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This article proposes an approach to increase the flexibility of the navigation algorithm for inertial pedestrian
systems by classifying the type of traffic based on the support vector machines method. The experimental
studies confirm the sustainability of the proposed approach.

1. Introduction

At present, when satellite navigation tools have become widely available, inertial
navigation systems (INS) still remain relevant where it is necessary to determine not only the
coordinates of an object, but also its orientation in space; when it is impossible to receive
satellite navigation signals, as well as in cases when the navigation solution should not depend
on the performance of navigation satellites [1].

However, due to design peculiarities, inertial sensors tend to accumulate measurement
errors over time [2]. In inertial pedestrian systems, the zero-speed correction method (ZUPT) is
used to deal with this problem, which in turn implies resetting the accumulated error by the zero-
speed trigger [3]. The main advantage of this approach is also its disadvantage: determining the
optimal parameters for detecting zero speed is strictly tied to a specific type of movement, and
in the case of different types of movement (running, walking, climbing stairs), it is not always
possible to accurately detect the "zero speed" stage and therefore reset the accumulated error.

Due to the development and emergence of new approaches to classifying typical motion
stages [4, 5], this paper proposes a way to increase the flexibility of the navigation algorithm
for inertial pedestrian systems by classifying the motion type based on the support vector
method (SVM) [6].

2. Navigation algorithm for inertial pedestrian systems

As a rule, the navigation algorithm for inertial pedestrian systems is based on the ZUPT
method, which is used to detect the reference phase of a walking object and periodically correct
the readings of the measuring module at the appropriate time points. Since pedestrian systems
are nonlinear, the extended Kalman filter (EKF) is used as a corrector [7].

The computational cycle of the algorithm consists of two steps. In the first step, an estimate
of the current navigation system errors in determining coordinates, speeds, and orientation
angles is calculated. At the second step, the basic navigation solution is corrected based on the
received corrections (Figure 1) [8].
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Figure 1. Block diagram of the inertial pedestrian navigation system algorithm.
During an experiment involving movement along a reference trajectory, the following real
trajectory was obtained (Figure 2). The accuracy (standard deviation) was 10 cm (MPU-9250
was taken as a sensor).
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Figure 2. The resulting trajectory of the pedestrian.

3. Adaptive zero speed detector

To determine the optimal parameters of zero-speed detection, there are detectors [9], which
are statistical tests based on various hypotheses. These detectors do not solve the problem of
binding the algorithm to some a priori known type of motion, so a variant of the adaptive
detector was developed, including 2 stages:

e (Classifying motion type;
e Determining the optimal parameters for each of the recognized movement types.

Thus, the block diagram of the basic navigation algorithm for inertial pedestrian systems is
transformed into the following (Figure 3).
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Figure 3. Updated block diagram of the inertial pedestrian navigation system algorithm.

3.1. Classification of the movement type using the support vector machines

To classify the type of movement, the support vector machines were used as a basis. This
choice is based on previously confirmed studies found in the scientific literature. For example,
authors H.-Y. Lau, K.-Y. Tong, and H. Zhu, using inertial accelerometer and gyroscope data
from sensors placed on the lower leg and foot, were able to train SVM to recognize 5 types of
movement. They claim a classification accuracy of 84.71% for a classifier with 5 types of
movements and 100% for a classification with 2 and 3 types of movements [10].

The main idea of the support vector machines method is to translate the source vectors into
a higher-dimensional space and search for a dividing hyperplane with the maximum gap in this
space. In practice, the effectiveness of SVM depends on the choice of the core and parameters:
C, gamma.

To train the classifier, data was taken from an accelerometer with a frequency of 100 Hz
for 10 minutes for each type of movement: inactive (stationary) state, walking and running. The
process of preparing the received data for training included the following stages:

e loading data (each class has its own dataset);
data normalization (from 0 to 1);
adding labels to each class (inactive state-1, walking-2, running-3);
creating time segments for every 2 seconds;
finding characteristic values based on data divided by time (arithmetic mean, standard
deviation, minimum and maximum values), which later serve as input parameters of
the trained classifier model;

e mixing the resulting set of characteristic values;

e dividing data into training and test samples.

According to the results of cross-validation, the optimal set of parameters were: core -
'linear', 'gamma’' - 0.001, and 'C' — 10, where 'C' is a parameter that helps to adjust the boundary
between the smoothness and accuracy of the classification of objects of the training sample and
'gamma’ is a parameter that determines how far each of the elements in the data set has an
influence in determining the ideal line. The accuracy of the algorithm was 99%, which is
confirmed by the resulting matrix of inaccuracies (figure 4).
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Figure 4. Confusion Matrix of trained SVM model.

3.2. Determining the optimal threshold for each type of movement

The Stance Hypothesis Optimal Detector (SHOE) is currently the most optimal of all zero
speed detectors:
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Ty (a, w) = WZQL‘Q’ ! (_62
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an = 9z +U—z||yfé’II2)S 14 (1)
w
a,w € RW*3 — measuring acceleration and angular velocity in the W; W — support phase
detection window; 62, g2 — variance of the measurement noise of the accelerometers and
gyroscopes, respectively; g — gravity; y — detection threshold; T}, — test statistics of the detector,
k — sequence number of the time interval.

The parameter 7 depends on the type of movement. This parameter can be determined by
analyzing the graphs of the left side of the inequality for each of the movements. So, for
example, in Figure 5, running is indicated in black solid color, and walking as a black dotted
line. If you look at the values in the phases of the support, you can see that the threshold for
walking (black bold line at number 2) is too low compared to the running threshold (black bold
line at number 1) and is not suitable for determining zero-speed moments when running.

373



ie7

L o
wn ~a
[=TT
o
=

.-
=
&

=
Pl
w

&

=
[=]
L=}

.\
i
=

o
m
Lr]

2
@

A
- d;- =0 100 :ig __qiapi;;{dr =180

T _———Time(s*10)

| SHOE detector output

of

SHOE detector output
5

I e T

o
(Y]
i

il
1--

|
|

0.00

0 50 100 150 200 250 300
Time{s*10)
Figure 5. The graph for determining the optimal threshold for each type of movement.
Accordingly, experiments were carried out in different shoes (the sensor was located at the
lower of one leg), for each of the obtained results thresholds were calculated for 2 types of
movement. To obtain the optimal parameters, we calculated the arithmetic average of all

experiments. Thus, 7 for walking it takes the value le6, and 7 for running — 3e6.

4. Results

Thus, an experiment was conducted when moving along a trajectory with a change in the
type of movement: from walking to running and back. The results are presented in Figure 6.
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Figure 6. The graph when moving along a trajectory with a change in the type of movement.

Here, number 3 marks the resulting trajectory with a threshold for walking, number 2 —
with a threshold for running, and number 1 — when using an adaptive detector. As expected, the
threshold for walking turned out to be too low to track the phases of support when running
(occurrence of peaks in graph number 3 due to the low tracking performance), while the adaptive

threshold showed the best accuracy.
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5. Conclusion

Based on the results obtained, it can be said that the developed software solution based on
the use of the support vector machine successfully solves the problem of increasing the
flexibility of the navigation algorithm for inertial pedestrian systems. This algorithm can be used
for further research and implementation of its own navigation solutions.
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