclusions


In addition to the previous chapter where the results were presented, some other ideas and relations to the research of others may be discussed here. This study shows how the hardware that is already deployed may be used for another purpose in the case of smart cities and buildings, when only a software module with a control unit is added. The only prerequisite is having access to real-time image data of the installed camera system and computing capabilities for image processing, which can be run locally or in the cloud. In general, the price of a smart building is already high, and it increases with every added technology. This approach may lead to lower cost and create a Shared Sensory System for all AGVs at the level of a whole building and surrounding area.



We presented a possible use case when images of face-recognition security cameras, which were placed above the doors to provide automatic unlocking and opening, were also used for tracking of robots and other devices. This method can be applied to a robot navigation adding algorithm [38] for human and object detection of autonomous cars. Such capabilities would allow to stop or slow down a robot when a person is approaching while hidden behind a corner, so the human is not in the robot’s field of view. Alternatively, the methodology may be used along with SLAM to add another safety feature to the control system.



The choice of camera resolution has an influence on the reliability and processing time of the system. In our measurements, for the real-time tracking application, the 640 × 480 px resolution would be necessary, but the drop in the case of accuracy might be a problem. However, the processing time may be solved if more powerful control PC is used. In the experiment, we used resolution 1280 × 720 px, which provided the best ratio between accuracy and speed of localization for us. When more cameras are deployed, a higher computing power is demanded. Therefore, more processing units or cloud computing for analyzing the images should be considered. Another disadvantage of the system is that a device position might be lost if it is not detected by any camera. In this case, the control system should be prepared for dealing with such a situation. For example, the robot shall be stopped until allowed to continue in its trajectory or reset.



For the most accurate detection of a tag, every camera should be calibrated. On the other hand, if many cameras of the same type are deployed, the calibration constants can be determined statistically performing the calibration with a few of these cameras and distributing the calibration file with constants of average values. If a new camera is added to the system, its precise position can be determined using an additional device with tag markers placed at a certain distance from the camera using the device’s known dimensions.



In multiple camera detection, we use a simple distance average for the detected objects. Another approach to determine the position more accurately is to apprise the distance of every camera to the detected object. Therefore, the nearest camera that should provide the most precise detection would obtain a higher weight than the others. This is a topic for further research.



Our algorithm can deal with multiple marker detection. This can be deployed whenever in a building with coverage of the camera’s field of view and used for localization of any device with the marker, not only robots. In addition to that, this system could be applied in the outdoor environment using the surveillance camera systems deployed by governments. For example, in the case of the possibility of using the image data, car-sharing or autonomous taxi companies could place unique markers on the roofs of their vehicles fleet, and the position of a vehicle could be inquired in the governmental system, which might be an additional benefit for a public city.







Author Contributions


Conceptualization, P.O. and D.H.; methodology, Z.B. and P.O.; software, P.O.; validation, J.B. and Z.B.; formal analysis, V.K., D.H. and P.O.; investigation, Z.B. and J.B.; resources, D.H., V.K. and J.B.; data curation, P.O. and J.B.; writing—original draft preparation, D.H. and P.O.; writing—review and editing, D.H.,V.K. and Z.B.; visualization, P.O., D.H.,V.K. and J.B.; supervision, Z.B.; project administration, V.K. and Z.B.; funding acquisition, V.K. and Z.B. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported by the Research Platform focused on Industry 4.0 and Robotics in Ostrava Agglomeration project, project number CZ.02.1.01/0.0/0.0/17_049/0008425 within the Operational Programme Research, Development and Education. This article has also been supported by a specific research project SP2020/141 and financed by the state budget of the Czech Republic.




Conflicts of Interest


The authors declare no conflict of interest. The funders had no role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to publish the results.




Abbreviations


The following abbreviations are used in this manuscript:



	AGV
	Automated Guided Vehicle



	FPS
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	GNSS
	Global Navigation Satellite System



	OpenCV
	Open Source Computer Vision Library



	RFID
	Radio Frequency Identification



	RGB
	Red Green Blue



	RTLS
	Real Time Locating System
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	Simultaneous Localization and Mapping
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Figure 1. A robot pose determination: (a) Nowadays robots inform control systems about their pose; (b) Proposed method of determination of any device pose, robots may provide their own pose estimation so two-way detection is performed. 
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Figure 2. Aruco 3D gridboard with detected coordinate frame XYZ—red, green, blue, respectively. 
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Figure 3. Schematics of cameras placement: (a) top view; (b) side view. 
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Figure 4. Simulation environment: (a) top view; (b) red camera view; (c) blue camera view; (d) yellow camera view. Resolution for every camera was set to 1280 × 720 px this time. 
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Figure 5. Real test: the cameras are highlighted with yellow, blue, and red circles. The gridboard is in a green circle representing the position of an automated guided vehicles (AGV). 






Figure 5. Real test: the cameras are highlighted with yellow, blue, and red circles. The gridboard is in a green circle representing the position of an automated guided vehicles (AGV).



[image: Applsci 10 08452 g005]







[image: Applsci 10 08452 g006 550] 





Figure 6. Multiple robots simulation: (a) trajectories of the robots in the previously described environment; (b) marked robots, the size of the tags was set to 170 × 170 mm. 
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Figure 7. Simulation results: (a) detection accuracy error; (b) processing time. 
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Figure 8. Comparison of detection when one, two or three cameras were used: (a) simulation; (b) experiment. 
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Figure 9. Detection accuracy of a single camera in a real experiment. Every color represents a different set of measured positions. It is the red camera in Figure 5, specifically. 
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Figure 10. Comparison of detected and real positions during the simulation with multiple robot: (a) results for every camera; (b) average value. 
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Figure 11. Error between detected and real position of the robots: (a) X direction of white robot; (b) X direction of black robot; (c) Y direction of white robot; (d) Y direction of black robot. 






Figure 11. Error between detected and real position of the robots: (a) X direction of white robot; (b) X direction of black robot; (c) Y direction of white robot; (d) Y direction of black robot.



[image: Applsci 10 08452 g011]







[image: Applsci 10 08452 g012 550] 





Figure 12. Calculated velocity of robots: (a) white robot; (b) black robot. 
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Table 1. Average accuracy and processing time of detection in simulation.
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	Cameras Resolution (px)
	Average Accuracy (mm)
	Processing Time (ms)





	1920 × 1080
	   4.1   
	   278.9   



	1280 × 720
	   8.9   
	   138.5   



	640 × 480
	   117.5   
	   51.6   
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Table 2. Comparison of average accuracy error of detection in simulation with the single robot vs. real test.
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	Environment
	Average Accuracy of

1 Camera (mm)
	Average Accuracy of

2 Cameras (mm)
	Average Accuracy of

3 Cameras (mm)





	Simulation
	   11.8   
	   8.6   
	   5.7   



	Experiment
	   18.3   
	   15.5   
	   12.7   
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