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Abstract—Localization in complex indoor environments with
RF signal is a challenging task. Via this technique, the signal
is easily affected by obstacles and environmental noise due
to the broadcast nature of RF signal transmission. In this
paper, we observe that seismic signal is more oriented than
the RF signal, and thus is more suitable for localization in an
complex indoor environment with obstacles. Motivated by this
observation, we propose a device-free passive indoor localization
system, namely Floc, that can fight against environmental impact
and achieve high localization accuracy. FLoc is composed of
three modules, which are sensing module that collects seismic
signal from footsteps, footstep detection module that remove the
environmental impact and recover the clean footsteps, and local-
ization module that leverages seismic signal from footsteps for
positioning. We implement FLoc on credit-card sized single-board
computer Raspberry Pi equipped with geophones. To verify the
effectiveness of our system, we conduct extensive experiments
for different scenario in a complex indoor environment with the
area of 6 x 8 square meter. The experimental results demonstrates
that Floc can achieve up to 7cm localiztion accuracy on average,
and can outperform the existing acoustic signal-based localization
techniques.

I. INTRODUCTION

Indoor localization is currently a cutting-edge research topic
because of its huge market value. Extensive research has been
carried out in this direction. Till now, numerous technologies,
such as infrared, Bluetooth, Computer Vision, RFID, WiFi,
ZigBee, Ultra Wide Band (UWB), etc. are used to address
this problem. Among these technologies, UWB and infrared
have the highest positioning precision. However, UWB has
high cost and infrared technology has blocking issue. Cameras
cannot be applied in intelligent home environments because of
privacy issues. Consequently, RF signaling technology is the
most popular at this point. However, the transmission of RF
signal is broadcast by nature, and the receiver receives the
signal after multiple reflection in 3D space. As shown in the
top half of Fig. 1, a human voice is received by a microphone
from different paths at different time instants.

As shown in the top half of Fig. 1, a human voice is received
by a microphone from different paths at different time instants.
Our objective is only to use the solid path in the middle
to calculate the distance. The other paths cause a great deal
of error in positioning accuracy. This phenomenon is named
as multipath effect. In order to mitigate the multipath effect,
most of the existing positioning technologies require an open
experimental environment without obstacles. In reality, in any
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Fig. 1. Multipath propagation of sample acoustic signal.

indoor environment, there are many obstacles, such as tables,
chairs, etc. These obstacles not only bring the multipath effect
in signal propagation, but also are the source of extreme power
consumption. We observe that the acoustic signal transmits
information through a single path via the vibration of the cord,
as shown in the bottom part of Fig. 1. There is no multipath
effect in this case. The sound of footsteps spread along the
ground, and travels farther than the original distance through
the air'. These signals are not reflected in the 3D space but
along the ground. Furthermore, they are not affected by objects
in the space. They propagate only in the ground with low
multipath effect, and can incur high positioning accuracy in
complex environments with many obstacles.

Now, the question is, how we can get the signal propagation
along the floor? If we use the microphone on the floor,
the received sound wave is greatly affected by sound noise
(e.g., human speech). On the other hand, seismic signals
extracted from the floor are weak and have very little usage.
A seismograph is too expensive and accelerometer cannot
detect the sensitively of seismic signal effectively. Further-
more, modern buildings are constantly in vibration. These
vibrations affect the shape of the footstep signals. Typically,

'In ancient China, people used to put their ears close to the ground to
monitor distant hoofs of horses
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the footstep-induced seismic signal has low signal-to-noise
ratio (SNR) especially when the pedestrians walk far away
from the geophone. Again, the way to do the segmentation for
detecting footsteps is not straightforward. Another challenge
is, if there are some noise pulses, such as the fall of chairs,
how we can distinguish the noise pulses from footstep pulses.

To address the aforementioned challenges, we design a
low-cost but high-sampling rate-based seismic wave detec-
tion system using geophone of the Raspberry Pi, which can
successfully detect footstep-induced floor seismic signal in an
indoor environment. Then, through the spectrum analysis, we
design a butterworth highpass filter to reduce the background
noise and improve SNR of seismic signal. From the collected
denoised data, at first, the authors in [3] use a training-
based learning model to detect the origin of footsteps. Then,
we observe the characteristics of pedestrian walk, and build
a walking Speed based adaptive Weight Increment Model
(SWIM) to detect footsteps with higher accuracy without
training.

