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Appendix
A Dataset Information

Dataset 1 Provides RSSI values for three wireless technologies; BLE, Zigbee, and Wi-
Fi. We have used the data for Scenario 1 (Fig. 3(a)) as it relates to our approach in the
way of geometric positioning of anchor nodes. In this scenario, a room of 6.0 x 5.5 m
was used as the experiment testbed. All transmitting devices were removed from the
surroundings to establish a clear testing medium where all devices could communicate
without interference. The transmitters were spaced 4 meters apart in the shape of a
triangle. The fingerprint and test points were obtained with a 0.5 m distance between
the transmitters in the center. The database would be made up of 49 fingerprints as a
result of this. Ten test points were chosen at random for testing. We have arranged the
fingerprinting dataset in such a way that it makes a trajectory in the region.

Dataset 2 Provides RSSI values for the three regions of varying range in the bounded
area: diagonal, boundary, and cross-inside (Fig. 3(b)). Four anchors took RSSI measure-
ments while receiving messages from a single mobile node, delivering advertisement
and extended advertisement messages in all BLE channels (both primary and secondary
advertisement channels). Four anchors were placed in the corners of a 10 x 10 m office
area (no large impediments). We have compared the results for different communication
channels under different regions in the bounded area.

Sample space, resolution and number grids/particles details can be visualized through
Table. 3

Table 3. Simulation Configurations

Experiment Basis Si Parameter
Space Dimensions|Resolution of markov (ppi) |Resolution of PF (ppi)|No. of grids in Markov|No. of Samples in PF
Dataset 0 (Simulations) 6 x6 0.05 0.08 14,400 200
Dataset 1 4 x4 0.05 0.1 6,400 200
Dataset 2 10 x 10 0.1 0.5 10,000 200

B Compared Methods

Trilateration [ | 7] Trilateration is a model-based technique that uses distances to deter-
mine the receiver’s location numerically. To calculate with trilateration, we need three
transmitting devices to obtain a 2-D position and four to find a 3-D position. The dis-
tances between the transmitter and the receivers, in addition to the right number of
transmitting devices, are necessary. A frequent method for calculating the distance be-
tween devices is to use the RSSI of a signal. For 2-D space, with three anchor nodes
Ny, No, N3 and positions in space be (ai,b1), (a2, b2), (a3, b3) respectively. We can
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find the unknown position (z, y) of the receiver as:
(a1 —2)* + (by —y)* = df
(az — 2)* + (b2 —y)* = d;
(a3 —2)* + (b3 —y)? = dj

To minimize the positing error, we need to minimize the following objective function
using a non-linear least squares technique:

flay) =) {\/(x—ai)2+(y—bi)2—dir

i=1

Weighted Centroid[!8] The basic idea of a weighted centroid localization algo-
rithm based on RSSI is that unknown nodes gather RSSI information from the beacon
nodes around them. Assuming there are n anchor nodes in the WSN, with coordinates
(x1,11)s (x2,Y2), ..., (Tn, yn), respectively, the location of the unknown node can be
obtained by using the improved centroid algorithm estimating the coordinates of n
nodes as:
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Differential RSS[19] The Differential RSS method works without knowing to trans-
mit power beforehand. There are two phases in this technique; offline and online phases.
During the offline phase, actual received RSS values are generated for each point of
the grid using the representative (measured) RSS model. During the online phase, the
measured DRSS values for each grid point are compared to the theoretical ones. The
estimated location (X,Y) is determined as the grid point with the theoretical RSS values
closest (the least squares) to the ones measured:

N
(X,Y) = rgiynZ(DRss(w),i,T — DRSS; u)?
=1

Here DRSS, )i, v denotes the actual differential RSS value at position (x,y) from
or at anchor i, ¢ = 1...N with N is the number of anchors.RSS; 5s is the measured
RSS value from or at anchor i and is therefore required. DRSSy is obtained from a
measurement at a reference point. DRSS can be calculated as:

DRSS; = RSS; — RSS

Where RS'S; denotes the strongest received signal strength. In the algorithm, n is con-
sidered constant and known.
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Improved RSSI[20] The mean or probability of the RSSI signal uses to determine
the RSSI signal characteristics. However, because of multipath and non-line-of-sight
propagation in a complex and dynamic interior environment, RSSI characteristics can
vary significantly in time and space. For example, if multipath interference is higher
than the signal, the probability distribution is right-skewed. As a result, the RSSI sig-
nal’s mean does not adequately represent RSSI’s dynamic nature. Therefore, the im-
proved RSSI algorithm works to bagged RSSIs for a particular time interval to maintain
the temporal correlation between observations, then extracted top k values from decid-
edly sorted observations (value of £ determined to be 13 for indoor localization). Later
on, average out the extracted observation to find the finest RSSI will then be used to cal-
culate differential-distance from previous observation using the differential of standard
signal intensity attenuation model as:

A—Ry A—-R

Ad = dy10 00" — d,10 107

where d, set to one meter, A is received RSSI at d,, R; and R;_; are the processed
RSSI at time ¢ and ¢ — 1 respectively. For localization, an initial position is (0, 0), and
subsequent positions are estimated using the intersection of Ad measured from each
access point using standard rules of trilateration.

Particle Filter Extended Kalman Filter (PF-EKF)[21] For indoor localization,
Bayesian filtering is an appealing solution. Which, on the other hand, requires the sys-
tem(depicts how the state changes over time.) and measurement (relates the noisy mea-
surements (RSSI for PF and the user position for EKF) with the state/position) models.
PF-EKEF algorithm calculates the posterior probability density function (pdf) using a
recursive filter. The prediction and update stages of recursive filters are where the state
predicts and then updated once the measurements are available. Then, using the Bayes
theorem, the updated state has gathered measurements to adjust the prediction pdf. The
algorithm first uses a particle filter to find the estimated pdf in weighted random samples
as:

N
p(yilz1i) ~ wad(yi -y
k=1

Furthermore, used this pdf in extended Kalman filter to get the prediction of position
and update the measurement model for future estimation as:
Predict:

Yia=FY;
P,y =FP_ F" +Q
Update:
K;=P_H'(HP,_ HT + R)!
Y; =Y+ Ki(X;, — HY; )
P =P \(1— KH)

Markov Grid Markov’s grid based localization uses an explicit, discrete represen-
tation for the probability of all positions in the state space. We represent the environment
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by a finite number of discrete state space (Grids). In the algorithm, at each iteration, the
probability of each state of the entire space is updated. Use a fixed decomposition grid
by discretizing each DOA: (x, y, 6). For each location x; = [z, y, 6] in the configuration
space: determine probability P(x;) of robot being in that state. Then, choose the state
(position) with the highest probability. This approach is also similar to the Expectation
Maximization (EM) method in [22].



