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Abstract

:

One of the functionalities which are desired in Ambient and Assisted Living systems is accurate user localization at their living place. One of the best-suited solutions for this purpose from the cost and energy efficiency points of view are Bluetooth Low Energy (BLE)-based localization systems. Unfortunately, their localization accuracy is typically around several meters and might not be sufficient for detection of abnormal situations in elderly persons behavior. In this paper, a concept of a hybrid positioning system combining typical BLE-based infrastructure and proximity sensors is presented. The proximity sensors act a supporting role by additionally covering vital places, where higher localization accuracy is needed. The results from both parts are fused using two types of hybrid algorithms. The paper contains results of simulation and experimental studies. During the experiment, an exemplary proximity sensor VL53L1X has been tested and its basic properties modeled for use in the proposed algorithms. The results of the study have shown that employing proximity sensors can significantly improve localization accuracy in places of interest.
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1. Introduction


One of the biggest challenges that modern societies might face in the coming years is the aging of their populations. According to the European Commission report [1], the projected percentage of people aged 65 or higher in 2070 will be 42.1%, while in 2016 it was 25%. Additionally, the number of working-age persons for every person aged over 65 will fall from 3.3 to 2. It means that the traditional care system consisting in young, healthy people caring for the older ones will become ineffective. Therefore, there is an urgent need for solutions, which will support the elderly persons care and significantly reduce caregivers workload.



The above problem can be partially solved by prolonging elderly people’s independent living by using modern Internet-of-Things technological solutions. Ambient and Assisted Living (AAL) programme supports their development by funding various projects aiming to improve older people’s health. Among many AAL projects, there are solutions intended to support elderly people living alone at their homes. Their main goal is to reduce the burden of the caregivers and allow many older people to independently live at their homes for as long as possible [2].



The designed and implemented AAL platforms are usually comprised of a set of sensors and devices, which are used to monitor an older person’s health state and behavior and help them in daily tasks. One of the functions allowing to monitor a user’s activity and behavior is user localization, which is usually delivered by a localization system being a part of the platform [3]. The localization systems used in the AAL platforms should meet several requirements. First of all, their accuracy should be high enough to provide the caregivers with reliable data to detect abnormal behaviors [4] or life threatening situations. For example, the localization data should allow to detect presence near vital spots such as near a gas stove or in a shower, to properly react in case of the prolonged, unusual and possibly dangerous activities. Secondly, it should be energy efficient to avoid frequent charging of system devices. Unfortunately, meeting both of these requirements using conventional solutions is often hard.



1.1. Indoor Localization Systems


Conventional radio indoor localization systems can be divided into two groups based on the type of used signals: narrowband systems and ultra-wideband (UWB) systems. Narrowband systems, which usually use widely spread standards (e.g., WiFi [5] and Bluetooth [6]) typically allow to localize the user with accuracy from one to several meters. UWB-based solutions [7] are much more accurate. Their localization accuracy can be as high as a dozen centimeters, but since the employed technology is not as known as than the aforementioned, they are less popular.



In the UWB positioning systems [7], the users are usually localized based on the time of arrival measurements of signals transmitted from the localized tags to the system infrastructure. Due to the short duration of the UWB signals (less than 1 ns), the time measurements can be performed with a resolution as high as 15.65 ps [8], which under the right conditions, can allow for precise and accurate localization. The two typically used localization methods in the UWB based systems are Time of Arrival (ToA) and Time Difference of Arrival (TDoA).



In Time of Arrival-based UWB systems [9] users location is derived based on the signal propagation times between the localized tag and the anchors comprising the system infrastructure. Range to the anchor is usually measured using the Two-Way Ranging procedure (TWR) which consists of exchanging packets between the tag and the anchor, noting their transmission and reception times [9]. The main advantage of this method is that, since the distance between the tag and each of the anchors is measured independently, anchor synchronization is not needed. On the other hand, ranging with each of the anchors on its own takes time and in case of extensive packet exchange, the infrastructure’s radio interface might become cluttered, which would limit the number of localized tags.



The Time Difference of Arrival method consists of localizing the user based on the difference of times, at which the anchors receive signals transmitted from the tag [10]. Typically, the only transmitting devices in this method are the tags, which helps to organize the transmission and allows to achieve higher system capacities when compared to ToA. The main problem with implementing TDoA is the requirement to achieve accurate and reliable anchor synchronization. In commercial systems, it is usually done by transmitting synchronization signals to the anchors with cables [11] but can also be achieved wirelessly by adding another reference anchor to the system infrastructure [10].



Both ToA and TDoA allow for precise localization in Line-of-Sight propagation conditions. The typically obtained accuraccies are at the level of a dozen centimeters [12]. When the propagation occurs in Non-Line-of-Sight Conditions (NLOS) the accuracy is usually lower.



Localization in narrowband systems is typically based on measurements of Received Signal Strength (RSS). In tracking and monitoring systems, where the transmitting tags are being localized, they are usually performed by the anchors. Those systems usually employ well known and widely spread standards such as WiFi or Bluetooth (more recently Bluetooth Low Energy BLE [13,14]). Most of the systems localize the users with one of two methods: fingerprinting or RSS ranging.



Fingerprinting is a method which consists of comparing the signal levels received by the anchors with a previously prepared radio map [14] containing information on signal levels received from particular places. Besides its easy implementation, the main advantage of the method is that it does not require any information on a system infrastructure placement or location. Unfortunately, achieving high accuracy localization demands preparing accurate high-density radio maps, which is usually done manually by placing the tag in points distributed in the area and storing received signal level values. Such a radio map is valid only for a specific configuration of a propagation environment and every change, such as moving a piece of furniture, may negatively impact a system’s accuracy. Radio map creation can be sped up using crowdsourcing [15] or interpolation [14], but since they still require performing some measurements, it would be hard to implement fingerprinting in a home environment.



