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ABSTRACT In this work, we present a person localization system based on ground vibration caused by
walking persons. The system is designed for production plants and large buildings to track the movement of
workers. Position andmovement in these settings are especially safety-relevant in emergencies. Our approach
is privacy-preserving, because it requires neither video nor sound. Instead, piezo sensors on the floor measure
vibrations, which are analyzed with machine learning to derive a person’s position from the vibration signals.
This way, our system can determine where a person is moving, but it is not straightforward to attach names
to the detected persons. Due to the anisotropic characteristic of the ground vibration wave, classical analysis
methods are not applicable. We show that a deep learning-based approach is feasible. Our experiments show
that we can determine the position with an average F1 score of 0.95.

INDEX TERMS Vibration signal, localization, pattern recognition, deep learning, privacy protection,
robustness, piezo sensor.

I. INTRODUCTION
Localization technology has attracted attention from industry
and academics [1]. It is the cornerstone for a large number of
person localization services [2]–[6]. Person localization data
can be used in scenarios like post-disaster rescue, situational
awareness, security defense, and intrusion detection. At the
same time, people also hope that the data applied while
obtaining location information does not violate their privacy.

However, there are many studies on surveillance and situ-
ation awareness, but rarely the issue of privacy is considered.
In some countries or regions, such as Europe, privacy is
extremely important due to legal restrictions. At the same
time, people’s need for intelligent situational awareness is
growing. The motivation of our research is to balance these
two contradictory points in order to enable intelligent situa-
tion awareness while preserving privacy.

In this paper, we introduce an approach that is based on
the analysis of structural vibration waves caused by footsteps,
measured with cheap piezo sensors on the floor. The main
research challenge is to determine the position of individual
footsteps on the floor. This information can be used to deter-

The associate editor coordinating the review of this manuscript and

approving it for publication was Lefei Zhang .

mine a higher-level context, such as the walking direction or
the walking path of a person.

The advantage of our approach is that we do not rely on
persons wearing any senders or receivers. Meanwhile, our
approach uses very cheap piezo sensors rather than expen-
sive geophones [7], which makes a large-scale commer-
cial deployment possible. Furthermore, our system is less
privacy-invasive than cameras, and it does not detect who is
walking. Especially for rescue scenarios in large production
plants, it is imperative to know the location of people and their
direction of movement. Besides, our system works in smoked
areas where cameras do not work anymore.

Our approach is based on the observation that the steps of
a walking person cause a mechanical vibration of the ground.
At this time, the position of the person is the position of
the vibration source. Nevertheless, the time difference and
amplitude of the recorded vibration signals are related to
the vibration source position. Thus, we assumed that the
vibration source could be determined by an analysis of the
vibration signals’ characteristics.

However, due to the non-uniform nature of the ground
structurematerials and factors caused by the ground construc-
tion process, the ground substances’ property is anisotropic.
Also, ground waves showmultipath effects caused by various
obstacles like walls, etc. in the indoor space. Furthermore,
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the recorded vibration signal has the characteristics of
low signal-to-noise ratio (SNR) [7], which leads to an
inevitable large measurement error in signal processing.
Due to these characteristics, person localization based on
mechanical ground waves is challenging. The traditional
time differences of arrival (TDOA), time-of-arrival (TOA),
angle-of-arrival (AOA), Doppler shift frequency-difference-
of-arrival (FDOA) as well as received signal strength (RSS)
based methods are widely used in wireless radio-based
localization approaches with sensor arrays [7]–[10]. Due to
mechanical wave propagation characteristics on the indoor
floor, these methods cannot achieve good performance in our
scenario.

Meanwhile, there are methods based on time difference
distribution models [11] to recognize the ball impact local-
ization on table tennis rackets using piezo-electric sensors.
In this research, the sensors are distributed relatively close
to each other, and the vibration is spreading on wood. The
starting point of the wave signal can be identified relatively
clearly with low measurement errors. In contrast, as men-
tioned above, in our scenario the quality of the signal propa-
gation on the concrete floor is much worse than on the wood
floor, and the measurement error of the waveform arrival
time is immense. So we need to find a different method to
overcome this problem.

Neural networks are capable of learning complex nonlinear
relationships [12]. Convolutional neural networks show good
performance in feature extraction from data [13]. Meanwhile,
residual connections make deep networks easier to train with-
out increasing the complexity of the network [14]. There
is existing research that uses deep residual convolutional
networks to analyze time serial data with good performance
[15]. Therefore, in this paper, we show that the analysis of
ground vibration signals is feasible with deep residual neural
networks.

