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Abstract—Human activities and home appliances generate
vibration signals that can be considered seismic events. This
paper has designed a smart seismic sensor network to collect
and analyze floor seismic data and generate a result that can be
implemented in smart home design. There are three algorithms
in the system: footstep counting, trajectory tracking, and fall
detection. The system uses contact-less and privacy-preserving
sensors,they are both affordable for a normal family and easy
to install. The algorithms base on mathematical morphology and
a deep-learning-based classification model. Also, the system-level
context analysis contributes to the result. The system contains
a cloud computing structure, and all of the algorithms are
implemented in real-time. Comprehensive tests and validations
were conducted to evaluate system performances. Our system
has an accuracy of 98.47% on footstep count, 96.9% on passing
events detection, and 85.9% on route recovery.

Index Terms—vibration sensor, footstep count, smart home

I. INTRODUCTION

Currently,100 million living people are 65 years and older
worldwide living along [1]. They are lack lifestyle assistance
and often contract a disease caused by unhealthy life styles [2].
Also, affected by the COVID-19, more and more single youth
start to work from home and stay at home all days [3]. A non-
invasive approach for activity monitoring and assisted living
represents an innovative smart technology for people who
lives alone, especially the older people who live alone without
assistance from others [4]. To help people live in a healthier
lifestyl, we propose a concept of the indoor monitoring system,
which focuses on activities of daily living (ADL) monitor and
analysis in a non-intrusive, efficient, and private way [5].

Privacy and comfort are two essential issues to incorporate
in the solution [6], [7]. Most people do not want to share the
video record of their daily life. In this paper, we propose a
novel sensor network system for collecting and recognizing
the activities of one individual in a single house. The system
is built up with contact-free sensor nodes, which contain a
vertical vibration sensor and a broad computer. The price is
affordable for a normal family [8]. Vibration sensors have
been widely used in smart home applications [9], [10]. The
system contains multiple sensor nodes that can be easily
installed on the floor. They continuously monitor the vibration
signal on the floor and extract the vibration events, which we
called floor seismic events. Our system provides statistical
analysis result of person activities,which includes footstep

count, trajectory tracking, and an emergency (fall) alarm. The
system uses a cloud-based data management system to ensure
continuous and synchronous data collection. A friendly web-
based visualization tool is used to plot the signal and result in
real-time.

Our contributions can be described as the following aspects:
• We bring a real-time and contact-free home activity

tracking system, which achieves footstep count, trajectory
tracking, and fall alarm.

• A novel mathematical morphology based time-series data
processing method is used in the system. It is fast
enough for real-time processing on IoT devices, and it can
generate better results than the previous signal processing
method.

• A new sensor-deployment-based idea is brought to
achieve indoor human trajectory tracking.

• This is the first work to provide an end-to-end solution
for activities of daily living analysis with non-invasive
sensors.

II. RELATED WORKS

The issue of indoor human activity monitoring has at-
tracted researchers for decades. The common applications
include navigation, real-time tracking, localization, activity
recognition, lifestyle analysis, and emergence detection [11]–
[13]. Most of the applications are designed with cameras,
radio waves, and wearable sensors [14], [15]. The camera-
based system has advantages in motion recognition and human
identification [16], [17]. It also has a successful case in the
localization problem, and the deep camera system can even
achieve the decimeter level localization result [18]. However,
the cameras are considered intrusive sensors that many people
feel uncomfortable installing cameras in their homes. Radio
wave are able to track the movements and are also widely
used in navigation [19], position detection [20], and healthy
care [21]. However, the radio wave bases system needs a sta-
ble wireless environment. More importantly, people generally
are concerned about radio wave radiation issues, and FDA
approval of this kind of device for continuous monitoring is
difficult. The wearable sensors can detect the detail of human
activities, but many people do not willing to wear an electronic
device on their body or forget wear the device when they are
staying at home.