Systems using RSS ranging are much easier to deploy. In that method, the user is localized by estimating their distance from the anchors based on a propagation model. The accuracy of the method depends on how accurately the assumed model reflects complex propagation conditions of the deployment area. Typically, the systems use simple models such as path loss exponentials [6] or multi-walls [16].



Narrowband systems average localization errors typically does not go below one meter. The accuracy highly depends on a place where the system is deployed and the number of anchors comprising the infrastructure. In apartments with extensive furniture, propagation models might not properly reflect the real conditions, and the accuraccy might suffer. Thus, the mean errors of the solutions found in the literature cover a broad range of 1–2 m [6] to 4–6 m [14].



A localization technique, which deserves attention is the Angle-of-Arrival (AoA). It can be used in both ultra wideband and narrowband systems and consists of estimating the directions from which the signals transmitted by localized object reach system anchor nodes. It can be done by rotating a directional antenna [17] or analyzing phase differences using antenna arrays [18]. The method does not require maintaing precise synchronization of the infrastructure [19] and allows to achieve results of accuracy comparable to RSS-based methods (average error of few meters) [20].



The localization accuracy that is possible to achieve with UWB-based systems is much higher than in case of narrowband WiFi or BLE solutions. Unfortunately, energy consumption of UWB devices is on a relatively high level. For the ToA-based system described in [9], it was estimated that the tag would work without recharging for 74 h if it were powered with 6000-mAh battery pack. In case of wearable devices, which usually use smaller batteries this time would be even shorter. BLE is more energy efficient. In case of BLE-based systems, in case of rare transmission tags, working times could reach 2 years powered by a coin battery. Moreover, due to the UWB technology being less popular and widespread, it is much more expensive and the overall cost of the localization system could be too high for the majority of older persons. That would make BLE a preferred choice for AAL solutions, but since its localization accuracy might not be enough for some services, it should be improved. It can be done by using hybrid localization methods combing measured BLE RSS with results obtained using different technologies.




1.2. Hybrid Localization Systems


In hybrid localization systems, user localization is computed based on different types of measurement data obtained using one or more various technologies.



The first group of hybrid localization systems are systems in which the user is localized using one technology based on various signal factors. Most notable examples combine typical measurements of RSS or TDOA with direction estimation AoA. In [21], a simple single device localization system is presented. The device uses RSS measurements to estimate a distance from the localized object and AoA to estimate direction, in which it is located. Such approach allows to minimize the number of reference anchor nodes to one. An interesting example of AoA usage in hybrid localization schemes is presented in [22], where a hybrid TDOA/AOA Extended Kalman Filter based algorithm for UWB localization system is described and tested. Another hybrid combination is RSS/TDOA, which can be used in WiFi-based systems [23].



In the second group of hybrid localization solutions, the users are localized using two or more different technologies. A very popular combination is fusing results obtained using the radio part with data from inertial measurement units. In [24], smartphone results from inertial sensors and magnetometer are used to support BLE-based fingerprinting. The presented solution allowed to localize the robot in places, where there was no coverage of BLE anchors, and quality of the radio map was poor. In [25], IMU senors were used for movement direction and gate analysis. The additional data allowed to significantly improve BLE positioning accuracy. A similar approach was taken in [26], where a single accelerometer was used for gait analysis, which allowed to improve localization accuracy in a UWB system.



Another large group is that of hybrid systems mixing two or more radio technologies. In [27], an asset tracking system using WiFi and Bluetooth is presented. It uses WiFi fingerprinting for early, rough asset localization and when the user gets closer, localizes it with greater accuracy using BLE trilateration. The same combination was used in a system deployed in a university library [28]. Here, the users were localized using BLE and WiFi fingerprinting. The system utilizes the fact that due to different anchor placement and propagation conditions, accuracy of the radio maps for BLE and WiFi varies in the same places. The localization errors for both maps are estimated during the map creation. During normal system operation the users are localized using both technologies concurrently and the more probable result is chosen. Another combination of technologies is BLE-UWB. In [29], UWB was used periodically to improve BLE-based localization. In [30], it was used in the process of radio map creation, which consisted in gathering points for the BLE radio map while localizing the user using UWB and then interpolating the missing parts based on the fitted exponential propagation model.



Solutions combining radio technologies with other types of sensors are much less common. In [31], a system concept, where the users are roughly localized using BLE and then tracked with vision systems is presented. Another example is [32], in which WiFi and ultrasound-based hybrid fingerprinting is presented.



An interesting type of sensors, which is not that popular and could be used in hybrid localization, are proximity and ranging sensors. They are usually used in robotics for SLAM (Simultaneous Localization and Mapping) but some examples of their use for localization can also be found. In [33], the sensors are used to form an array monitoring a small area of 600 × 300 mm dimensions. The sensors are used to track a round object moving around on a robot. The localization errors are very low and below 1 cm. Simulation of another example of a proximity sensor network is presented in [34].



The described proximity or ranging sensors network solutions would allow for easy device-free localization. Unfortunately, deploying such systems would require placing a large amount of sensors in fixed places, which makes them practically difficult to use in home environments. However covering with them selected spaces would not be problematic. Although, such sensors could be a good addition to radio-based systems, the author have not found any examples of employing them in hybrid localization schemes.