After the detection of footsteps, we estimate the resultant
time delay and use the time-difference-of-arrival (TDOA)-
based algorithm for the localization of the corresponding
footsteps. We conduct extensive experiments to verify the
effectiveness of our system. The results verify that it is possible
to exploit the seismic signal of footsteps for indoor local-
ization. Our SWIM can remove environmental noise (signals
other than from footsteps) effectively and can detect footsteps
97% of time. Moreover, the positioning accuracy can be
achieved up to 7cm on average.

The rest of the paper is organized as follows. First, we
review the existing works related to this paper in Section 2.
Followed by the description of basic components, in Section
3, we describe the mechanism of the system in detail. We
evaluate the performance of our proposed system in Section
4. Finally, Section 5 concludes the paper.

II. RELATED WORK

There were many works have been done on indoor local-
ization using wireless signals.

In the context of this paper, there are many works appeared
in the literature. For example, Wu et al. [4-7] uses channel state
information (CSI) of wireless signal for indoor positioning,
Zhang et al. [8]localized pedestrians using WiFi signal, and
Liu et al. [9] used acoustic signal to localize objects in
indoor environments. The technologies of these works are
based on either received signal strength indicator (RSSI) of
wireless signal or time-to-speed ranging concept, such as time
of arrival (TOA). However, geometry-based positioning tech-
nique is highly susceptible to indoor obstructions. Typically,
in a complex environment with many obstacles, positioning
accuracy is low using wireless signal. We use footstep-induced
seismic along the floor to transmit signal, via which a high
positioning accuracy can be achieved even in an environment
with full of obstacles.

Fingerprint-based indoor positioning technology [10] can
determine the positioning information of a room equipped

with many fixed obstacles. However, with this technology, the
change of experimental environments leads to high positioning
error. Camera positioning technology is limited by privacy
issue, especially in the smart homes. On the other hand, UWB
positioning technology is very expensive. Unlike these existing
technologies, our FLoc system is free from obstructions and
is adaptive to any indoor environment. Moreover, there is no
privacy related issues and the cost is very low.

There are some prior works that detect footsteps and locate
them in military outdoor environments [11][12]. These works
basically track intruders through the detection of footsteps,
and locate them at the border. However, the footstep-induced
soil vibration in outdoor environments is entirely different
from footstep-induced floor vibration in indoor environments.
Moreover, the vibration of modern buildings have great noise,
such as electric appliance vibration. Pan et al. [2][3] is the
first one to address the localization problem with geophones
in indoor environments. They used the training method to
detect footsteps, while we use a mathematical tool for footstep
detection without training and with high recognition rate. This
year, Woolard et al. [1] also tried to solve indoor localization
problems using floor vibration. However, in this work, they
used an accelerometer mounted below the floor. The accuracy
of accelerometers is so low that they can only use hammers
to simulate footsteps for achieving high accuracy. Based on
geophones, we design a sensitive vibration acquisition system
for footsteps, and obtain high positioning accuracy.

III. DESCRIPTION OF THE SYSTEM

In this section, we first provide the overview of the system.
Then, we will provide the detailed description of its component
modules, such as denoising, footstep detection and calibration
modules.

A. System Overview

From the viewpoint of mechanics, footsteps travel down
the ground through the obstacles to vibration detectors. Our
system, Floc is able to collect footsteps vibration in indoor
environments with many obstacles. However, typically, seis-
mic signal is very weak. In fact, seismic signals of modern
buildings are added as additional noise to footstep-induced
seismic signal. In addition, after collecting the signal, we
need to apply the signal segmentation to extract the pulses
of footstep vibration. Moreover, noise information needs to be
removed from the collected signal. For example, if there are
chairs or other objects fall off the floor to stimulate vibration as
noise, it is difficult to determine the vibration pulse associated
with footsteps. Consequently, how to filter out the non-footstep
noise vibration is another challenge.

In order to obtain weak vibration signal, we design a sensing
module using a geophone. We use a low-cost raspberry con-
troller to connect with geophone. Operational amplifiers are
used to amplify weak vibration signals to facilitate detection,
and then convert the analog signals to digital signals through
the analog-to-digital converter (ADC). In order to detect the
footstep-induced seismic signal, the traditional techniques use
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Fig. 2. An architectural overview of FLoc.

machine learning models to distinguish footsteps from non-
footstep related events (e.g., the fall of chairs). Before building
our system, we observe people walking at uniform speed
over a period of time, and discover that the interval between
footsteps is the same. Based on this feature, we build SWIM.
This model can detect footsteps accurately, and is resilient to
environmental other non-footstep related noise.