In recent years, people tried to use the seismometer in
smart home applications. It is a vibration sensor that can
sense the movement of the floor. In the indoor scenario, the
seismometer is a contact-free and non-intrusive sensor [22].
The previous seismometer based indoor applications includes
footstep localization [10], person identification [23], but the
result is not real-time. The sensors used in those projects are
professional seismometers that have a high sampling rate and
price. To make the system affordable for widespread use in
families, we need to use low sampling rate sensors. Also, there
is no previous work building up a seismometer sensor network
in a real living home scenario.

III. SYSTEM DESIGN AND ALGORITHMS

A. System setup

The system proposed by us consists of multiple smart
seismic sensors, all of which are connected to the same server
through WiFi. The work flow is shown in fig.1. The Raspberry
Shake is applied as the smart sensor, which involves a 1D
seismometer to collect a vertical vibration signal, and a single-
board computer (Raspberry Pi 3B) [8], [24]. The installation
of the sensor is as simple as placing the box on the floor and
to fix it with tapes. All of these sensors are connected to the
internet through an embedded WIFI module of raspberry Pi.

Fig. 1. The workflow of the proposed system.

B. Data transmission and synchronization

As shown in 2, there are multiple sensors placed in one
single home. The raw data collected by the vibration sensor
is used to streaming of the amplitude of displacement. The
raw data is then transmitted to a cloud or local server for
subsequent storage in a time-series database ’InfluxDB’ [25].
The data is sent using the unified timestamp to achieve
synchronization. Prior to the experiment starts, all nodes are
subject to time calibration for ensuring that they have the same
clock. Although there remains slight time difference between
nodes, however, in this application, the time difference less
than 0.1s is negligible in this application.

The algorithm can be implemented on another device (PC
or phone) also connected the server through the Internet.
It is capable to read the last 5 minutes of data from the
databasestored on the server on a continued basis and to
processing the data with the following algorithms.

Our algorithms involve three components: footstep count,
trajectory tracking, and fall detection. The mathematical mor-
phology decomposition method is applied extract the footstep
events and do counting. The amplitude of the footstep events
is used to generate the result of human trajectory tracking
result, with the assistance of the envelope analysis algorithm.

Apart from that, a CNN classifier is used to detect the fall
eventwhich is used as a trigger of emergency alarm. In this
way, it can help to call for aid in case of emergency. All of
these three algorithms are light and easy to be implemented
on IoT devices.

Fig. 2. Deployment of sensors and the data pipeline.

C. Mathematical morphology algorithm

The sensor used in the proposed system is a low-frequency
vibration sensor. As compared to the vibration sensor used
in other similar products, the sensors we use have a lower
sampling rate, which is 100Hz. Fig.3(a) shows a typical signal
collected from the sensor. From the signal, it can be seen
that a floor seismic event is lasts about 0.2s and the central
frequency of the footstep event is approximately 20Hz to
40Hz. It is comparable to the sampling rate. For that reason,
the traditional signal decomposition method like band-pass
filter and wavelet transform will lead to failure. To solve
this problem, a novel mathematical morphology based signal
decomposition method is applied.

Though mathematical morphology is widely used in image
processing, it is new to the time series data [26]. From 2010,
mathematical morphology has been implemented to seismic
data as a noise attenuate method [27], [28]. As a light time-
domain signal processing method, 1D mathematical morphol-
ogy method includes only addition, subtraction, and logic
operation. The operation is premised on four basic operators:
erosion, dilation, opening, and closing. The basic idea of
morphology is to process the target signal with a simple, pre-
defined shape, which is referred to as the structuring element
(SE). In the 1D condition, the SE itself is also a time-series
signal. The commonly used SE includes line, circle, triangle,
and specific wavelets.