The paper presents a novel hybrid localization concept combining Bluetooth Low Energy with ranging sensors. The presented solution is the effect of the works started in [35], where a concept was briefly described and tested with very simple experiments. The proposed system concept is intended mainly for indoor user localization in AAL solutions. The user is localized using a BLE system, which is supported with a few singular proximity sensors placed in the areas, where BLE-based localization is less accurate or are important from older person’s safety point of view (e.g., a shower, near a stove). The results from both parts are fused using two types of hybrid localization algorithms. The presented concept was tested with simulations and experiments conducted in a typical fully furnished flat. The paper also includes the results of experimental assessment of VL53L1X [36] proximity sensor properties.





2. Hybrid Localization Concept


The typical received signal strength-based positioning systems, due to difficult and complex multipath propagation environments typically present indoors, do not allow for very accurate and reliable localization. Localization errors are particularly high at the edges of the area covered by the system or in closed spaces such as toilets or bathrooms. It comes from the fact that the propagation between the localized devices and most parts of the system infrastructure occurs under OLOS (Obstructed Line-of-Sight) or NLOS (Non Line-of-Sight) conditions, which introduce significant signal attenuation. The concept proposed in the paper consist in additional coverage of those and other vital places with proximity sensors.



Proximity sensors are small and cheap devices, which allow to detect presence and measure distance from objects located at moderate distances up to a few meters. Although it is possible to use them for distance measurement, they should not be mistaken with much more advanced laser distance meters. Proximity sensor field of view typically has a shape of a conical beam covering an angle up to a few dozen degrees, whereas laser distance meter is much more directional.



An exemplary scenario of the proposed hybrid concept use is presented in Figure 1.



In the proposed system concept, the localization system consists of three parts:




	
a tag, which is worn by the user



	
an infrastructure comprising a set of BLE anchors and proximity sensors



	
a system controller








The system operates in the following way. The tag, which is worn by the user, repeatedly sends BLE packets in the advertisement channels. The anchors receive them and measure the RSS (Received Signal Strength). Meanwhile, the proximity sensors perform independent, periodical distance measurements. Results from the infrastructure are sent to the system controller, which is an application running on a regular PC or a dedicated server and is responsible for position determination. The results can be exploited by an external system delivering services to monitored persons and their caregivers. For example, in the IONIS project [37] cloud-based solution performs these functions. The system controller manages the localization system infrastructure. In case of an anchors or tags failures (that are reported by anchors or detected if the communication with devices is lost), the alert message is sent to the cloud.



For most of the time, a user’s position is derived using BLE power measurement results only (Figure 1a). When the user steps into the area covered by one or more proximity sensors and their presence is detected, a hybrid algorithm combining BLE and ranging results is used. Unfortunately, since the proximity sensors have no way of discriminating between different users and the presented solution is intended for locating on individual only. That problem could be resolved by prior localization of the users based on BLE only and checking which user is closer to the sensor. However, because of low BLE accuracy, this approach would not be dependable when the users are close to each other. Since the system is intended for use by an older person living alone, it is not a major drawback.



In the presented system architecture, the BLE anchors and the proximity sensors are separate devices, but it is possible to integrate them. It would simplify communications with the system controller and greatly reduce number of power supplies needed by the infrastructure. However, such an approach is not the best for localization. A proximity sensor maximum range is usually limited to a few meters and it would be best to orient its beam parallel to the ground to maximize the covered area. It would also mean placing the sensors in lower positions, so the signal could easily reflect off the localized person. However, such placement might not be the best choice from a BLE signal propagation point of view, because of a large number of obstacles present at waist height.




3. Localization Algorithm


In the proposed concept, the user is localized based on two types of data coming from the system infrastructure: RSS measurements performed in BLE radio interface and ranging results from proximity sensors. The concept assumes use of different algorithms for the possible scenarios of user localization, which are:




	
the user is not in the area covered by any of the proximity sensors and is localized using only BLE RSS measurement results (Extended Kalman Filter based algorithm),



	
the user’s tag is off or disabled and he is localized based solely on ranging data,



	
the user wears the tag as normal and is present in at least one of the proximity sensors beams (hybrid algorithm in one of two versions: loosely or tightly coupled).








3.1. BLE Based Algorithm


The first localization method used in the proposed system is an Extended Kalman Filter (EKF)-based algorithm [38] utilizing solely BLE power measurement results. The main advantage of the EKF over traditional geometry-based methods such as trilateration is that the result of the EKF if a combination of the result calculated using performed measurements and the prognosed location based on the previous user position. It allows to mitigate abrupt changes of signal level, which often occur in the multipath environments. Additionally, the number of the results that can be used for localization is not limited. In EKF it is also possible to take into consideration higher variance of the results obtained by the anchors, which are far away from the tag. In the algorithm, the localized user is treated as a dynamic system and the state at the current moment k is described by a vector:


   x k  =     x    v x    y    v y       



(1)




containing the user’s current coordinates: x, y and velocity components:   v x  ,   v y  . The vector does not include information on the z coordinate (height, at which the localized tag is worn) and corresponding velocity. All of the algorithms presented in the paper are intended for 2D localization and z value is one of the algorithm parameters.