As shown in Fig. 2, FLoc is mainly composed of Sensing
and Localization modules. For the sensing module, we develop
a low-cost Raspberry Pi controller to achieve high sampling
rate, select the geophone to act as a vibration sensor, opera-
tional amplifiers to amplify the weak vibration of footsteps,
and then use ADC to enlarge voltage signal and convert it to
digital signal and pass it to Raspberry Pi.

In the localization module, we first apply denoising scheme,
and then use SWIM to detect and identify the footsteps,
filter out high energy bursty noise, such as the fall of chairs,
tables, etc. Finally, we estimate the time delay and localize
the corresponding footsteps using a TDOA-based algorithm.
To improve the footsteps detection accuracy, we further adopt
the calibration of SWIM.

B. Denoising

The architecture of modern buildings is constantly shaking
and drives the vibration of floors and walls. These default
vibrations in indoor environments cause background noise to
the original footsteps vibration. Therefore, in order to improve
the SNR, we apply the Fourier transform over the background
noise and footstep-induced seismic signal, and observe the fre-
quency distribution. The main component of the background
noise exhibits a Gaussian distribution at low frequencies. The
frequency of footsteps are mainly concentrated in the low-
frequency domain. We first remove the direct current (DC)
component of the footstep signal. In order to minimize the
noise without affecting the composition of footsteps, we design
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Fig. 3. The proof of uniform footstep interval.

a Butterworth highpass filter and access the signal beyond
63Hz frequency.

C. Footstep Detection

In order to localize footsteps, we apply segmentation on
each footstep-induced seismic signal. However, the footstep-
induced seismic signal is very weak, especially when the
footsteps are far away from a geophone and the SNR of
footsteps is very low. While applying the segmentation, we
inevitably cut some of the noise pulse out which is similar to
the footstep pulse. This means that once the segmentation is
done, we need to recognize whether it is a footstep-induced
signal or not. The traditional methods cut these signals out, and
apply training-based classification models to identify footsteps
[3]. In our case, we use a training-free mathematical tool
to achieve better recognition accuracy. We observe that if
the pedestrians do not change walking speed frequently and
randomly, there is a series of continuous uniform footsteps
because of their uniform walking speed. The gap between one
footstep and the following footstep is often fixed. As shown
in Fig. 3, the footstep interval d1 is approximately equal to
d2 and d3.

Using this observation, and combining the short-term
energy-based dual-threshold endpoint detection method, we
design a walking speed-based adaptive weight increment
model, namely SWIM, to identify footsteps. First, a two-
threshold endpoint detection method based on short-term en-
ergy is used. A short-term energy is shown as

oo

En = Z [z(m).w(n —m)]>. (1)

m=—0o0

We apply segmentation on the initial signal, which is basi-
cally noise component. We set the lowest threshold value as
the maximum value of the noise and set the highest threshold
value as half of the maximum footstep energy. The entire
endpoint detection time can be divided into four segments,
which are quiet, transition, voice segment and endpoint. The
endpoint detection program uses a variable, namely Status, to
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indicate the current state. Two parameters, such as the longest
silent length and the shortest voice length are set as well. In
the quiet section, if the short-term energy exceeds the lowest
threshold, the program starts marking the starting point and
enters into the transition section. In the transition section, if
the short-term energy dropped below the lowest threshold, the
program cannot be sure about the voice segment. If the length
is more than the maximum quiet length, the program returns
to the quiet state. If the transition section exceeds the highest
threshold value, the program convinces into the voice segment.
If the length of the final segment is less than the minimum
voice length, it is considered to be noise and discarded. We cut
the end points of the first footstep and label them as x and ).
In the similar manner, we cut out the second footstep and we
obtain the corresponding endpoints 1 and 2. Let subtract x;
from z(, we can obtain the footstep interval, sampling point
dl in Fig. 3. Let denote all endpoints and the corresponding
footstep intervals as x;, (i > 1), d;+1 (¢ > 0). Combining
the energy-based dual-threshold endpoint detection method
and the footstep interval di, we can assign weights to them
and calculate the new endpoints y;, y.(i > 2).

