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Abstract

:

Providing an accurate and practical navigation solution anywhere with portable devices, such as smartphones, is still a challenge, especially in environments where global navigation satellite systems (GNSS) signals are not available or are degraded. This paper proposes a new algorithm that integrates inertial navigation system (INS) and pedestrian dead reckoning (PDR) to combine the advantages of both mechanizations for micro-electro-mechanical systems (MEMS) sensors in pedestrian navigation applications. In this PDR/INS integration algorithm, a pseudo-velocity-vector, which is composed of the PDR-derived forward speed and zero lateral and vertical speeds from non-holonomic constraints (NHC), works as an update for the INS to limit the velocity errors. To further limit the drift of MEMS inertial sensors, trilateration-based WiFi positions with small variances are also selected as updates for the PDR/INS integrated system. The experiments illustrate that positioning error is decreased by 60%–75% by using the proposed PDR/INS integrated MEMS solution when compared with PDR. The positioning error is further decreased by 15%–55% if the proposed PDR/INS/WiFi integrated solution is implemented. The average accuracy of the proposed PDR/INS/WiFi integration algorithm achieves 4.5 m in indoor environments.
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1. Introduction


Global Navigation Satellite System (GNSS) positioning systems calculate the position and velocity of GNSS receivers by means of trilateration techniques [1,2]. GNSS provides an accurate positioning solution for pedestrian navigation in open-sky environments. However, GNSS faces problems such as signal blockage and multipath in urban areas and other GNSS-challenging environments. In these cases, GNSS/INS (inertial navigation system) integrated systems are usually used for navigation applications [3,4,5]. However, GNSS/INS integrated systems cannot work well for pedestrian navigation in deep indoor environments where GNSS is totally unavailable. On the other hand, the demand for indoor navigation is quickly increasing in various applications including: health care monitoring, logistics, Location Based Services (LBS), emergency services, tourism, and people management [6]. Several different techniques have been developed for indoor navigation, such as WiFi [7,8], Bluetooth [9], near field communication (NFC) [10,11], radio-frequency identification (RFID) [12], and micro-electro-mechanical systems (MEMS) sensors [13,14]. To date, self-contained navigation systems based on MEMS sensors can be applied to different indoor applications, including mobile robot navigation [15] and pedestrian navigation [16]. There are two types of mechanizations for sensor-based pedestrian navigation: INS [17,18] and pedestrian dead reckoning (PDR) [2]. The INS mechanization calculates the position, velocity, and attitude (PVA) by integrating raw data from accelerometers and gyroscopes. This mechanization can provide 3D PVA information, however, navigation errors increase rapidly with time due to the drift characteristics of MEMS sensors.



To improve the MEMS navigation performance for pedestrians, PDR is proposed to reduce the accumulated navigation errors. PDR has four critical procedures: step detection, step/stride length estimation, heading estimation, and 2D position calculation. PDR provides a more accurate position solution than INS, without other aiding sources, because it uses fewer integration calculations. However, there are two assumptions in the typical PDR algorithm: (1) the handheld device is leveled (roll and pitch are 0 degrees), and (2) the device’s heading is kept the same as the user. Actually, the roll and pitch cannot always be 0 degrees. In this case, PDR-based heading, calculated by the direct integration of the data from the vertical gyroscope, is inaccurate. The heading estimation error will finally affect the positioning accuracy. Furthermore, the PDR navigation solution still drifts with time due to the MEMS sensor errors. Therefore, both INS and PDR require additional aiding sources, such as GNSS, WiFi and magnetometers, to reduce the navigation errors [19,20,21]. As previously discussed, GNSS is unavailable and unreliable in indoor environment. Iron materials and electronic devices indoors can easily disturb magnetometers. On the other hand, most public buildings such as universities, colleges, airports, shopping malls, and office buildings already have well-established WiFi infrastructure [7], making WiFi the main aiding resource for INS and PDR indoors.



Fingerprinting and trilateration are two main approaches for WiFi positioning [22]. Fingerprinting-based WiFi positioning usually has two operating phases: the pre-survey phase and the online positioning phase [23]. In the pre-survey phase, Received Signal Strength (RSS) values from available Access Points (APs) and position information are collected as fingerprints for creating the radio map database. In the online positioning phase, the phone’s position is estimated by comparing observed RSS values with the fingerprints in the pre-built database. Trilateration-based WiFi positioning first calculates the ranges between the phone/device and APs through the wireless signal propagation model. Then, the phone’s position is estimated through the use of trilateration [24]. Fingerprinting usually provides more accurate position solutions at the cost of survey work in the pre-survey phase.