The EKF is an iterative algorithm consisting of two phases: time-update phase and measurement-update phase. In the time-update phase, the localization of the user at the current moment k is predicted based on the location calculated for the previous moment (  k − 1  ) and the assumed movement model. The equations comprising this phase are:


    x ^   k ( − )   = F   x ^   k − 1 ( + )    



(2)






   P  k ( − )   = F  P  k − 1 ( + )    F T  + Q  



(3)




where:




	
   x ^   k ( − )    is the predicted state vector value,



	
   x ^   k − 1 ( + )    is the state vector value obtained in the previous EKF iteration,



	
  P  k ( − )    and   P  k − 1 ( + )    are the state covariance matrices of the above vectors,



	
F is the state transition matrix containing the movement model,



	
Q is the process noise covariance matrix.








The movement model used in the algorithm is the Discrete White Noise Acceleration (DWNA) [39] model, in which the movement between the analyzed moments is uniform and linear and acceleration is treated as process noise. For the DWNA, matrices F and Q have the following form:


      F =     1    Δ t    0   0     0   1   0   0     0   0   1    Δ t      0   0   0   1              Q =      Δ  t 2       1 2  Δ  t 3     0   0       1 2  Δ  t 3       1 4  Δ  t 4     0   0     0   0    Δ  t 2       1 2  Δ  t 3       0   0     1 2  Δ  t 3       1 4  Δ  t 4        σ  a  2       



(4)




where   Δ t   is algorithm update rate and   σ a 2   is acceleration variance, which is usually assumed to be in the range of 0.5–1 of a moving man’s maximum acceleration.



The obtained predicted localization    x ^   k ( − )    is updated with measurement results in the measurement-update phase. This phase consists of estimating measurement results, which would be obtained for the predicted localization based on assumed sensor model (BLE anchor model). The predicted measurement results are then compared with the actual values measured by the infrastructure. The set of equations making this phase is as follows:


   K k  =  P  k ( − )    H k T     H k   P  k ( − )    H k T  +  R k    − 1    



(5)






    x ^   k ( + )   =   x ^   k ( − )   +  K k    z k  −  h k   (   x ^   k ( − )   )    



(6)






   P  k ( + )   =  I −  K k   H k T    P  k ( − )    



(7)






   z k  =      R S  S 1     ⋯    R S  S n        



(8)






   h k   (  x k  )  =      R S  S 1   (  x k  )     ⋯    R S  S n   (  x k  )        



(9)




where:




	
  z k   is the measurement vector containing RSS (  R S  S n   ) measurement results,



	
   h k   (  x k  )    is the sensor model used to calculate measurement values which would be obtained for the predicted tag localization,



	
  H k   is a linearization of the sensor model,



	
  K k   is the Kalman gain ,



	
  R k   is the measurement covariance matrix.








In the proposed algorithm, the power levels received by the anchor (sensor model) were calculated using the exponential path loss model:


  R S  S n   (  x k  )  = R S  S 0  − 10 γ  log 10    d (  x k  )   d 0    



(10)




where:




	
  R S  S n    is the signal power received by the anchor n,



	
d is the distance between the anchor and predicted tag localization,



	
  R S  S 0    is the received power at the reference distance from the tag   d 0  ,



	
 γ  is the path-loss exponent.








The prediction updated with the measurement results is the final result of the algorithm iteration and is used as the input for the next EKF iteration.




3.2. Proximity Sensors Based Localization


The second proposed localization method consists of locating the user based on ranging results only. The basic idea behind the algorithm is illustrated with Figure 2.



When the result from only one sensor is available (Figure 2a) it is difficult to precisely localize the user—his location can only be expressed as an arc located at the measured distance. Since the system requires results as exact x-y coordinates, the user is roughly localized in the center of the sensor beam at the measured distance.



In this situation, when the user is in the range of two or more proximity sensors, his/her location can be inferred more precisely. One of the most popular choices for localization in case of ranging measurements is the trilateration algorithm [14]. It consists of finding an intersection of two arcs corresponding to distances measured by the sensors. Here, since the user, from whom the signal is reflected is not very small, a situation in which those arcs intersect would be extremely rare and the trilateration algorithm would suffer. Here, an alternative, simplified method is used. In this method, the user is located by each of the sensors separately at the sensors’s main axes as presented in Figure 2b. Then, the obtained localizations are fused by calculating the weighted average:


      x =    ∑ i   1  σ  i  2    x i     ∑ i   1  σ  i  2              y =    ∑ i   1  σ  i  2    y i     ∑ i   1  σ  i  2          



(11)




where   σ  i  2   is the variance of the distance measurement performed by the sensor. Applying weights, which are inversely proportional to measurement variance allows to take into account the higher uncertainty of locations at bigger distances, which result from a lower level of the reflected signal received by the sensor and a longer arc due to a wide covered area. Assuming that all of the sensors are independent of each other, the variance corresponding to the computed localization can be approximated as:


   σ 2  =  1   ∑ i   1  σ  i  2      



(12)







The obtained value would be the final result in case of localizing a user without the tag. In case of a presented hybrid solution, it will be an input to loosely coupled version of the hybrid algorithm.




3.3. Loosely Coupled Hybrid Algorithm


The first version of the hybrid algorithm used in the system is loosely coupled. It means that the user localization is calculated separately using both technologies and then fused. Localizations based on BLE power measurements and ranging are calculated using algorithms presented in Section 3.1 and Section 3.2 respectively. The obtained results are then fused using the following formula:


  p =  p  B L E     σ  R A N  2    σ  B L E  2  +  σ  R A N  2    +  p  R A N     σ  B L E  2    σ  B L E  2  +  σ  R A N  2     



(13)




where:




	
  p  B L E    is the localization calculated based on BLE power measurements (6) and   σ  B L E  2   is the corresponding variance taken from covariance matrix P (7),



	
  p  R A N    is the localization calculated based on ranging results (6) and   σ  R A N  2   is its variance (12).