The erosion of the target signal f by the SE g is defined by:

f 	 g(t) = min(f(t+ x)− g(x)|x ⊆ g, (t+ x) ⊆ f), (1)

and the dilation of the target signal f by the SE g is defined
by:

f ⊕ g(t) = max(f(t+ x) + g(x)|x ⊆ g, (t+ x) ⊆ f), (2)

The opening(closing) is obtained by the erosion(dilation) of f
by g, followed by dilation(erosion) of the resulting signal by
g, which and be expressed by the following equations:

f ◦ g = (f 	 g)⊕ g, (3)

f • g = (f ⊕ g)	 g. (4)



D. Footstep count and trajectory tracking with multiple floor
seismic sensors

The core idea of the morphology-based footstep events
extraction algorithm is to choose the suitable SE according
to our knowledge about footstep signal. Fig.3(a) shows an
example of a vibration signal when a person goes through
a single node. According to the observation, the duration
of one single footstep event is roughly 0.2s. Therefore, the
SE is defined as a circle whose radius is 0.2s. Besides,
in comparison with the triangle and linear SE, the circle
SE can form a smooth output curve. Through this method,
the threshold for detected footstep is time-based rather than
being amplitude-based, which means that that point will be
considered as a flag of one footstep regardless of how large
the amplitude is if a local maximum point is detected on
the morphological output curve. Fig.3(b) shows an example.
The blue curve in fig.3(b) is the closing result of the data in
fig.3(a), with each peak denoting a detected footstep event. As
shown in the figure, the closing operator can be successful in
detecting footstep events irrespective of how large the absolute
amplitude would be. As suggested by the experimental result,
this method is effective. To improve accuracy, multiple sensors
can be taken as the input.

Since multiple sensors are used simultaneously, the basic
one-node morphological method can be modified into the
multi-node method. The idea is that the stacking method
is applied to increase the signal-noise ratio. The workflow
involves the following steps: i. carry out data pre-processing;
ii. implement a morphological operator on each sensor to
get the closing curve; iii. normalize the closing curves from
different sensors and stack them together; iv. apply another
open-closing operator on the stacked curve to obtain the joint
curve result of multiple sensors; v. identify the peaks on the
joint curve, which denote the footsteps, and count the number
of peaks to determine the footstep count.

The trajectory tracking makes use of the amplitude of the
events. With the closing operator defined, the peaks on the
closing curve maintain the exact original maximum amplitude
value of the raw data. In the floor seismic, the attenuation of
amplitude is determined by the distance between the source
and receiver. As a result, the interpolation curve of the peaks
(shown as green curve) indicates the distance between the
person and the node, while the timestamp of the peak point
of this curve is regarded as the passing point. In the presence
of multiple nodes, the timestamp of the passing event and the
location of the nodes are used to reconstruct the trajectory
of the person. To do this, a graph is created to describe
the structure of home. Usually, the most sufficient number
of sensors is depends on the number of nodes in the graph.
Though this trajectory is not a precise localization result, it
remains capable to provide information about which room the
person is staying in. This is sufficient for the analysis of indoor
human activity.

(a) Footstep events on the record when someone passed by the sensor.

(b) Finding peaks with the closing operator and constructing the
curve of peaks.

Fig. 3. Event detection and passed by detection.
E. Fall down detection and fall alarm

In addition to the footstep analysis, the system is also
embeded with a fall-down detection algorithm to issue an
alarm at the time of emergency. Compared with the footstep
events, fall events have a longer duration and larger amplitude.
Besides, the frequency composition varies in different types
of event. To detect the fall-down event, there are two aspects
considered, which are the attribute of the event itself and the
context of the event.

The preliminary fall down detection result is obtained
using classification method. In our study, we use a Resnet
classification model to complete this task. We choose to label
events with three different tags: footstep, fall, and others. The
others include opening or closing the door, moving heavy
things, drop things on the floor, etc.