In this paper, we propose a new algorithm, which integrates INS and PDR for MEMS inertial-sensors-based pedestrian navigation. In this algorithm, step detection and step length estimation are kept the same as the traditional PDR algorithm. Then, the step length is used to calculate the forward speed; meanwhile, non-holonomic constraint (NHC) assumes that lateral and vertical speeds are zeroes based on the fact that a moving platform cannot skid or jump. After that, the forward, lateral, and vertical speeds are combined to pseudo-velocity, which works as the velocity update for the INS to limit the velocity errors. Additionally, Zero Velocity Update (ZUPT) applies zero-velocity as an update if the object is obviously at rest. Furthermore, Zero Angular Rate Update (ZARU) applies the constant heading as the heading update if the object is obviously at rest. In the proposed algorithm of MEMS inertial-sensors-based pedestrian navigation, the attitude information from the INS potentially improves the heading estimation when compared with PDR, because it also considers the effects of the roll and pitch. ZARU can enhance the accuracy of heading estimation of the proposed system when the object is static, and further improve the whole attitude estimation. The pseudo-velocity update and ZUPT also improve the accuracy of the attitude due to the coupling of velocity and attitude errors in the INS dynamic error model. However, the heading cannot be estimated very well in the proposed PDR/INS integrated algorithm because it is weakly coupled with the velocity update. Therefore, a WiFi solution is also used in the PDR/INS/WiFi integrated system to improve the position and attitude estimation when it is accurate. In this paper, trilateration is used for WiFi positioning because it can be implemented without pre-surveys. The approximate accuracy of WiFi positioning, which is derived from the position covariance matrix in the least squares (LSQ), is used as an indicator to determine whether the WiFi position is suitable for the PDR/INS/WiFi integration. The proposed algorithms are evaluated in typical indoor scenarios. The performances of PDR, INS, the PDR/INS integration, and the PDR/INS/WiFi integration are also compared.




2. Related Works


2.1. Recent MEMS-Based Navigation Technologies


INS mechanization [17] is the typical technology used for MEMS-based navigation. In the past few years, INS mechanization has been applied to many navigation applications such as those in the studies of [4,25,26]. On the other hand, over the last decade, some algorithms based on PDR have been proposed for pedestrian navigation because it drifts slower when compared with INS as shown in [16,27,28]. Recently, PDR solutions have become practical in people’s daily use [16] because many handheld devices are equipped with inertial sensors. The main advantage of INS and PDR solutions is that they do not require additional infrastructure. However, since the navigation is based on noisy inertial sensors, navigation solutions of both PDR and INS systems drift over time [29].




2.2. Integrated Technologies for WiFi and MEMS Sensors


An indoor positioning system for pedestrians, combing WiFi fingerprinting with foot-mounted inertial and magnetometer sensors, is proposed in [30]. However, foot mounted systems are not as convenient as handheld devices for pedestrians, and the requirement of the pre-survey makes WiFi fingerprinting impractical for a large area. Research work in [20] proposes an optimized adaptive version of the mixture particle filter for integrating WiFi fingerprinting with INS, and the system was tested in a four-wheel indoor vehicle. The system focuses on the applications of indoor vehicles, and does not adopt the handheld devices. The system also requires pre-survey for fingerprinting. An advanced integration of WiFi and INS, based on a particle filter, is proposed in [31]. Nevertheless, the particle filter is not suitable for handheld devices such as smartphones due to its heavy computational load. Furthermore, a PDR/WiFi/barometer integrated system by using the AKF (adaptive Kalman filter) is proposed in [32]. The system is also based on WiFi fingerprinting and foot-mounted sensors. A maximum likelihood-based fusion algorithm that integrates the PDR and WiFi fingerprinting is proposed in [29]. The algorithm was implemented in smartphones that made the system practical, other than the pre-survey for fingerprinting. Currently, few papers have discussed the PDR/INS/WiFi integrated technique for indoor pedestrian navigation applications; therefore, this paper proposed an approach to fill this gap. The goal of this paper is to provide a practical and reliable indoor pedestrian navigation solution, based on handheld devices, by using the PDR/INS/WiFi integration.





3. Methodology


3.1. INS Mechanization in the Navigation Frame


The essential process in any inertial navigation algorithm is the INS mechanization. The INS mechanization equations integrate the specific forces and angular rates provided by accelerometers and gyroscopes to compute the PVA of an objective [33]. These equations can be presented as follows [34]:


    [        r ˙  n          v ˙  n          C ˙  b n       ]  =  [       D  − 1    v n         C b n   f b  − ( 2  Ω  i e  n  +  Ω  e n  n  )  v n  +  g n         C b n  (  Ω  i b  b  −  Ω  i n  b  )      ]    



(1)




where     r n  =    [     φ   λ   h     ]   T     is the position vector (latitude, longitude, and height) in the navigation frame.     v n  =    [       v N       v E       v D       ]   T     is the velocity vector.     C b n     is the transformation matrix from the body frame to the navigation frame as a function of attitude components. gn is the gravity vector in the navigation frame,     Ω  i b  b     and     Ω  i n  b     are the skew-symmetric matrices of angular velocity vectors     ω  i b  b     and     ω  i n  b    , respectively, and D−1 is a 3 × 3 matrix whose non-zero elements are functions of φ and h [33]. Refer to [33] for details of the solution and numerical implementation of the above differential equation. Both inertial sensor errors and integration errors will cause the INS solution to diverge quickly. Therefore, other sources are usually needed to aid the INS [33].