Y = M;_qx; + Ni_1di—q, 2

M; +N; =1, (€))
i—3

di,1 = O.Sdi,Q + 02(3.Vg(z dl)), (4)
i=1

Moy = (1/2)7, )

where M and N are weights and 7 is an incremental function
whose step number is 1. Each segmentation is increased by 1.
As mentioned previously, the walking trend of people is not
absolutely uniform and the latest footstep interval can better
predict the next footstep interval. Therefore, we choose expo-
nential moving average (EMA) algorithm to compute di as we
know that the more amount of movement towards the back,
the more stable and reliable speed. Over the iterative process
of EMA algorithm, the value of M decreases exponentially.

D. Calibration

The SWIM is developed based on the assumption that
people walk in a constant speed. EMA algorithm allows
people to gradually change the walking speed. However, when
pedestrians suddenly make a significant change in walking
speed, such as running from walking, the resultant segments
generally cause significant bias. We learn from additive in-
crease multiplicative decrease (AIMD) algorithm that when
we suddenly change the walking speed, we let M and N
return to their initial values and start to re-use the exponential
growth model to assign M /N weights. In order to determine
whether pedestrians’ drastic change of walking speed resulting
in segmentation errors, we introduce the vector N. Typically,
the stride of one person is not more than one meter. The
footstep spacing is set to a vector N, and if the module length
is 1, we can obtain a reasonable positioning range. If the
Euler distance between the predicted coordinate and the actual
coordinate is greater than || N ||, the pedestrian is considered to

| [ T

Fig. 4. A sample S-wave (top) and P-wave (bottom) when a desk is touched.

suddenly change the walking speed and we need to reassign
the weights of M and N and restore their initial values.

IV. EXPERIMENTS AND PERFORMANCE EVALUTION

In order to capture the vibration caused by footsteps,
we have designed a low-cost high-sampling rate-based sen-
sitive vibration acquisition device. Seismic signals can be
collected using seismometers, geophones or accelerometers.
Seismometers are mainly used to measure earthquakes, and
expensive as well. The accelerometer is not sensitive to slight
vibration. The geophone is cheap and has higher accuracy
compared to accelerometer because of emerging hardware
development in the recent years. The ground vibrations cut
magnetic induction lines in the geophone and generate voltage.
However, this voltage is very weak. In order to detect footsteps
with as high SNR as possible throughout the experimental
environment, we require highly sensitive vibration detection
tool, and consequently an operational amplifier is used. To
make the positioning accuracy higher, we need the highest
possible sampling rate with a non-expensive sampling device.
We choose to use the Raspberry Pi which is very cheap to
sample, and use the BCM2835 library to ensure a stable
sampling rate for up to 65KHz. The purchased Raspberry Pi
did not have an ADC chip, and so we added an additional
ADC.

In the experiment, the transverse wave (S-wave) geophones
detects the seismic signal of the transverse wave vibration,
the longitudinal wave (P-wave) geophones detect the seismic
signal of longitudinal wave vibration. In order to observe the
difference between the two types of detectors, we place the
S-wave geophones and P-wave geophones on a desktop that
has low-noise of vibration. To observe the difference of the
received signal by two types of geophones, we touch the
desktop lightly. The results of this event is shown in Fig. 4.
The S-wave (top) is a series of continuous sine waves, while
the P-wave (bottom) has an obvious peak which is good for
calculating time delay. In addition, the signal energy of the
P-wave geophone is significantly higher than that of the S-
wave geophones, and P-wave geophones have a better SNR.
Therefore, we choose the P-wave geophones.

Two experiments were designed to evaluate the sensing,
denoising and localization performance of the system. The
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Fig. 5. The experimental environment.
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Fig. 6. A sample footstep detection process.

objective of the first experiment is basically to know how
sensitive Floc system is and verify the performance of SWIM
including its denoising scheme and recognition rate. The ob-
jective of the second one is to verify the overall performance of
Floc system in terms of localization accuracy. As shown in Fig.
5, we conduct experiments in the Laboratory of Smart Sensing
and Mobile Computing at Shenzhen University, China. The
area of the environment is 6 x 8 square meter. Three people
were involved in the experiments.

