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Abstract

:

To estimate the location of an object in an indoor environment, many indoor positioning techniques have been developed in recent decades. The popularity of indoor positioning systems has increased nowadays to enable the implementation of indoor location-based services. WIFI-based fingerprinting is one the most promising techniques to estimate the user or robot’s location in an indoor environment. Fingerprinting-based indoor positioning systems require the laborious task of environmental surveys to generate the fingerprinting database. This calibration process of a fingerprinting database causes the adaptability problem due to the high cost of the survey of the WIFI environment. Researchers have proposed different techniques to minimize the survey cost by means of the automatic generation of a fingerprinting database and its calibration. Most of these techniques only generate 2D path loss heat maps, while ignoring the height information of transmitting and receiving devices. In this paper, a systematic approach is presented to generate 3D path loss heat maps in which height information is also incorporated in the generation of more realistic 3D heat maps. The results show that the proposed technique for 3D environment generation outperformed the existing techniques, and the root mean square error (RMSE) is 2.17. Moreover, the proposed technique generated 3D heat maps effortlessly and its accuracy is almost equivalent to the real maps.






Keywords:


robotics; indoor positioning; IPS; fingerprinting; 3D maps; heat maps; RSSI












1. Introduction


Due to the popularity of the Internet of Things (IoT) in today’s world, positioning systems are being developed to identify the user’s location. Indoor positioning systems (IPS) are attracting the interest of many researchers due to the tremendous increase in Wireless Local Area Networks (WLAN), such as in universities, hospitals, etc. A lot of work is being done in IPS, but most of these systems suffer from high costs and low accuracy problems. Infrastructure-less techniques also exist for indoor positioning, and they do not have high deployment costs. WIFI-based IPS have become very attractive for researchers due to the large usability of WIFI-based devices by the users. Fingerprinting-based indoor positioning systems require a laborious task of database calibration, which causes the adaptability problem for this technique due to the high cost of the survey of the WIFI environment. Some techniques exist to automate the process of recording the Received Signal Strength Indicator (RSSI) values in the indoor environment. LOCALI constructs the RSSI heat maps for each Access Point (AP) by using the map information and eliminates the need for manual calibration of the database [1]. This approach generates 2D heat maps and provides good accuracy, but some cases are ignored due to the restrictions of the 2D environment. The 2D environment covers only the x and y coordinates, and thus ignores the height data, including the stair cases and multi-floor buildings. In this work, we present a systematic approach to generate 3D heat maps for WIFI-based indoor positioning. We construct 3D heat maps of the WIFI environment by using the map information. These constructed 3D environments cover the x, y and z-axis, thus include the height of the environment. The path loss model is used in our approach to record RSSI values of the 3D environment. This technique is quite robust and simple to record the RSSI values of the 3D environment and thus generate 3D heat maps in the complex 3D WIFI environment.




2. Existing Systems


Many indoor positioning techniques using the WIFI received signal strength indicator (RSSI) have been developed in recent years, such as RSSI Signal Strength [2], combined CSI Signals, and RSSI [3], time of arrival of signals [4], and WIFI channel state information [5]. Some existing techniques will be discussed in this section to give a broad overview of indoor positioning Systems. In the crowd-sourcing-based technique, instead of manually creating the radio-map database using a survey, the database is created online using active user input. Walkie-Markie [6] generates the environment map by using the crowd-sourcing method. A sufficient number of users are required for this technique to estimate the WIFI RSSI mark in Walkie-Markie. A wide range of sensors such as magnetic sensors, gyroscopes, accelerometers, etc. have been used to improve the accuracy and mapping [7] of indoor location-based systems. An indoor localization approach based on visual-inertial odometry (VIO), 3D map matching [8] and 5G testbed using IoT was proposed in [9].




3. Proposed Methodology


3.1. Construction of Pixel Map


To generate the 3D environment, the pixel map is necessary for our approach. The architectural maps of the “Arfa Karim Block, University of Gujrat” are used to construct the pixel maps. This task is done by tracing the architectural maps and constructing the pixel maps using the map drawing tool. The pixel map is converted into a grayscale image, and the intensity value for the walls is assigned as 0, while the intensity value for the doors is 128, 255 for the open area, 195 for the wall openings and 160 for the windows. Figure 1 shows the architectural map and its corresponding pixel map:




3.2. Three-Dimensional Environment Generation


The 3D array is used to construct the 3D environment on the basis of the pixel maps. After the 3D environment is generated, the WIFI environment is generated by assigning the particular boxes for the WIFI access points on the 3D environment to show the location of each WIFI access point. Figure 2 shows the 3D environment generated from the pixel map.