3.2. Extended Kalman Filter


Due to the drift characteristics of MEMS sensors, the Extended Kalman Filter (EKF) is usually used to fuse other solutions such as the position and velocity from GNSS, motion constraints, and the position and velocity from PDR and WiFi. The EKF estimates the optimal state of a process by satisfying the criterion which minimizes the mean of the square errors (MMSE). When the EKF is used to fuse other sources with INS, the state vector is determined first as follows:


   x =    [      δ  r  1 × 3       δ  v  1 × 3        ε  1 × 3        d  1 × 3        b  1 × 3        ]   T    



(2)




where δr are position errors; δv are velocity errors; ε are attitude errors; d1×3 and b1×3 are the bias vector for gyroscopes and accelerometers. The estimated biases will be fed back into the INS mechanization.



The dynamic error model is also an important part when using the EKF for improving the INS solution. In addition to nine navigation elements in Equation (1), states of the dynamic error model include the sensor errors (three accelerometer biases and three gyro drifts). These sensor errors are usually modeled as the first order Gauss-Markov process. Therefore, the dynamic error model used in the EKF for the navigation parameters (position error, velocity error, attitude error, gyro bias and accelerometer bias) can be determined through the linearization of the INS mechanization equations and by neglecting insignificant terms in the resultant linear model. A simplified form is then obtained as [33]:


    x ˙  ( t ) =  (    δ   r ˙  n      δ   v ˙  n        ε ˙  n       d ˙       b ˙     )  =  (     D  − 1   δ  v n  −  D  − 1    D r  δ  v n      −  f n  ×  ε n  − ( 2  Ω  i e  n  +  Ω  e n  n  ) δ  v n  +  v n  × ( 2  δω  i e  n  +  δω  e n  n  ) + δ  g n  +  C b n  b     −  Ω  i n  n   ε n  +  δω  i n  n  +  C b n  d     − α d +  ω d      − β b +  ω b     )    



(3)




where δrn is the position error state vector in the n-frame, δvn is the velocity error state vector in the n-frame, εn is the attitude error state vector in the n-frame, δgn is the error in the computed gravity vector in the n-frame, b and d are accelerometer bias and gyro drift vectors, α, β, ωd, ωb are the parameters for the first order Gauss-Markov process and Dr is a 3 × 3 matrix whose non-zero elements are functions of the user’s latitude, φ, and ellipsoidal height, h.



By the discretization of dynamic error model and the observation model, the discrete-time system model and observation model can be expressed as:


    {    δ  x  k + 1   =  Φ  k , k + 1   δ  x k  +  w  k + 1       δ  z  k + 1   =  H  k + 1   δ  x  k + 1   +  v  k + 1         



(4)




where δxk is the state vector at epoch k, Φk,k+1 is the state transition matrix from epoch k to epoch k + 1, and wk+1 is the process noise. δzk+1 is the observation misclosure vector at epoch k + 1, Hk+1 is the design matrix at epoch k + 1, and vk is the observation noise. For more knowledge about EKF for integrated navigation system, refer to [35].




3.3. PDR Algorithm


Dead Reckoning (DR) determines current vehicle position from the knowledge of the previous position and the measurements of motion direction and traveled distance [33]. DR algorithm is usually used for vehicle navigation. PDR applies the traditional DR algorithm for personal navigation applications. PDR algorithm is often applied to obtain the personal position information at each step of the personal movement. In this case, techniques are studied for step detection, and the traveled distance equals to step length. The PDR mechanization equation is given by:


      E k  =  E  k − 1   +   s ^   ( k − 1 , k )   ⋅ sin (   H ^   k − 1   )      N k  =  N  k − 1   +   s ^   ( k − 1 , k )   ⋅ cos (   H ^   k − 1   )     



(5)




where (Ek−1, Nk−1) and (Ek, Nk) are previous and current positions in the local level frame,      s ^   ( k − 1 , k )      is the estimated kth stride length, and      H ^   k − 1      is the estimated (k − 1)th heading. Figure 1 clearly illustrates the PDR concept. Besides the PDR mechanization, a typical PDR algorithm includes three other parts: step detection, step length estimation and heading estimation.



Usually, the cycle pattern of the acceleration norm is used to detect steps. There are several different approaches to detect steps, which include peak detection, zero crossing, auto/cross correlation and spectral analysis. In this paper, the peak detection is used for step detection due to its small computation and high successful rate. An example of peak detection is discussed in Section 4.1.