When the localization calculated using BLE is very inaccurate, it is possible that the result obtained using the hybrid algorithm will be positioned outside the used proximity sensor beam. Since the sensor detected the user, it is almost certain that he/she is in its field of view. In such case, to improve algorithms accuracy, the obtained result is pulled to the closest point on the arc corresponding to the measured distance.




3.4. Tightly Coupled Hybrid Algorithm


In the tightly coupled version of the hybrid algorithm, raw measurement results from the BLE anchors and ranging sensors are fused. For this purpose, the EKF is used. The assumed models and implementation of the time-update and measurement phase are almost identical to the BLE-based EKF presented in Section 3.1 (1)–(7). The major differences are the forms of the measurement vector z and the sensor model    h k   (  x k  )   .


   z k  =      R S  S 1     ⋯    R S  S n      d 1    ⋯    d n       



(14)






   h k   (  x k  )  =      R S  S 1   (  x k  )     ⋯    R S  S n   (  x k  )       d 1   (  x k  )     ⋯     d n   (  x k  )        



(15)







The measurement vector contains both RSS measurement results and measured distances. In the sensor model    h k   (  x k  )    the RSS is estimated as in (10), whereas ranging results   d n   are estimated as the distance of the sensor from the predicted location.



The other difference is verification and correction of the predicted state vector value. As in the loosely coupled version, if any of the proximity sensors detect the user and the predicted location is outside the sensors beam, it is pulled to the closest point on the arc corresponding to the measured distance.





4. Simulations


4.1. Simulation Environment


The proposed hybrid localization concept and algorithms were tested with simulations. Simulations were performed using a simple simulator implemented in Python. The simulator allowed to specify test paths, which could be covered by a user during his daily activities and simulate measurements performed by BLE anchors and ranging sensors comprising the system infrastructure.



The Received Signal Strength (RSS) of the BLE signals measured by the anchors was modeled using the multi wall propagation model [16]. The model takes into account the topography of the area, where the system is located and introduces additional attenuation due to signal propagation through multiple walls. The model is described by the following dependence:


   P R  =  P  R 0   − 10 γ l o  g 10    d  d 0    +  ∑  i = 1  I   ∑  k = 1   K i    L  w i k   +  X σ 2   



(16)




where:




	
  P R   is the power received by the anchor from the tag



	
  P  R 0    is the power received at the reference distance   d 0   (1 m) (assumed −52 dB)



	
 γ  is the path loss exponent (assumed 2.4)



	
d is the distance between the tag and the anchor



	
I is the number of different wall types in the simulated area



	
  K i   is the number of walls of type i



	
  L  w i k    is the attenuation due to   k  t h    traversed wall of type i



	
  X σ 2   is the log-normal random component present due to the shadowing effects and the receiver noise (3 dB standard deviation)








In the simulations, it was assumed that all of the walls are the same and introduce the same signal attenuation (2 dB).



The measured distance was simulated as:


   d m  = d + n  ( d )   



(17)




where:




	
d is the distance between the localized person and the sensor,



	
  n ( d )   is the measurement white noise of standard deviation calculated based on standard deviation model. The assumed deviation model was:   σ  ( d )  =  d 2  / 60  . According to the model, standard deviation rises with distance, which reflects less accurate measurements due to a lower level of reflected signals.








During the simulations, the sensors performed ranging only when the user was located in their beams. The areas covered by the sensors were modeled as conical beams of 30   ∘   width, and the maximum range of the sensor was set to 3.5 m.



The user was localized based on the generated results using three algorithms: EKF using RSS measurements and two hybrid algorithms proposed in Section 3.




4.2. Performed Simulations


The proposed system was simulated in an apartment consisting of few rooms. The simulations consisted in generating a set of simulated measurements for points distributed along two different test paths. It was assumed that the person was walking with a speed of 1.2 m/s, which is typical for the adults. The BLE RSS values and distances were measured five times per second. The layout of the apartment, the placement of the system infrastructure and both of the test paths are presented in Figure 3.



The BLE system infrastructure consisted of nine anchors distributed in the apartment. They were placed in such a manner that in each of the rooms, at least one anchor was present. The anchors were fixed to the outer walls, which allowed to evenly cover the whole apartment. The number of used proximity sensors was different in both scenarios.



In the first simulated scenario, the user walked from room 1 to room 3 and then visited the kitchen, where he stood in front of the gas stove for 10 s, then he came back to room 1. In the scenario, five ranging sensors were used, two were placed in room 1, two in the corridor and one in the kitchen covering the area in front of the stove.



The second path included other rooms. The user started from room 1, then visited rooms 2 and 4 and went to the bathroom, where he stood in the shower cabin for 10 s. After that, he returned to room 1. In this experiment, nine proximity sensors were used, the first four were located in room 1 and the corridor as in the previous scenario. Additionally, two were placed in both bathroom and room 2 and one in room 4.



The localization results obtained for the first and second scenarios are presented in Figure 4 and Figure 5, respectively.



The accuracy of localizations calculated based on BLE RSS results only varies in the apartment. It is highest in the middle parts of the flat, whereas in the border rooms, the errors are significantly higher. It results from the fact that the signals transmitted from the tag located in those rooms propagate through multiple walls, which introduce significant attenuation. The obtained results are accurate enough to determine a room where the person is located, but nothing more. Using ranging sensors allows to improve localization accuracy in the border rooms, as well as in the corridor. As it can be seen, in case of a loosely coupled algorithm (Figure 4b) the system detects the prolonged presence in front of the gas stove. Results obtained with the tightly coupled version are less accurate (especially in the situation, where the results from only one proximity sensor are available).