Another thing to consider is fall down alarm in the context
of the event. Since our data is the time-series data streamed,
it is no difficult to get the context of a timestamp. In this
problem, the classifier is flawed, which means it is possible
to trigger a false alarm. In order to reduce this problem,
constraints are introduced into the fall-down event. This is
considered an emergency if the reported fall-down event
follows a series of footstep events but there are no events
detected in the following 30 seconds. These context constraints
can help reduce the risk of false alarm significantly.

IV. EXPERIMENTS AND EVALUATIONS

We performed two types of experiments to validate the
system with 13 volunteers (6 for the in-lab test and 7 for
the in-home test). The first experiment was done in a lab
environment. We evaluate the algorithm, adjust the parameters,
find issues, and validate the system with different people with
the in-lab experiments. The second experiment was done in
a real living environment. We set up multiple nodes in a
townhouse. In the in-home test, we simulate the real living
scenarios and test the performance of the system in these
scenarios.

A. Lab Experiments

1) Evaluation of footstep count: To evaluate the mathemat-
ical morphological footstep count algorithm, we set up one
single node on the wood floor and asked 6 volunteers to walk



near the node. We control the walking speed in 100 steps
per minute to 120 steps per minute. We chose 0.2s as the
radius of the structuring element of the morphology operators
and 0.4s as the window length of one individual event. As
a comparison, we also use wavelet denoise and STA/LTA
method [29] to get footstep count, which is a change point
detection algorithm based on the 2nd order statistics.

To get a general validation, we randomly chose a 1-
minute record, a 2-minute record, and a 3-minute record from
each participant’s data. We apply the mathematical morphol-
ogy(MM) method and STA/LTA method on each record and
list the number of the detected footsteps from each record in
table.I. From this result, we can see that the detected footstep
with MM is about 110 events per minute, which is consistent
with the ground truth. In the STA/LTA result, the result is
not robust, it is affected by the amplitude of the events. For
example, tester 6 walks very lightly, and the STA/LTA fails
to recognize her steps. From this experiment, we conclude
that the mathematical morphology method is robust and can
provide a reliable footstep count result.

1 minute 2 minute) 3 minute
MM STA/LTA MM STA/LTA MM STA/LTA

tester 1 116 37 228 71 337 72
tester 2 132 57 256 21 377 36
tester 3 110 34 228 73 337 105
tester 4 121 47 237 78 351 103
tester 5 106 42 222 77 332 111
tester 6 130 7 251 7 376 8

TABLE I
FOOTSTEP COUNTS RESULT FROM IN-LAB TEST.

2) Evaluation of Trajectory Tracking : The in-lab trajectory
tracking experiment is a control environment experiment.
There are 4 sensors used to build a sensor network, with the
layout of the nodes is shown in fig.4(a). Also, a camera is
used to record the trajectory of the participants and takenas
ground truth.

(a) (b)

Fig. 4. (a) Experiment layout. (b) Camera record.

First of all, a two-minute demo is presented to indicate how
the trajectory tracking method works. The participant walks
state from node d, the ground truth trajectory is d→ c→ a→
b → d → c → b → a → d → c → a → b → d. The Upper
envelope as calculated by the morphology operator is a plot
shown in fig.5. A threshold is set up on the basis of average
noise amplitude and only the peaks above the threshold can be
seen. As shown in fig.5, the detect trajectory is od works. The

participant walks state from node d, the ground truth trajectory
is d → c → a → b → d → c → b → a → d → c → b → d.
It only misses only the 11th node a peak, with the other part
being identical to the ground truth. As suggested by this result,
this morphology-based trajectory tracking method is effective
for the vibration signals. Moreover, we produce online video
and code demo to demonstrate the real-time trajectory tracking
based on this experiment, check it out on Github [30].

Fig. 5. Upper envelope for trajectory tracking on four nodes.