In the PDR algorithm, it is necessary to estimate the step length at each step as the forward moving distance of a person. Different practical models have been proposed for estimating the step length. In this paper, the empirical model proposed in [36] is used, which assumes the step length is proportional to the vertical movement of the human hip. The vertical movement is obtained from the largest acceleration difference in vertical direction at each step. Therefore, the equation used to estimate the step length is written as follows:


   S L =    a  z max   −  a  z min    4  ⋅ K   



(6)




where azmax is the maximum value of vertical acceleration az, azmin is the minimum value of az, and K is a calibrated constant parameter.



In the PDR algorithm, gyroscopes are usually used to estimate the moving direction of a person. As we discussed before, PDR assumes that the handheld device is level (roll and pitch are 0 degrees). Sometimes, roll and pitch effects cannot be ignored. In this case, PDR-based heading, calculated by the direct integration of the data from the vertical gyroscope, is inaccurate. Therefore, PDR-derived heading is not used in our proposed PDR/INS integrated algorithm.
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Figure 1. Illustration for the PDR concept. 
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3.4. Proposed Scheme


An overview of the proposed PDR/INS/WiFi integration system on portable devices such as smartphones is illustrated in Figure 2. The part outside the dashed boxes is the proposed MEMS inertial solution based on the integration of PDR/INS and motion constraints (NHC, ZUPT, and ZARU). The part inside the dashed boxes is the WiFi positioning solution for the whole PDR/INS/WiFi integrated solution. In the traditional pedestrian navigation, raw data from MEMS inertial sensors are put into INS mechanization or PDR mechanization to estimate the user’s position. In the proposed algorithm, gyroscopes and accelerometers are used to set up the INS mechanization, detect the motion status, and set up the PDR mechanization. In this algorithm, INS, PDR, and motion constraints work together to generate a more accurate and robust pedestrian navigation solution. In Figure 2, if the step detection is successful, and the ZUPT detection is unsuccessful; the PDR step length estimation is executed to provide step length information. Next, the forward speed is derived from the estimated step length. Furthermore, NHC assumes that lateral and vertical speeds are zeroes based on the fact that a moving platform cannot skid or jump. The PDR-based forward speed and the NHC-based lateral and vertical speeds are combined to 3-axis pseudo-velocity which works as a velocity update for the INS to limit the velocity error. On the other hand, the step detection is unsuccessful, and the ZUPT detection is successful. If this is the case, ZUPT applies zero velocity as the velocity update for the INS to reduce the velocity error; ZARU is also used for the heading update for the INS to improve the attitude solution. Based on the proposed MEMS inertial-sensors-based pedestrian navigation solution, WiFi is used to further limit the drift of MEMS sensor. In the WiFi part of Figure 2, trilateration is used for estimating the WiFi positioning solution and its accuracy. The WiFi positions with good accuracy are selected as updates for the proposed sensor solution. The final proposed pedestrian navigation system is based on the integration of PDR, INS, and WiFi.
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Figure 2. Block diagram of the proposed PDR/INS/WiFi integration system. 
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3.5. Proposed PDR/INS Integrated Pedestrian Navigation Solution


As previously discussed, INS and PDR are two traditional approaches for MEMS inertial-sensors-based pedestrian navigation. INS-based navigation provides complete 3D PVA. However, its error increases rapidly with time due to the drift characteristics of MEMS inertial sensors and the integrations used in the INS mechanization. On the other hand, PDR provides more accurate navigation solution because it uses step detection and step length estimation which avoid using integrations for calculating distance. However, PDR derives the heading information from the integration of the vertical gyroscope, which is inaccurate if the roll and pitch effects cannot be neglected. In this paper, we propose a PDR/INS integrated navigation solution to combine the advantages of the two schemes, and avoid the drawbacks. In the proposed PDR/INS integrated MEMS navigation solution, INS mechanization is used to process the MEMS inertial sensor data first. Next, the dynamic error model is used as the system model for the EKF estimation. At last, the PDR-based forward speed and the NHC-based lateral and vertical speeds are combined to the pseudo-velocity which works as the velocity update for the INS to limit the velocity error.



In the proposed algorithm, the gyroscopes and accelerometers measurements are used to detect the status of the pedestrian: moving or static. The status of the pedestrian is determined as “moving” if the following two conditions are satisfied: (1) the standard deviation of the angular rate norms during a certain time is larger than the threshold; and (2) steps are detected by using the approach in the section “PDR Algorithm”. On the other hand, the status of the pedestrian is determined as “static” if the following two conditions are satisfied: (1) the standard deviation of the angular rate norms during a certain time is less than the threshold; and (2) no steps are detected.