Our approach’s starting point is a customized positioning
application in a specific area of a chemical plant with the
feature of privacy protection. In the future, our approach
can be used on vibration-based positioning applications in
general scenarios. The cost of one set of the sensor matrix is
lower than 2 Euro.With custom circuits and mass production,
the hardware cost involved in our approach can be greatly
reduced.

Meanwhile, our sensor deployment requires one unit every
9m2. The function of each unit is relatively independent.
When there is a larger area, more units can be deployed.When
pedestrians walk across different units, the entire integrated
system can give global positioning information to pedestri-
ans.

Our approach’s sensor can be embedded into floor tiles
to unify the distribution characteristics of training data and
data from actual application scene, thereby improving the
feasibility of our approach in practical applications. Mean-
while, there is ongoing research about domain adaptation
[16], [17]. The domain adaptation technique makes the deep
learning-based approach work on the target domain data,

which has different distribution characteristics than the train-
ing data. Furthermore, the dimensionality reduction technol-
ogy can further reduce the dimensionality of the input data,
thereby reducing the computing cost [18], [19]. The intro-
duction of domain adaptation methods and dimensionality
reduction methods to our system will be further studied in
future work.

The contribution of this paper is as follows. We present
a novel fine-grained deep learning [20] based localization
technique using cheap vibration sensors, which is a passive
detection that does not need the pedestrian to carry a device.
The proposed technique can well tolerate noise in the indoor
environment. We evaluated and validated the accuracy and
robustness of the approach with experiments in a real sce-
nario.

II. RELATED WORK
Localization systems for outdoor scenarios are often real-
ized with GPS. However, GPS does not work indoor
[21]. Pedestrian Dead Reckoning-based methods use iner-
tial sensors, and they cannot avoid the error accumulation
problem [22]–[24].

The radiofrequency or WiFi fingerprint-based positioning
methods [25], [26] calculate the location with the signal
from the transmitter carried by the pedestrian. All the above
methods require each person to carry a device, not the passive
localization method, without carrying equipment that our
target scenario pursues.

Video-based localization techniques do not support pri-
vacy protection for people in the given scenario. In extreme
environments, such as explosions, fires, etc., where visibility
is reduced, the location functionality of video-based tech-
niques and visible light communication-based positioning
techniques [27] will no longer be available.

There are floor vibration-based indoor localization meth-
ods which introduced TDOA [7], [28]. The TDOA method
assumed that the speed of wave propagation is constant.
Due to the ground’s anisotropy, the ground substances do
not satisfy this condition when a mechanical wave is con-
ducted. In other words, the propagation velocity on the
indoor floor is not constant. So if the TDOA method is
used, the constant speed assumption should be eliminated.
However, even if the speed is constant, the simple TDOA
method cannot obtain satisfactory positioning performance.
To improve the positioning accuracy, researchers introduced
anATDOA [29]method that combines the TDOAmethod and
the AOA method by the weighted average method. Although
this ATDOAmethod reduces the positioning error to a certain
extent, the authors had to use a triaxial seismic sensor, which
increases deployment costs, creating obstacles to commer-
cial deployment from cost considerations. Furthermore, this
method’s localization performance on the concrete floor is far
from satisfactory compared to the wooden floor.

Meanwhile, because the TDOA algorithm’s essence is to
find the coordinate of the intersection of more than three
hyperbolae, this algorithm has the well known ‘‘no solu-
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FIGURE 1. The system includes data acquisition, data preprocessing, deep learning model training, positioning classification, and post-processing.

tion’’ and ‘‘multiple solutions’’ problems. This has led to
restrictions on where sensors can be deployed. To avoid these
problems, all the above TDOA-based research deploys the
sensors on the four vertices of the rectangle, and the area
inside the rectangle is the positionable area. However, this
is very unfavorable for large-scale deployment, especially in
large areas, because the signal decays and thus the size of the
supported area is strictly limited.

As a comparison, there is research using the cheap piezo
sensor to conduct indoor localization [30]. Nevertheless, this
method requires reference positioning objects with a known
position, which can hardly be recognized as a real positioning
system. The positioning accuracy depends on the density of
the reference position objects. This method’s limitations are
significant, and it can hardly be used in the most indoor
localization scenario.

In contrast to the existing localization systems, our
approach is a passive localization method that does not
require persons to carry any device. This feature is an added
benefit in chemical plants where, by default, mobile elec-
tronic devices are not allowed unless they are certified not to
cause explosions in combination with potentially explosive
gas. Furthermore, our approach does not require a clear line
of sight and therefore works in heavily smoked rooms. Our
approach uses cheap piezo sensors, which has a cost advan-
tage, and there is no restriction on the relative position of the
sensor position and the located area like the TDOA-based
method. This makes it more feasible in large-scale deploy-
ments, especially in large areas. Our method still has good
accuracy and robustness on the concrete floor.