B. Home Experiments

In order to validate our system in a real-life living scenario,
we conduct our second experiment is conducted in a town-
house. The house has 2 floors, where we set up sensor nodes
on both floors. Fig.6 shows how the sensors are deployed.
The sensors are connected to the internet through an ordinary
home router, with an Internet speed of 100 Mbps. The data is
uploaded to AWS in real-time and could be visualized through
Grafana [31].

In this experiment, there are 4 routes designed to simulate
4 different scenarios: i) Go to another room: B− > C− >
A− > C− > B; ii) Wash clothes: B− > D− > B; iii)After
dinner: F− > E− > C− > A; iv) Find things: A− > C− >
D− > C− > E− > F− > E− > C− > D. There are 7
people taking participation in this experiment, which means
there are 28 sets of record in total. The result is shown on
map with an animation. The example animation is available
on Youtube [32].

Fig. 6. The deployment of sensors and the trajectory tracking example.
A:Bedroom A, B:Bedroom B, C:Corridor, D:laundry, E: Living Room, F:
Dinning Room, blue arrows: trajectory.

1) Evaluation of footstep count: In order to evaluate the
footstep count algorithm, the number of footsteps in each
independent route test is calculated using both the single-node
footstep count method and the multi-node footstep method.
Additionally, the ground truth of the footstep in the experiment
is calculated. The result is shown in Table.II. The number in



the table is Single-node result / Multi-node result / Ground
truth. Both the single-node method and multi-node method
produces a close number to the ground truth. More specifically,
the single-node method gives a smaller number than the
ground truth on a frequent basis, which is attributed to the
single node that will miss events when the location of events
is distant from that node. The multi-node result is basically
consistent with the ground truth. In some cases, however,
it yields a larger number than ground truth. It is due to
the stacking which will introduce some fake local maximum
points to the signal. The overall accuracy is 98.47%, from
which it can be concluded that the morphological algorithm
performs well in carrying out the footstep counting task.

route 1 route 2 route 3 route 4
tester 1 118/132/132 84/108/109 71/79/79 163/162/165
tester 2 155/155/155 76/79/81 53/62/59 145/164/165
tester 3 121/139/139 67/75/77 67/69/70 168/177/176
tester 4 117/135/135 48/56/60 50/50/50 217/230/222
tester 5 139/163/163 57/66/69 58/56/58 169/172/170
tester 6 126/138/138 66/70/74 53/56/56 129/149/143
tester 7 126/132/125 66/68/67 48/51/51 165/152/151

TABLE II
FOOTSTEP COUNT RESULT IN HOME ENVIRONMENT. THE RESULT IS

LISTED AS SINGLE-NODE RESULT/MULTI-NODE RESULT/GROUND TRUTH

2) Evaluation of Trajectory Tracking: In order to eval-
uate the trajectory tracking method in the real-life home
environment, node-level experiments are conducted in the
first place. There are 5 nodes selected from the corridor,
bedroom, laundry, dining room, and living room. There are
three participants involved in the test. The number of passing
events for each node is counted with the video record and the
number of correctly detected passing events is listed in the
table.III. Most of the passing events are accurately detected
by the algorithms, with the overall accuracy reaching 96.9%.

Corridor Bedroom Laundry Dinning Living
tester 1 58/61 27/27 43/45 34/37 45/48
tester 2 76/77 18/19 34/34 29/33 39/41
tester 3 52/56 24/25 48/52 32/33 34/34

TABLE III
CORRECT DETECT PASSES NUMBER OVER TOTAL PASSES EVENTS NUMBER

IN DIFFERENT ENVIRONMENT.