In the second scenario, similar results were obtained. BLE-based localization accuracy is low in places, from which the tag transmitted signal propagates through multiple walls. In case of localization in the bathroom, where the propagation to all of the anchors occurs under NLOS conditions, it is difficult to determine the room where the user is located. As in the previous example, using ranging sensors allows to significantly improve localization accuracy. The results from both algorithms allow us to say that the user spent some time in the shower cabin. For tightly coupled algorithms, it was also observed that fusing BLE RSS with only one distance measurement might not be enough. Localization accuracy in room 4 is much lower than in case of the bathroom or the corridor, which are covered by two sensors.



The localization methods can also be compared by analyzing localization errors defined as the Euclidean distance between the calculated localization and the point, where the simulated user was present. A convenient way to do that is to use the Empirical Cumulative Distribution Function (ECDF). The ECDF curves for both of the scenarios are presented in Figure 6.



In both cases, using hybrid positioning allowed to improve localization accuracy. Localizing using only BLE RSS resulted in median erros of about 1.1 m in both scenarios. The best accuracy was achieved using a loosely coupled version of the hybrid algorithm—median error was 0.4 m for both scenarios. In case of the tightly coupled algorithm, localization accuracy was lower and median error was about 0.8 m and 0.55 m for scenarios 1 and 2, respectively.





5. Experiments


The proposed concepts and algorithms were verified with experiments performed in one of the Warsaw University of Technology laboratories and a typical fully furnished flat. The experiment consisted of two phases. First, an exemplary ranging sensor available on the market—VL53L1X by ST Microelectronics was tested to verify whether its properties allow for use in the proposed hybrid localization scheme. This part was conducted in laboratory rooms. The second part of the experiment consisted of using the aforementioned sensors and a BLE-based localization system developed within the IONIS project [37] to verify the proposed concept in an apartment.



5.1. Properties of VL53L1X Proximity Sensor


An example of a proximity sensor, which could be easily adapted for use in a the presented hybrid localization system concept is the VL53L1X chip produced by ST Microelectronics [36]. It is a small device, which consists of a 940 nm invisible Class 1 laser emitter, SPAD (Single-photon avalanche diode) receiving array and additional optical filters. The main advantage of the sensor is the fact that unlike typical infrared sensors, it employs Time-of-Flight (ToF) method for ranging, which according to the producer is supposed to ensure accurate distance measurement regardless of target’s color and surface reflectance [40].



The sensor’s properties, which are most important from the localization point of view are listed in Table 1 (the values come from VL53L1X datasheet [36]).



The sensor has a range of 4 m, which would be sufficient for indoor localization in typical apartments. Its field of view (FoV) is a conical-shaped beam, the width of which can be programmed in the range of 15–27   ∘  . Such property allows to tune the sensor and increase its selectivity. The measurement rate can also be programmed up to 50 Hz, which makes it possible to precisely match the localization rate of a radio subsystem. Additionally, the sensor is small and can be easily incorporated into the radio system’s anchor nodes.



It is worth noting that the values stored in Table 1 were obtained in particular conditions and for a specific target. As stated in the application note, the measurements were taken for charts of different reflectance, which covered the full sensor FoV. In case of measuring distance from a person, those values might be different. The proposed hybrid algorithms utilize some of the above values (maximum range, field of view). Therefore, to avoid errors resulting from assuming sensor parameters from data sheets, it is necessary to estimate those parameters for reflection from a human body.



The performed sensor tests consisted of evaluating its basic properties such as ranging bias, ranging standard deviation and sensor FoV. In the experiment P-NUCLEO-53L1A1 [41] modules consisting of two evaluation boards: STM32F401RE (nucleo microcontroller board) [42] and X-NUCLEO-53L1A1 (nucleo board expansion with up to three VL53L1X sensors) [43] were used. The module was programmed with the exemplary SimpleRanging application [44]. The application measured distance and sent it to the attached PC over USB. The sensor working mode was set to `long’, ranging rate to 10 Hz and the FoV to the default 27   ∘   width.



The first part of the experiment consisted of ranging from a person located at different distances and dressed in different clothes. The sensor was placed at waist level. The measurements were conducted on a sunny day in an office space under two different lighting conditions (blinds opened and closed). The obtained results were compared to the distance measured with an accurate laser distance meter. The distance measurements were conducted for the following persons:




	
person in a black shirt (blinds closed)



	
bare-chested person (blinds closed)



	
person in a white shirt (blinds closed)



	
person in a black shirt (blinds opened)








For each of the measurements ranging bias and standard deviation were evaluated. The gathered results were used to model bias and standard deviation with polynomial functions, which would be used in the hybrid localization algorithm. The distances measured with VL53L1X and estimated ranging bias values are shown in Figure 7. Ranging standard deviation is presented in Figure 8.



During the tests, the maximum range, for which it was possible to properly measure distance from a person was about 3.5 m. At close ranges, up to 2 m, the measures are very accurate and the bias does not exceed 0.1 m. For larger distances, it rises and for 3.5 m is higher than 0.3 m. The measures show no clear dependence on the reflective surface (clothing color) or lightning conditions. Therefore, it makes sense to model the bias and introduce the correction in the localization algorithm. Ranging bias was modeled with a third degree polynomial and the resulting curve was plotted in Figure 7b. The polynomial coefficients are stored in Table 2.