3.3. Three-Dimensional Path Loss Heat Map Generation


To generate the 3D heat map, the 3D environment is divided into grid blocks of 1 cubic meter. In the next step, the distance from each grid block to the access points is calculated. The weight of path loss (WPL) is calculated in Equation (1) to obtain the peak value from the profile vector to see if it is the wall. This equation counts the local maxima to check the number of walls. The effective path loss is calculated in Equation (2) by taking the product of PLW and wall attenuation factor (WAF) to handle the NLOS case. The Euclidean distance is measured in Equation (3) from the AP to the center of the block. The RSSI value for each block is calculated for the LOS or NLOS case in Equation (4) by using the RSSI prediction model and the above information. These RSSI values are then stored in the 3D array. The 3D heat maps are generated on the basis of these RSSI values.


  W P L =    ∑  G e t P r o f i l e P e a k V a l u e s  (  V  (   (  a , b , c  )  ,  (  x , y , z  )   )   )   2  ,  



(1)






  E P L = W P L × W A F ,  



(2)






   d   (   (  a , b , c  )  ,  (  x , y , z  )   )    =      (  a − x  )   2  +    (  b − y  )   2  +    (  c − z  )   2    ,  



(3)






  f  (  a , b , c  )  =  p 0  + 10 × v × log  (     d   (   (  a , b , c  )  ,  (  x , y , z  )   )     7   )  + E P L ,  



(4)




where    WAF    =   3.5  ,    p 0  = − 30    dB   , and   v =  {      1 ,                   W P L = 0       1.6 ,             W P L > 0        .





4. Experimental Setup


For experimental purposes, the Arfa Karim block, at the University of Gujrat, was selected. This block consists of three floors, whereas, for simplicity, two floors were selected for the experiment, i.e., the ground floor and the first floor. The floor plan of one of the floors is shown in Figure 1a. For simplicity, the hallway of these floors was selected for the experiment. The data were collected at each cubic meter on the floors, and the total number of points on these two floors used for the data collection was 258. While collecting data manually, it was observed that 50 access points were collected in the data. Only 12 access points at a permanent position were selected, whereas mobile and other temporary WIFI access points were ignored. An android application, “GETSensorData” [10], was used to collect the data on these points. All the experiments were performed on HP ZBook 15 G3 with 2.80 GHz Intel(R) Xeon(R) Processor and 16 GB of RAM.




5. Results and Discussion


The real-time RSSI values collected manually are compared with the RSSI values estimated by the proposed technique and the LOCALI [1] approach to validate the path loss parameters for both the LOS and NLOS cases. An area is selected on the floor map and its collected RSSI values are then compared with the values of the same area on our heat map. The collected RSSI values are the real-time values that were collected manually to perform a comparison with our heap map. Figure 3 shows the comparison between our approach and the real-time data collected manually. The comparison was made for 69 points on the map. The error statistics of these techniques are shown in Table 1. The results show that the RMSE of our approach is 2.17, and the existing technique was outperformed.




6. Conclusions


In this paper, a systematic approach is presented to generate the 3D path loss heat maps effortlessly to perform indoor positioning. These maps will be helpful for 3D environments to estimate the user location by considering the height parameter. The existing 2D techniques do not cover the z-axis, and thus the height of the user and the access points is not considered. After the generation of the 3D heat maps, the path loss and attenuation parameters are validated by comparing them with the real-time values of the selected area taken manually. The results show that the RMSE of 2.17 is attained using our proposed technique, which is better for the 3D environment. In the future, the furniture and number of persons can also be considered while recording the RSSI values to generate the 3D heat maps.
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Figure 1. Input: (a) floor plan of the ground floor of Arfa Karim Block. Output: (b) pixel map generated from the floor plan. 
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Figure 2. Three-dimensional environment generated automatically from the 2D pixel map. 
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Figure 3. Comparison of the real-time collected RSSI values with the RSSI values estimated by our proposed technique. 
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Table 1. The error difference of the RSSI values estimated by our approach against the LOCALI, IPS using IoT Sensors and the RSSI values collected manually.






Table 1. The error difference of the RSSI values estimated by our approach against the LOCALI, IPS using IoT Sensors and the RSSI values collected manually.





	Measure
	Proposed
	LOCALI





	Mean Error (dBm)
	2.17
	16.03



	Min Error (dBm)
	0
	−9



	Max Error (dBm)
	36
	49



	Correlation coefficient
	−0.09
	0.84
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