In the first experiment, we use a geophone. The participants
walk towards a direction which is away from the geophone.
Everyone walks 10 rounds and 10 footsteps in each round.
Therefore, we collect a total of 30 samples and 300 steps
of vibration. Then, we conduct the experiments again while
adding noise (e.g., the fall of bottle) to the environment.

The performance of sensing module: Fig. 6 verifies the
effectiveness of the sensing module. We see in the figure
that each resultant pulse is obvious. This proves that the
performance of sensing module is robust enough to detect the
footstep-induced seismic signal even when the participants are
far (e.g., 8m) away from the geophone.

The performance of denoising scheme: As shown in Fig.
6, the pulses in between two vertical lines are for the footsteps,
and the seventh pulse is due to the fall of the bottle and there
is no vertical lines beside it. Using SWIM, we successfully cut
10 footsteps. The seventh pulse with no vertical lines beside
it is very similar to a footstep, however is a bursty noise.
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Fig. 8. The detailed coordinate of the experimental environment.

we manage to avoid it. This verifies the effectiveness of our
denoising scheme. Let denote the true footsteps segmentation
as T'F, wrong footsteps as W F', missing footsteps as M F'.

P1=TF/(TF + MF), (6)
P2=TF/(TF + WF), %)
P =2« P1xP2/(P1+ P2). (8)

The performance of SWIM: As shown in Fig. 7, the
precision of SWIM is about 97.72%, and the accuracy of
support vector machine (SVM) is 90% [3]. The histogram
shows that SWIM without training incurs significantly en-
hanced performance in terms of footstep detection compared
with SVM model which needs training. Moreover, even after
adding the bursty noise, the precision of SWIM remains the
same compared with the noise-free case. This means that
SWIM is resilient to environmental noise.

In the second experiment, the number and the identity of
the participants are as same as the first one. Everyone walked
20 times, and there were 3 footsteps in each round. Fig.
8 shows this experimental environment. We apply TDOA-
based technique over the known coordinates of all objects in
this environment and the propagation velocity of vibration to
calculate the coordinate of footsteps.

Accuracy of each footstep: To estimate the time delay, we
subtract the reading of two geophones. From the subtracted
results and the known coordinates of other objects, we obtain
the coordinate of footsteps. Error is the Euler distance between
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Fig. 10. The overall localization error.

the real and estimated coordinates. The localization error of
three individual footsteps are shown in Fig. 9.

We then use the microphones to set up two controlled exper-
iment scenarios. In the first experiment, we put the microphone
on the ground and collect footsteps. This experiment is named
as non-line-of-sight (NLoS) Acoustic. Then, we vacate the
room to make it obstacle-free and repeat the experiment
with the microphone. We label this experiment as line-of-
sight (LoS) Acoustic. We compare the overall performance of
these two types of experiments with the previously conducted
experiments with our seismic-signal-based proposed system in
Fig. 10.

Comparison between seismic and acoustic-based local-
ization techniques: No matter the obstacles exist or not, the
average positioning error using our footstep-induced seismic
wave-based technique is 0.07m. Whereas, the average posi-
tioning error using acoustic wave-based technique is 0.78m
and 0.21m for the cases when obstacles exist and when the
environment is obstacle-free, respectively. It can be seen that
under the influence of obstructions, the accuracy of seismic
signal-based system is much higher than that of acoustic
signal-based system. This is because obstacles enhance the
reflection of acoustic signals and reduce the positioning accu-
racy. Furthermore, the positioning accuracy of seismic signal-
based technique is higher than the case when LoS scenario
is considered for the acoustic signal-based technique. This is
because acoustic systems are easily effected by noise (e.g.,
human speech, transportation sound, etc.). In conclusion, these
experiences prove that Floc can work effectively in a room
with many obstacles and the resultant localization accuracy is
very high.

V. CONCLUSION

We developed a sensitive seismic wave acquisition system
that can detect weak vibrations of footsteps in an indoor envi-
ronment with many obstacles. In order to detect the footstep-
induced seismic signal and denoise the noise pulses, we
combined their short-term energy and footstep intervals, and
designed a training-free mathematical model SWIM for our
Floc system. While considering diverse scenarios, extensive
experiments have been conducted to verify the effectiveness of
the system. The results verify that the footstep recognition rate
is more than 97% on average. Furthermore, it is proved that
the propagation of seismic signal along the ground under the
obstacles can be used to localize footsteps with high accuracy.
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