III. METHODOLOGY AND SYSTEM
As shown in Fig. 1, the proposed system is a deep
learning-based indoor and outdoor passive pedestrian
localization system. In this section, the procedure is
discussed.

A. PROBLEM FORMULATION AND ANALYSIS
In our system, four piezo sensors on the floor can detect
footsteps in a square of 9m2. In our experiments, we want to
determine the position of individual footsteps in this square.
This three meters by three meters square is divided into nine
zones, each one meter by one meter in size (see Fig. 2).

FIGURE 2. System model. A space of 3 meters by 3 meters is divided into
nine grids named G1 to G9. Four sensors, S1 to S4, are deployed in the
position points, as shown in this figure. When the sensor-matrix detects a
vibration source in the observed zone, the zone name should be output.

For each footstep, we want to determine the zone in which
the footstep occurred. These zones are labeled as G1 to G9.
As the signal decays quickly in thick concrete floors, we can
test by amplitudewhich arrangement of four sensors is closest
to the pedestrian. Thus, we investigate how to detect a person
inside these nine zones and the approach scales to arbitrarily
larger floors nevertheless.

Concerning our machine learning approach, each zone is
represented by a class. Thus, we designed a classifier that
can determine the zone based on four channels of vibration
signals. The sensors producing these signals are labeled as
S1 to S4. In order to cover larger areas, the same arrangement
of zones and sensors can be repeated in both directions.

The location information of the vibration source has a
relationship with the maximum amplitude of the four chan-
nels and the relative peak position in time. The waveform
of the signal of the channel nearest to the vibration source
will start to rise first. Meanwhile, because the amplitude of
the wave decays with the distance in the direction of the
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wave propagation, the waveform of the sensor nearest to the
vibration source will have the maximum amplitude among
all four signals. To achieve localization, we used a deep
residual convolutional neural network to learn the nonlinear
relationship between the point location and the signal of the
four sensors.

B. METHODOLOGY DESCRIPTION
In this research, the aim is to detect persons walking across
the floors of large scale buildings, for example in a chemical
plant.

Our methodology is to deploy an array of four sensors
every 9m2. When a person is stepping inside such a 9m2 area
the four sensors will sense the vibration signal and we can
such determine the 9 m2 area in which a footstep occurred.
Using an AI-approach we can then determine the position of
each footstep inside the 9 m2 area to get a precision of 1m
in both directions. This way we can sense and track footsteps
across the entire factory store.

An advantage of our approach is that we can concentrate
on solving the positioning problem for the 9 m2 area and our
AI has to process 4 sensor signals only. However, our system
can then be scaled out to larger areas.

Our methodology is privacy-friendly in contrast to video
surveillance. Furthermore, our approach works in dark or
heavily smoked areas, too. Thus, our approach is ideal to
track the movements of persons especially in the case of an
emergency.

C. DATA ACQUISITION
Fig. 4 shows our data acquisition devices setup. We used four
EPZ-27MS44W piezoelectric sensors to detect the vibration
signal. This sensor can detect a frequency band ranging from
0 Hz to 4400 Hz. As shown in Fig. 2, we established a
plane rectangular coordinate system on the ground. The four
sensors S1, S2, S3, S4 were deployed according to Fig.2. and
the corresponding signals recorded are labeled as s1(t), s2(t),
s3(t), s4(t).
A square steel plate of 10 cm by 10 cm is pressed onto

each sensor to guarantee that ground waves cause pressure
on the sensor from below due to the steel plate’s inertia
above. In the user’s actual application environment, the sen-
sor can be embedded in the floor tiles to ensure that the
sensing device will not affect normal walking. The signal
was amplified, sampled, quantized, and recorded with a
R&S-RTB2000 oscilloscope. The sampling rate is 23.8 kHz,
which is more than double the sensor’s maximum bandwidth.
Hence, a higher sampling rate would not improve the results
anymore. Each sampling point’s possible maximum value is
manually set to 0.1 V, and waveforms higher than 0.1 V are
cut off.

The same person with the same shoes generated the ground
vibration by walking on points evenly distributed in each
zone.We repeated this procedure for all nine zones. This way,
we can easily label the data since we know how samples and
zones are related. The recorded data includes four columns,

which refer to the S1, S2, S3, S4 signals, and the values in
each row are the sampled data values of which the sampling
period is 0.042 ms. Our approach is time-based, and there-
fore all signals must be synchronized. We achieved this by
sampling all four signals with one oscilloscope.