Ranging standard deviation also depends on the measured distance. For ranging from close objects, it is relatively small (lower than 5 cm for distances up to 2.5 m). At the edge of the sensor range, measurement noise is significantly higher—for 3.5 m, in case of the black clad man in a bright room, standard deviation approaches 0.2 m. Based on the measurement results, standard deviation was modeled as a third degree polynomial. The coefficients are stored in Table 2. Large ranging errors caused by high measurement noise can be clearly seen on a ranging results boxplot presented in Figure 9.



Large standard deviations at long distances might pose a problem in terms of accurate localization. As it can be seen, for distances over 2.5 m, ranging errors sometimes have few dozen centimeter magnitudes. Such high errors can easily lead to very inaccurate localization. Therefore, the proposed localization algorithms (proximity sensors based localization and hybrid algorithms) will utilize both the above fitted models to mitigate ranging bias and lower the impact of low accuracy measurements on the final localization result.



The second phase of the VL53L1X properties testing was measurement of the sensor’s FoV. The experiment was conducted in a bright, large (6×8 m) laboratory room. The test consisted of placing an A3 paper sheet attached to the utility cart in front of the sensor and moving it sideways till the sensor lost visibility of the object. The border positions at both sides were noted and the sensor’s actual FoV was evaluated.



For the conditions in the laboratory room and the tested object, the measured FoV was smaller than claimed in the application note. For distances up to 50 cm, they were very similar, whereas at 3 m, the difference in the width of the covered area was almost 80 cm.



Based on the measurement results, a model of FoV was created. Sensor FoV was modeled as the conical beam of 20.3   ∘   width. The measured and modeled FoV is shown in Figure 10.



The above results show that the VL53L1X meets the requirements to be used in the proposed hybrid localization scheme. The ranging results are accurate for close objects, and since the bias for large distances does not depend on lightning conditions and reflecting surface, it is easy to correct. The sensor FoV is wide enough to cover a significant area of typical rooms.




5.2. Hybrid Localization Concept Verification


The main part of the experiments was verification of the proposed concept using a BLE-based localization system and laser ranging sensors. The test was conducted in a typical, fully furnished flat, which was the flat modeled in the simulations. As in simulations, the experiment consisted of walking along two test paths and localizing the user using BLE-based and hybrid algorithms. Localization results were compared with the results obtained using a TDOA-based UWB positioning system developed at WUT during one of the earlier projects [10]. The layout of the apartment and places where the infrastructure elements were placed is presented in Figure 11.



The infrastructure used in the experiment comprised two parts: BLE positioning system and ranging sensors.



The positioning system consisted of nine BLE anchors fixed to the walls and one tag worn by the user. All of the devices were equipped with Laird BLE652 modules, which were programmed to broadcast five BLE packets per second. The received results were averaged per second to mitigate signal power fluctuations. The tag was worn on a lanyard.



As the proximity sensors P-NUCLEO-53L1A1 modules including VL53L1X sensors were used. The modules were placed at the height of 1.4 m, so that the beam was directed at person’s corpus. Ranging rate was set to 10 Hz, and the obtained distances were averaged per second to match BLE part localization rate.



The UWB-based localization system used as reference consisted of nine anchors, which were placed in the same places as the BLE-based infrastructure. In the system, the user was localized three times per second using an EKF-based algorithm utilizing TDOA measurement results [10].



The experiment consisted of walking along two test paths. In the first experiment, the user visited room 1, room 3 and the kitchen, where he stood in front of the stove for a few seconds. The second path included rooms 2 and 3 and the bathroom, where the user spent a few seconds in the shower cabin.



The collected measurement results were used to localize the user with the algorithms described in Section 3. The algorithms used were: EKF using only BLE RSS results, loosely coupled hybrid algorithm and tightly coupled hybrid algorithm. The results for both paths are presented in Figure 12 and Figure 13.



The obtained localization results are similar to those calculated during the simulations. In case of all tested solutions, the system’s accuracy is significantly lower in the border rooms, where most of the transmission occurs in NLOS conditions. It can especially be seen in the kitchen, where the user location estimated with both BLE and UWB based systems is outside the flat. Using ranging sensors in the kitchen allowed to localize the user in front of the stove. It did not have much effect in the living room, where the visualized path was still away from the reference. There were no significant differences in the results obtained using both algorithms.



For the second path, similar observations can be made. Using ranging sensors, visibly improved positioning accuracy in the bathroom and room number 2. The user is localized directly in the shower cabin, which was difficult using solely BLE (but was achieved using UWB). Additionally, the results are aligned close to the reference trajectory in room 2. Covering room 4 with one ranging sensor did not work very well. Since it was a single sensor and the covered area was small, there was no significant improvement in the accuracy.



The results obtained using both algorithms differ for localization under the shower. In case of the loosely coupled version, when the user entered the shower, his estimated locations are grouped in one point. For the tightly coupled version, due to high variance of RSS measurements, some of the results are located outside the bathroom.



The comparison of algorithm accuracy can also be performed based on Empirical Cumulative Distribution Function (ECDF) for localization errors. Since, during the performed experiment, the moving user was localized, it was difficult to precisely determine his true location for reference and calculate localization errors. Therefore, for accuracy comparison purposes, a trajectory error defined as the smallest distance between the localized point and the reference trajectory was used. The ECDF curves for calculated trajectory errors are presented in Figure 14.