For the “moving” case, the step length estimation has been discussed in the section “PDR Algorithm”. To use the step length to provide information about the forward speed, we assume that a pedestrian’s moving speed is constant for a short time. This assumption is correct for most moving cases of pedestrians. The forward speed can be derived from the step length as follows:


    v  forward   = S L /  T  step     



(7)




where SL is the step length, and Tstep is the step time. NHC assumes that lateral and vertical speeds are zeroes based on the fact that a moving platform cannot skid or jump. For the pedestrian navigation, NHC can be adopted for most cases. Therefore, the pseudo-velocity-vector in the body frame can be expressed as:


    v  pseudo  b  =    [      S L /  T  step      0   0     ]   T    



(8)







The pseudo-velocity-vector used for INS velocity update is the core of the PDR/INS integration. When using EKF for pseudo-velocity update, the misclosure of the velocity in the body frame is given by:


   δ z =  v  INS  b  −  v  pseudo  b    



(9)




where     v  INS  b  =    (   C b n   )   T  ⋅  v  INS  n     represents the INS-based velocity in the body frame;     C b n     represents the transformation matrix from the body frame to navigation frame; and     v  INS  n     represents INS-based velocity in the navigation frame. Finally, the observation model for the pseudo-velocity-vector update is expressed in:


   δ  v b  =  H   v b    δ x +  v   v b      



(10)




where     v   v b       represents the measurement white noise;     H   v b       represents the corresponding design matrix which can be expressed as:


    H   v b    =  [       0  3 × 3          (   C b n   )   T      −    (   C b n   )   T   V n       0  3 × 6        ]    



(11)




where Vn is the skew-symmetric matrix of vn.



If “static” is detected, ZUPT and ZARU are used as the updates for the INS to limit the navigation error. The ZUPT-based zero velocity vector in the body frame is given by:


    v  ZUPT  b  =    [     0   0   0     ]   T    



(12)







Similar to the pseudo-velocity vector, the ZUPT-based zero velocity vector is used as the velocity update for the INS. If the pedestrian is detected as “static”, the pedestrian heading is unchanging based on ZARU. Therefore, misclosure of the heading for the INS heading update is given by:


   δ z =  ψ  INS   −  ψ  pre-stored     



(13)




where ψINS is the INS-based heading; and ψpre-stored is the pre-stored heading of the last epoch before the “static” is detected. Finally, the observation model for the heading update is expressed in:


    H ψ  =  [       0  1 × 6       ∂ ψ / ∂  ε N      ∂ ψ / ∂  ε E      ∂ ψ / ∂  ε D       0  1 × 6        ]    



(14)







For details of    ∂ ψ / ∂  ε N    ,    ∂ ψ / ∂  ε E    , and    ∂ ψ / ∂  ε D    , please refer to [37].




3.6. Proposed PDR/INS/WiFi Integrated Indoor Pedestrian Navigation Solution


To further improve the navigation performance, WiFi is also used in the integrated system if it is available. Both trilateration-based and fingerprinting-based WiFi positioning solutions can be used as updates in the loosely-coupled integration. In this research, trilateration is selected for WiFi positioning for the following two reasons: (1) it requires less efforts to build the database; and (2) the memory cost for trilateration-based database is much less than fingerprinting-based database. However, a trilateration-based WiFi solution can be noisy due to the complex characteristics of an indoor environment. Therefore, in the integrated system, it is significant to use an approach to select accurate WiFi positions. It is fortunate that variances of WiFi positions are estimated in the state covariance matrix of the LSQ. Although these variances are not perfectly estimated, they still can be used as a rough indicator for selecting the WiFi positions for the integration. In this research, WiFi positions with variances less than 20 m2 are chosen as the updates for the MEMS sensors. The misclosure of the WiFi-based position measurements is given by:


   δ  z  WiFi   =  (     [     φ     λ     h     ]    MEMS   −    [     φ     λ     h     ]    WiFi    )     [      M + h        (  N + h  )  cos φ      1     ]   T    



(15)




where φMEMS, λMEMS, and hMEMS are MEMS navigation solution estimated latitude, longitude, and altitude; φWiFi, λWiFi, and hWiFi are WiFi-based latitude, longitude, and altitude. M is the meridian radius of the earth’s curvature; and N is the prime vertical radius of the earth’s curvature. The observation equation for the WiFi position measurements is formulated as:


   δ  z  WiFi   =  H  WiFi   δ x +  v  WiFi     



(16)




where vWiFi is the measurement white noise of the WiFi positions; HWiFi is the corresponding design matrix, which can be expressed as:


    H  WiFi   =  [           (  M + h  )     0   0     0     (  N + h  )  cos φ    0     0   0   1         0  3 × 12        ]    



(17)







The covariance matrix, RWiFi, for the WiFi-based position measurements is given by:


    R  WiFi   = d i a g  (   [       σ  l a t  2       σ  l o n  2       σ  a l t  2       ]   )    



(18)




where     σ  l a t  2    ,     σ  l o n  2     and     σ  a l t  2     represent the variances of       [     φ   λ   h     ]    WiFi  T     in meters. diag returns a square diagonal matrix with the elements of vector     [       σ  l a t  2       σ  l o n  2       σ  a l t  2       ]     on the main diagonal.





