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25In this paper, we focus on improving the accuracy of wireless localization in wireless sensor networks
26using information derived from the inertial measurement unit (IMU) in a smartphone and the received
27signal strength (RSS). We propose an algorithm to relate the RSSs and measurements obtained from
28the IMU to the coordinates of an indoor robot. To deal with the dynamic nature of fingerprint information
29in an indoor radio environment, we first use the hierarchical Bayesian hidden Markov model (HB-HMM)
30to process a time series of RSSs. Unlike other HMM-based methods, the HB-HMM depends only on a sin-
31gle initial hyper-parameter for global optimization. Next, we evaluate the measurements obtained from
32the IMU to identify the robot’s state, which includes the rotating, moving, and bumping states. We used
33the IMU accelerometers to estimate the velocity. Lastly, a method based on the particle filter (PF) was
34used to fuse the results obtained from RSS and IMU. Experiments show that our algorithm can achieve
35better accuracy than related algorithms.
36� 2016 Elsevier GmbH. All rights reserved.
37
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40 1. Introduction

41 Nowadays, users are demanding an increasing diversity of
42 applications from wireless sensor networks (WSNs) [1]. Among
43 these applications, indoor localization has emerged as a key func-
44 tion of wireless sensor networks for tasks including target tracking,
45 robotics and navigation, smart space, intrusion detection, and
46 inventory management [2]. Presently, most commercial WSNs
47 are based on the IEEE 802.15.4 infrastructure, which can be incor-
48 porated into an Internet of Things (IoT) architecture with internet
49 protocol version 6 over low power wireless personal area networks
50 (6LoWPAN) [3]. It is widely believed that this will develop into one
51 of the more pervasive wireless technologies of the future.
52 In particular, indoor wireless localization based on received sig-
53 nal strength (RSS) in an IEEE 802.15.4 infrastructure has long been
54 a challenging problem [4,5]. On the one hand, RSS information can
55 be acquired internally through the use of a WSN communication
56 device, such that indoor localization based on RSS is an off-the-
57 shelf commodity for WSNs. On the other hand, in an indoor wire-
58 less environment characterized by non-line of sight (NLOS) and
59 multipath conditions, the distance-RSS conversion model becomes
60 inaccurate.

61Within an IoT environment, a smartphone can get data from the
62WSN [3]. Moreover, smartphones currently incorporate a number
63of inertial sensors, including accelerometers, gyroscopes, and mag-
64netic compasses, within an inertial measurement unit (IMU). The
65fusion of data derived from RSS and IMU signals can then be
66employed to avoid the performance limitations associated with
67RSS alone, and represents a tangible solution for indoor localization
68in WSNs.
69However, the performance of inertial sensors in smartphones is
70limited. Many studies have focused on using the peak-detection
71algorithm to analyze pedestrian gait in indoor environments [6].
72Less attention has been paid to the more challenging problem of
73locating and tracking mobile robots or vehicles in an indoor envi-
74ronment using the IMU signals of a smartphone. In this paper,
75our goal is to enhance the value of WSNs in an IoT environment
76to provide accurate robot/vehicle location and tracking capabili-
77ties, which are of paramount importance for many applications
78such as smart space and inventory management.
79In the field of indoor localization using WSNs, fingerprinting [7],
80trilateration [8], close-proximity [9], dead reckoning [10], and
81Bayesian filters [11] are commonly used techniques. Of these tech-
82niques, the close-proximity technique is the simplest, where a
83mobile target is assumed to be located in an area nearest the refer-
84ence node transmitting the strongest signal. Systems employing
85this technique can provide only a coarse location and require a
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86 high density of reference nodes. In fact, RSS can provide a wider
87 range of information based on logarithmic propagation models.
88 According to theoretical and empirical models, the RSS can be used
89 to establish the distance between the transmitter and the receiver
90 [12]. Then, using trilateration or another range-based technique
91 such as weighted least squares (WLS) [13], Semidefinite program-
92 ming (SDP) [14] and Multidimensional scaling (MDS) [15], the
93 locations of mobile devices within the WSN can be estimated.
94 However, the unpredictability of NLOS signal propagation and
95 multipath propagation through indoor environments are major
96 challenges in indoor localization. To mitigate the influence of NLOS
97 and multipath errors, fingerprinting techniques have recently been
98 examined. In these techniques, RSS values at specific locations are
99 used as fingerprint information. This is also referred to as a range-

100 free algorithm. Because RSS patterns are directly mapped out
101 according to specific locations, the measurement errors caused
102 by NLOS and the multipath environment are avoided. However, a
103 significant investment of human labor is typically required to build
104 a detailed map-database. Additionally, some authors have pro-
105 posed Bayesian filter techniques to accumulate information from
106 consecutive measurements. Among Bayesian filters, the extended
107 Kalman filter (EKF) and the particle filter (PF) have been widely
108 used in the field of indoor localization. However, the performance
109 of Bayesian filter techniques depends on a priori knowledge of the
110 statistical distribution of the measurement noise. The dead reckon-
111 ing technique incorporates measurements derived from inertial
112 sensors, and has also been used in indoor localization. This tech-
113 nique uses an accelerometer to perform distance detection, and
114 then uses a compass for heading direction estimation. While the
115 technique requires no infrastructure assistance, the location accu-
116 racy is limited by the performance of the inertial sensors.
117 In this paper, we propose an unsupervised learning algorithm,
118 namely HPFRI (HB-HMM and Particle Filter for the Fusion of RSS
119 and Inertial Measurements), which employs the hierarchical Baye-
120 sian hidden Markov model (HB-HMM) for the RSS time series anal-
121 ysis and the PF for fusion of the RSS and inertial measurements
122 obtained from the IMU in a smartphone, for improved accuracy
123 of wireless localization in WSNs. With respect to other localization
124 methods employed inWSNs, the contributions of the present study
125 are as follows:

126 � Because we generate the HB-HMM model of RSS values to esti-
127 mate the location, and use the information obtained from the
128 IMU which is completely irrelevant to signal propagation in
129 the indoor environment, measurement errors caused by NLOS
130 and multi-path is mitigated.
131 � Our algorithm is based on unsupervised learning that accumu-
132 lates information through consecutive observation, and, thus,
133 the RSS value is automatically collected.
134 � Novel methods are employed to identify the robot state based
135 on IMU information.
136 � A PF method is employed for the fusion of RSS and IMU data.
137

138 The remainder of this paper is organized as follows. Section 2
139 provides an overview of related localization systems. The problem
140 statement regarding indoor wireless localization is introduced in
141 Section 3. Subsequently, Section 4 presents the HPFRI algorithm.
142 Section 5 discusses the experiments run in indoor scenarios. The
143 paper closes with conclusions in Section 6.

144 2. Related work

145 A number of localization techniques based on RSS and IMU data
146 have been developed for WSNs. For instance, in response to an ini-
147 tiative for the development of a real-time indoor localization sys-
148 tem for tracking people, D’Souza et al. designed the Indoor

149People Tracker, an approach that employed the proximity to static
150nodes in the WSN in conjunction with data obtained from onboard
151inertial sensors [16]. A multi-hypothesis estimation algorithm
152based on dead reckoning and Monte Carlo approaches was applied
153to the Indoor People Tracker, which attained an indoor resolution
154of 2.5 m. In the field of indoor localization based on inertial sen-
155sors, Bayesian filter techniques have been most commonly used.
156Correa et al. proposed an enhanced filtering method (Power
157Threshold Covariance Matrix Tuning, PT-CMT) for indoor localiza-
158tion using a WSN that employed the inertial measurements
159obtained from a nine-degrees of freedom IMU. The experimental
160results verified that the system correctly estimated the location
161of a mobile terminal indoors within an area of around 1 m � 1 m
162[17]. Hur et al. proposed a discrete-time H1 filter for indoor robot
163localization in WSNs based on IMU data and chirp spread spectrum
164(CSS) ranging [18]. This method improved the ranging precision
165accuracy to 1 m. Lee et al. proposed an indoor pedestrian localiza-
166tion system equipped both with inertial sensors and the IEEE
167802.15.4a CSS radio [19]. Experimental results demonstrated a
168mean error of approximately 1.5 m with five position-unknown
169beacons. Aimed at monitoring groups of mobile nodes, Franco
170et al. proposed a data fusion method using information derived
171from an RSS indicator (RSSI) and an IMU [20]. The Kalman filter
172and multidimensional scaling were employed to estimate robot
173dynamics. The error distribution of the system was determined
174to demonstrate a mean error = 60.3 mm and a standard devia-
175tion = 56 mm. In another study, Tarro et al. proposed a framework
176based on RSS and IMU data for reducing energy consumption in
177localization systems [21]. For a given target accuracy, the proposed
178framework exhibited a lower energy consumption than conven-
179tional methods.
180However, these approaches did not use unsupervised learning
181techniques. As such, their performance depended on prior informa-
182tion, which limited their applicability to their initial environments.
183Wang et al. proposed UnLoc, a self-learning method for indoor
184wireless localization [22]. By combining dead reckoning, urban
185sensing, and partitioning based onWiFi into a framework for unsu-
186pervised localization, they established landmarks from various
187sensors (e.g., accelerometer, magnetometer, sound, and ambient
188light) to substantiate the position estimate. However, the experi-
189ment did not employ time series data information, and this limited
190the validation because the transition probability is an important
191contribution for determining accuracy.

1923. Problem statement

193We consider a WSN deployed in an indoor environment with a
194robot equipped with a mobile node and a smartphone. Given this
195scenario, we seek to determine the robot’s position based on RSS
196and IMU data. Specifically, a vector representative of the mobile
197node’s signal strength received from M reference nodes, namely
198the fingerprint, is defined as (1). 199

Si ¼ si;1; si;2; . . . ; si;M
� �

i ¼ 1;2;3; . . .N ð1Þ 201201

202Here, i denotes the ith signal strength sample in the time sequence,
203as received from the jth reference node, and N is the total number of
204samples. For convenience, we divide the indoor environment into
205grids. If an Si is given, our goal is to locate the grid that matches
206the mobile node’s position. In our unsupervised fingerprint method,
207a priori knowledge regarding the positions of the reference nodes is
208not essential. To save time and labor, in each of K grids we investi-
209gate only a single labeled fingerprint as an initial representative,
210which is defined as 211

Fk ¼ f k;1; f k;2; . . . ; f k;j; . . . ; f k;M
� �

k¼1;2;3; . . . ;K and j¼1;2; . . . ;M

ð2Þ 213213
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