For both of the paths, the most accurate results were obtained with the UWB-based localization system. In case of the first path, the difference was significant (median trajectory errors equaled 0.27 m for UWB equaled, 0.45 m for loosely coupled hybrid algorithm and 0.51 for BLE-based EKF). In some cases, UWB system did not allow for accurate localization. For about 10 percent of the results the trajectory error exceeded one meter. It might have resulted from multipath propagation (in the apartment there were three large wardrobes with mirror covered doors). For the second path, the difference between UWB and hybrid algorithms was negligible. In both cases, the obtained trajectory errors were smaller when using additional ranging sensors than in case of using BLE only. The CDF curves show that a loosely coupled version of the hybrid algorithm was more accurate than a tightly coupled one but the difference was not significant.



To conclude, the performed experiments have shown that using proximity sensors as an addition to BLE-based localization system allows to improve localization accuracy. The overall accuracy of the solution is lower than of the UWB based positioning systems, but given the higher cost and energy demands of the UWB based systems, the proposed concept might be a good alternative for use in some AAL solutions.





6. Conclusions


In this article, a concept of a novel hybrid localization system intended for AAL solutions is presented. The system combines Bluetooth Low Energy technology with ranging sensors. Ranging sensors have a supporting role and are used to additionally cover places, where the BLE-based localization is not accurate enough. In case when the system is used by the person living alone, it can be useful in some cases even if the person does not wear the tag. In such a case, the user would be localized only in places covered by the sensors, but even such information can be valuable from a caregiver’s point of view.



In the system, three types of localization algorithms can be used: an Extended Kalman Filter using only BLE results and two versions (loosely and tightly coupled) of the hybrid algorithm integrating results from both parts.



The proposed concept has been tested with simulations and experiments. Both have shown that the use of ranging sensors can improve localization accuracy in the covered areas. There were no problems with localizing the user directly in front of the stove or in the shower cabin, which was difficult using Bluetooth only. The results have shown that the best in terms of accuracy is the loosely coupled hybrid algorithm.



To conclude, the performed research has shown that the presented concept shows promise and could be efficiently implemented in the AAL platforms. The accuracy of the proposed solution could be improved by using ranging sensors, which would cover a larger area; for example, an array consisting of few VL53L1X sensors facing slightly different directions.
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	AAL
	Ambient and Assisted Living



	UWB
	ultra-wideband



	ToA
	Time of Arrival



	TDoA
	Time Difference of Arrival



	BLE
	Bluetooth Low Energy



	EKF
	Extended Kalman Filter



	ToF
	Time of Flight



	FoV
	field of view



	SPAD
	Single-photon avalanche diode



	LOS
	Line of Sight



	OLOS
	Obstructed Line of Sight



	NLOS
	Non Line of Sight
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Figure 1. Hybrid localization use scenario. (a) User is localized using BLE only. (b) User is localized using BLE and proximity sensors. 
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Figure 2. Localization using: (a) a single laser sensor, (b) multiple laser sensors. 
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Figure 3. System layout and test paths used during the performed simulations. (a) scenario 1 (b) scenario 2. 
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Figure 4. Scenario 1 results obtained with: (a) loosely coupled hybrid algorithm, (b) tightly coupled hybrid algorithm with BLE-based localization results as reference. 






Figure 4. Scenario 1 results obtained with: (a) loosely coupled hybrid algorithm, (b) tightly coupled hybrid algorithm with BLE-based localization results as reference.



[image: Applsci 09 04081 g004]







[image: Applsci 09 04081 g005 550] 





Figure 5. Scenario 2 results obtained with: (a) loosely coupled hybrid algorithm, (b) tightly coupled hybrid algorithm with BLE-based localization results as reference. 
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Figure 6. Empirical Cumulative Distribution Functions of localization error for: (a) scenario 1, (b) scenario 2. 
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Figure 7. Ranging accuracy test results. (a) Distance measured from a person clad in different clothes. The grey dashed line is the actual distance drawn for reference. (b) Ranging bias. The coefficients of the fitted model are stored in Table 2. 
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Figure 8. Ranging standard deviation for reflections from a person clad in different clothes. The coefficients of the fitted model are stored in Table 2. 
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Figure 9. Boxplot of ranging results for the person dressed in a black shirt and located at larger distances. 
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Figure 10. Measured FoV of VL53L1X. 
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Figure 11. Layout of BLE system infrastructure and laser sensors used in the experiment for: (a) test path 1, (b) test path 2. 
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Figure 12. Experiment results obtained for test path 1 using: (a) loosely coupled hybrid algorithm, (b) tightly coupled hybrid algorithm with BLE-based localization results as reference. 
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Figure 13. Experiment results obtained for test path 2 using: (a) loosely coupled hybrid algorithm, (b) tightly coupled hybrid algorithm with BLE-based localization results as reference. 
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Figure 14. Empirical Cumulative Distribution Function of localization trajectory error (smallest distance from reference trajectory) for: (a) path 1, (b) path 2. 
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Table 1. Selected VL53L1X parameters.






Table 1. Selected VL53L1X parameters.





	Parameter
	Value





	maximum range
	400 cm



	ranging resolution
	1 mm



	field of view
	15–27   ∘  



	maximum measurement rate
	50 Hz



	package size
	4.9 × 2.5 × 1.56 mm
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Table 2. The bias and standard deviation models coefficients.






Table 2. The bias and standard deviation models coefficients.





	Model
	    a 0    
	    a 1    
	    a 2    
	    a 3    





	bias
	−0.0303
	0.0385
	−0.0293
	0.0151



	standard deviation
	0.0151
	−0.0229
	0.0068
	0.0031
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