4. Results


To evaluate the performance of the proposed pedestrian navigation algorithms, several experiments were performed by three pedestrians. Three different smartphones that contain an accelerometer triad, a gyroscope triad and a WiFi transreceiver were used to collect the experimental data. Different pedestrians collected data with various smartphones on three experimental trajectories in building E (about 120 m × 40 m), as shown in Figure 3. Two tasks were carried out in the field tests. The first part validates the performance of the proposed PDR/INS integrated MEMS pedestrian navigation algorithm. This section also compares the proposed MEMS solution with traditional PDR and INS algorithms. The second part shows the performance of the proposed PDR/INS/WiFi integration algorithm.
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Figure 3. Three experimental trajectories in building E (about 120 m × 40 m). (a) Trajectory I; (b) Trajectory II; (c) Trajectory III. 
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4.1. PDR/INS Integrated MEMS Pedestrian Navigation Algorithm


This section illustrates the performance of the proposed PDR/INS integrated MEMS pedestrian navigation algorithm by using Trajectory I. Two other trajectories were also used to test the performance of proposed MEMS navigation solution, which are summarized in the next section. The proposed PDR/INS integrated MEMS solution, PDR solution, and the reference trajectory in experimental Trajectory I are shown in Figure 4. In Figure 4, the maximum navigation errors of the proposed method and traditional PDR are about 12 m and 34 m, respectively. This outcome shows that the proposed method is more accurate than the PDR. The average heading drift of the proposed method is also smaller than the PDR.
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Figure 4. Trajectories of PDR, PDR/INS integrated MEMS solution, and the reference. 
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The velocity solution of the proposed algorithm is shown in Figure 5a. Figure 5a clearly shows the user’s moving status: (a) keeps static (ZUPT), (b) walks west, (c) keeps static (ZUPT), (d) walks west, (e) walks north, (f) walks east, (g) keeps static (ZUPT), and (h) walks east. The moving trend fits the trajectory in Figure 4. The moving speed is in the typical range of a normal person. The pseudo-velocity update and ZUPT play important roles on accurately estimating a user’s velocity. Without the pseudo-velocity update and ZUPT, the estimated velocity and position solution drifts quickly. The attitude solution of the proposed method is shown in Figure 5b. Roll and pitch angles are between −10 and 10 degrees in this trajectory. The estimated azimuth trend is (a) about −90 degrees, (b) about 0 degrees, and (c) about 100 degrees. The true azimuth trend is (a) −90 degrees, (b) 0 degrees, and (c) 90 degrees. The estimated azimuth from the proposed method is close to the true azimuth.



The results of the step detection, step length estimation, and pseudo-velocity are shown in Figure 6. In Figure 6a,b, acceleration norm and detected peaks are described by “−” and “+”. Figure 6b zooms in on some parts of the trajectory which show that the step detection algorithm can successfully detect the peaks and steps. The step length estimation result is shown in Figure 6c. The user’s step length is around 0.64 m as shown in this figure. The step-length-derived pseudo-velocity is shown in Figure 6d. The pseudo-velocity is calculated from the step length. The average velocity of this user is about 1.2 m/s.



To illustrate the performance of the proposed PDR/INS integrated MEMS navigation solution, results of the stand-alone PDR and INS are also shown in this paper. Pure PDR results are shown in Figure 4 and Figure 7. As we discussed before, the maximum navigation error of PDR is about 32 m in Figure 4, which is worse than the proposed method. In Figure 7, the azimuth error, which is the main error for the whole trajectory, reaches 20 degrees by the end of the trajectory.



Results of the pure INS algorithm are shown in Figure 8. Figure 8a shows the horizontal trajectory by using pure INS algorithm. The maximum drift reaches up to 73 km at the end of the end of the trajectory. That’s because MEMS sensors in smartphones are low cost, and their errors accumulate with time quickly. The pure INS algorithm cannot provide an accurate navigation solution for pedestrians by using handheld devices. The INS velocity solution is shown in Figure 8b. In this figure, it is clear that the velocity solution are not located in the typical range of pedestrian walking velocity. The velocity drifts to several hundred meters per second by the end of the trajectory. Figure 8c shows the attitude solution from the INS algorithm. The estimated roll and pitch can reach about ± 50 degrees sometimes, which highly drift from the true roll and pitch range (i.e., between −10 and 10 degrees). The estimated heading also drifts from the true value when compared with the reference trajectory in Figure 4. Figure 8 shows that estimated position, velocity, and attitude all highly drift from true values by using pure INS algorithm.
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Figure 5. The solution of the proposed PDR/INS integrated MEMS solution. (a) Velocity; (b) Attitude. 
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Figure 6. Results of the step detection and step length estimation. (a) Step detection for the whole trajectory; (b) Zoom-in of some parts of step detection for the trajectory; (c) Result of step length estimation; (d) Result of pseudo-velocity from step length. 
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Figure 7. Results of PDR horizontal velocity and azimuth. 
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Figure 8. INS navigation solution. (a) Trajectory; (b) Velocity; (c) Attitude. 
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4.2. Proposed PDR/INS/WiFi Integrated Indoor Pedestrian Navigation Solution