Secondly, attempt is made to recover the 4 routes as men-
tioned above. The metric applied to evaluate the algorithm is
the route recovery accuracy and the average error in time. The
accuracy of route recovery is defined as the (detected passing
by event)/(ground truth passing by event). For example, for the
route 1, ground truth is B− > C− > A− > C− > B. In this
context, if the recovered route is B− > C− > A− > B, then
the accuracy is 80%. The result is shown in Table.IV. It can
be seen from this table that the result varies between different
testers, which means the gait and the shoes of the tester could
make difference to the result. The average accuracy is 85.9%,
suggesting that the trajectory tracking algorithm is effective for
most of the time. The average error in time is defined as the
average difference between the detected passing by time and

the recorded passing by time, which is 1.7s in this experiment.
Since our ground truth passing time is written manually, a
second-level error is considered acceptable. Also, second-level
accuracy is sufficient in the home activity tracking task.

Tester 1 2 3 4 5 6 7
route 1 80% 60% 60% 60% 80% 100% 100%
route 2 66.7% 66.7% 33.3% 100% 100% 100% 100%
route 3 100% 100% 100% 75% 100% 100% 100%
route 4 66.7% 88.9% 77.8% 88.9% 100% 100% 100%

TABLE IV
ROUTE RECOVER ACCURACY(%).

3) Evaluation of Fall Down Alarm: In general, the fall
down alarm task is split into two parts. One is the training
of the fall-down action classification model and the other is
the testing of the trained fall-down module system in a real-life
situation.

The fall-down classification model consists of two in-
dependent ResNet models. One is intended for classifying
footstep/fall-down and other events, while the other is pur-
posed to classify footstep and fall-down. The training data
includes 71 footstep, 89 fall-down, and 373 other samples.
The batch size is set to 16 and the number of epochs is set
to 500. The whole training time for the model doesn’t exceed
40 minutes. The overall training and cross-validation accuracy
reaches above 90%, and the corresponding loss is reduced by
less than 20% for the first-layer ResNet and 5% for second-
layer ResNet.

In order to assess the performance of the classifier, exper-
iment was conducted with the involvement of 8 participants.
The participants were required to simulate the human actions
of walking a few steps on the wood ground towards the seismic
sensor and suddenly falling accidentally near the sensor (all
actions are generated around the sensor to let the signal be
detected more clearly). Two participants in the experiment
generated 4 sets of ’walking and falling’ data respectively,
while the remaining 6 participants contributed 2 data points
per person. Ultimately, a total of 20 sets of testing data were
obtained. The results are listed in Table.V.

True Detected True Detected Acc(%)
footstep footstep Fall down fall down

tester 1 28 26 4 4 0.9375
tester 2 26 21 4 3 0.8

all testers 136 114 20 15 0.8269

TABLE V
REAL-TIME IN-HOME EXPERIMENT TESTING ACCURACY RESULTS

As suggested by the results, within the limited conditions
and qualifications, our trained system performs well in iden-
tifying ’footstep’ and ’fall-down’ actions in ’walking and
falling’ action sequence signal data, with an average 82.7% of
classification accuracy achieved using a limited amount and
variety of training data. Since the system is trained with a
limited amount of data and the testing data includes as few
as 20 samples in real-time test experiments, the experimental
results are not ensured to apply to all cases and the model
training results are potentially different than in our case to
some extent. In spite of this, it is promising that this approach



is effective for fall down detection and has the potential to
improve accuracy.

V. CONCLUSION

A non-intrusive floor seismic vibration monitoring system
is proposed in this chapter. The system achieves contact-
free footstep count for a signal person, with the accuracy of
footstep count reaching above 90% on the wood floor and
72% on the cement floor, respectively. The light mathematical
morphology algorithm is applied in a synchronized sensor
network to carry out real-time trajectory tracking, with the
overall passes event detection rate reaching 96.9%. A smart
fall down alarm algorithm is implemented in the system to
trigger the emergency alarm at the time of fall down. The
vibration ambient noise based appliance usage profile recovery
method is effective in achieving high accuracy on a single-
mode appliance like dryer and disposal. The output of the
system is capable to generate a basic profile of the ADL for
the user. However, this work has some limitation. For example,
the system can only detect trajectory when there is only one
person. In the future, we plan to extend this work to complex
trajectories of multiple persons.
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