The results (position and variance) of trilateration-based WiFi positioning of Trajectory I are shown in Figure 9. The trilateration algorithm relies on the propagation model, which is affected by several factors such as multipath and fading characteristics. Therefore, it is usually not as accurate as the fingerprinting algorithm for WiFi positioning. However, trilateration does not consume much time and labour to build and maintain a database like fingerprinting. The results contain very large errors reaching 15 m at many points. To improve the performance, some WiFi positions with large variances are left out of the integration. In this research, WiFi positions with variances less than 20 m2 are selected for integration as shown in Figure 9a. The threshold, 20 m2, is obtained by field tests. In Figure 9a, “Sel WiFi” represents the selected WiFi positions with variances less than 20 m2.



Navigation results of PDR, the proposed MEMS solution, and WiFi/MEMS integration (Trajectory I: Pedestrian 1, Smartphone A) are shown in Figure 10. The trajectory of the proposed integration of MEMS/WiFi (also called PDR/INS/WiFi) in Trajectory I is shown as the “blue dash line” in Figure 10a. This trajectory is taken by “Pedestrian 1” using “Smartphone A”. The proposed MEMS solution, PDR, and the reference are shown as a “green dash dot line”, “black dot line”, and “red solid line”, respectively. The proposed MEMS solution drifts less than the PDR solution. Selected WiFi positions are also shown as “circles” in Figure 10a. With the help of the selected WiFi positions, the integrated MEMS/WiFi solution drifts less than the proposed MEMS solution as shown in Figure 10a. The integrated MEMS/WiFi solution is also better than the WiFi solution when one compares Figure 9a with Figure 10a. The cumulative error percentages of PDR, the proposed MEMS solution, and WiFi/MEMS integration in Trajectory I are shown in Figure 10b. In this figure, The “LC” represents the WiFi/MEMS integration. The positioning performance of different algorithms in Trajectory I are depicted in Table 1. As shown in Figure 10b and Table 1, WiFi/MEMS integration has the best navigation performance, and the PDR has the worst navigation performance.
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Figure 9. Trilateration-based WiFi positioning solution. (a) WiFi trajectory; (b) Variances of WiFi positions. 
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Figure 10. Navigation results of PDR, the proposed MEMS solution, and WiFi/MEMS integration (Trajectory I: Pedestrian 1, Smartphone A). (a) Trajectories; (b) Cumulative error percentages. 
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Table 1. Positioning performance of different algorithms in Trajectory I.
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Algorithm

	
Error (m)




	
Maximum

	
Minimum

	
Mean

	
RMS






	
PDR

	
31.48

	
0.13

	
8.44

	
12.57




	
MEMS (PDR/INS)

	
13.93

	
0.25

	
2.91

	
4.40




	
MEMS/WiFi Integration

	
8.22

	
0.21

	
2.91

	
3.73









Navigation results of PDR, the proposed MEMS solution, and WiFi/MEMS integration (Trajectory II: Pedestrian 2, Smartphone B) are shown in Figure 11. The trajectory of the proposed MEMS/WiFi integration is shown as the “blue dash line” in Figure 11a as taken by “Pedestrian 2” using “Smartphone B”. Similar to Trajectory I, the proposed MEMS solution drifts less than the PDR solution, and the integrated MEMS/WiFi solution drifts less than the MEMS solution as shown in Figure 11a. The results of trilateration-based WiFi positioning in Trajectory II are shown in Figure 12. The integrated MEMS/WiFi solution also performs better than the WiFi solution when comparing Figure 11a with Figure 12. The cumulative error percentages of PDR, the proposed MEMS solution, and WiFi/MEMS integration in the second trajectory are shown in Figure 11b, and the positioning performance of different algorithms for Trajectory II are depicted in Table 2. In Trajectory II, the WiFi/MEMS integrated system improves about 3.5 m (RMS) when compared with the MEMS solution, which is better than in Trajectory I (0.7 m). This is probably because the MEMS solution drifts more in Trajectory II due to a longer walking period.
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Figure 11. Navigation results of PDR, the proposed MEMS solution, and WiFi/MEMS integration (Trajectory II: Pedestrian 2, Smartphone B). (a) Trajectories; (b) Cumulative error percentages. 
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Figure 12. WiFi trajectory (Trajectory II). 
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Table 2. Positioning performance of different algorithms in Trajectory II.
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Algorithm

	
Error (m)




	
Maximum

	
Minimum

	
Mean

	
RMS






	
PDR

	
75.03

	
0.14

	
27.92

	
34.00




	
MEMS (PDR/INS)

	
27.59

	
0.52

	
5.72

	
8.28




	
MEMS/WiFi Integration

	
12.21

	
0.48

	
4.17

	
4.87









Navigation results of PDR, the proposed MEMS solution, and WiFi/MEMS integration (Trajectory III: Pedestrian 3, Smartphone C) are shown in Figure 13. The third trajectory of the proposed MEMS/WiFi integration is shown as the “blue dash line” in Figure 13a as taken by “Pedestrian 3” using “Smartphone C”. Similar to Trajectory I and Trajectory II, the proposed MEMS solution drifts less than the PDR solution, and the integrated MEMS/WiFi solution drifts even less than the MEMS solution as shown in Figure 13a. The results of trilateration-based WiFi positioning in Trajectory III are shown in Figure 14. The integrated MEMS/WiFi solution is also better than the WiFi-only solution when comparing Figure 13a with Figure 14. The cumulative error percentages of PDR, the proposed MEMS solution, and the WiFi/MEMS integration of the third trajectory are shown in Figure 13b, and the positioning performance of different algorithms for Trajectory III are depicted in Table 3.
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Figure 13. Navigation results of PDR, the proposed MEMS solution, and WiFi/MEMS integration (Trajectory III: Pedestrian 3, Smartphone C). (a) Trajectories; (b) Cumulative error percentages. 
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Figure 14. WiFi trajectory (Trajectory III). 
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Table 3. Positioning performance of different algorithms in Trajectory III.
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Algorithm

	
Error (m)




	
Maximum

	
Minimum

	
Mean

	
RMS






	
PDR

	
53.49

	
0.05

	
25.35

	
28.08




	
MEMS (PDR/INS)

	
25.51

	
0.01

	
9.55

	
11.02




	
MEMS/WiFi Integration

	
11.66

	
0.01

	
4.49

	
4.90









The positioning performance in three trajectories is summarized in Table 4. In Table 4, the average position errors of the proposed PDR/INS/WiFi integration algorithm for all the three trajectories are less than 4.5 meters. Furthermore, the positioning error is decreased by 60%–75% by using the proposed PDR/INS integrated MEMS solution when compared with PDR. The positioning error is further decreased by 15%–55% if the proposed PDR/INS/WiFi integrated solution is implemented.
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Table 4. Summary of positioning performance in three trajectories.
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Algorithm

	
Mean Error (m)

	
RMS Error (m)




	
Trajectory I

	
Trajectory II

	
Trajectory III

	
Trajectory I

	
Trajectory II

	
Trajectory III






	
PDR

	
8.44

	
27.92

	
25.35

	
12.57

	
34.00

	
28.08




	
MEMS (PDR/INS)

	
2.91

	
5.72

	
9.55

	
4.40

	
8.28

	
11.02




	
MEMS/WiFi Integration

	
2.91

	
4.17

	
4.49

	
3.73

	
4.87

	
4.90











5. Conclusions


A new low-cost MEMS navigation solution for pedestrians is presented in this paper. The proposed navigation solution utilizes traditional INS and PDR mechanizations to introduce a PDR/INS integrated navigation solution. In this algorithm, PDR-based forward speed and NHC-based lateral and vertical speeds are combined to the pseudo-velocity which worked as the velocity update for the INS. ZUPT and ZARU were also used as the updates in the EKF if they are available. These updates effectively reduced the accumulated position, velocity, and attitude errors when there are no other aiding sources. Furthermore, selected trilateration-based WiFi positions are used as updates for the PDR/INS integrated system to limit the drift of the proposed MEMS inertial-sensors-based pedestrian navigation solution, and finally to build the PDR/INS/WiFi integrated scheme for indoor pedestrian navigation.



The proposed system was tested in indoor pedestrian experiments to demonstrate its performance, accuracy, and ability in providing an effective solution. By testing the proposed system with different pedestrians and various smartphones, the performance of the proposed system does not rely on pedestrians or smartphones. The experiments demonstrate that positioning error of the proposed PDR/INS integrated MEMS solution decreases by 60%–75% when compared with PDR. The positioning error is further decreased by 15%–55% if using the proposed PDR/INS/WiFi integrated solution. The experimental results also show that the average accuracy of the proposed PDR/INS/WiFi integration algorithm achieves 4.5 m indoors.
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