D. PREPROCESSING
It is necessary to detect the starting point of the effective
signal when there is vibration. After analyzing the existing
threshold-based method [31], [32], a customized shift win-
dow with a grouped frame threshold-based method is used in
this research. The sampling points are grouped into windows
of 32 points, which means that each window covers 1.344 ms.
When the maximum of the absolute value of the median of
any channel in a group becomes bigger than the threshold,
the first sampling point in the group before this group will
be considered as the starting point of the signal segment. The
group with the starting point is named the activated group.We
chose the previous group of the activated group to guarantee
all the relevant signal sampling points are taken into consid-
eration by the system. The trigger threshold is Vt = 25mv.
Starting from the activated group, four consecutive groups are
grouped as a big group, which serves as a valid data frame.
Furthermore, a valid data frame, totally with 128 sampling
points, is served as one sample to the neural network.

One sample includes the waveform of 5.376 ms, which
contains all the valid information for a one-time localization
task for one shock. Considering that the step frequency time
of elite professional sprinters is always longer than 200 ms
[33], and the fact that the signal collected by the piezoelectric
sensor will decay after 80ms, the data frame contains all
the necessary information for one-time foot shock without
any signal caused by adjacent steps. Meanwhile, after one
data frame is detected, the next frame will be detected after
224 groups of about 300ms. There are no coincident points
between the adjacent data frames.

After we got the data samples for an event, the valid data
frame should be normalized before training the deep neural
network. As the maximum value of the signal envelope is
0.1V, we scaled all the points from the four channels by divid-
ing the values by 0.1 to guarantee all the values are between
−1 and 1. After scaling, we got the training samples. We
do not conduct the denoising in the preprocessing procedure
and still got good results, as shown in the experiment and
evaluation section. Deep neural networks can, to some extent,
tolerate noise. This result is consistent with the literature [15].

E. CLASSIFIER DESIGN AND DEEP LEARNING MODEL
TRAINING
Considering that existing works [15], [34], [35] suggest that
deep learning is more suitable to analyze time-series of sensor
data, our approach is based on CNNs as well. The works [34]
compared CNN, LSTM, perceptron, and random forest and
conclude that CNN provides the best results. The existing
works [35] use the same sensors on a pattern recognition task
and compare a deep learning approach with random forest
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FIGURE 3. Deep neural network architecture. Our DNN model comprises 29 convolution layers, followed by a linear output layer that ended with a
softmax. The network accepts packaged vibration signal as input(sampled at 23800Hz, or 23800 samples per second). The output of the DNN is a
probability vector, which is the prediction of one of 9 possible location-related classes every consequent 128 points. The residual structure is utilized to
gain accuracy from the increasing depth of the neural network.

classifiers in the experiment. The results also show that the
deep learning approach works better than the classical classi-
fier random forest. Also, deep residual networks show good
performance in the fixed-length series pattern recognition
task [15]. Therefore, we excluded classic classifiers and used
a CNN-based deep learning approach instead.

We collected a data set, marked with ‘‘Data Part 1’’, and
split it into a training set for training model and valida-
tion set for model hyperparameters optimization. We finally
determined the best model architecture and hyperparameters,
as shown in this paper.

Fig. 3 shows the architecture of the deep neural network
designed in this experiment, which presents a good perfor-
mance in the classification task, which we discuss in the next
section.

Our deep neural network consists of 29-dimensional con-
volution layers followed by a linear output layer into a soft-
max layer. The network accepts packaged effective vibration
signal data as input and outputs a prediction of one out of 9
possible location-related classes every one input sample.

The first convolution layer in the deep neural network
contains 48 filters, and the number of filters used in the
convolution layer increases according to the increasing of the
order of the layer. From the 2nd convolution layer, the filter
number doubles every eight convolution layers, and finally,
in the last convolution layer, 384 filters have been used. Due
to the convolution operations and the max pooling opera-
tions, the data frame’s length becomes the half after the 3rd
convolution layer. From the 4th convolution layer, the data
frame length becomes half of the output length of the previous
layer. Finally, the size of the data frame becomes 1 row and
384 columns. The dropout rate was set to 0.5, learning rate
0.0005, and batch size 32. The 1D convolution kernel size is
16 [36]. The initial stopping criteria are introduced to restrain
the over-fitting issues, which are based on performance vali-
dation. After eight consequent training epochs have been con-
ducted without improvement in the performance validation
result, the training procedure has been stopped.

To objectively reflect the performance of our approach,
four-fold cross-validation has been conducted on totally new

FIGURE 4. Experiment setup.

data, marked as data part 2, as shown in Fig. 5(a). We discuss
this in detail in the next section.

IV. EXPERIMENT AND EVALUATION
In this section, firstly, we discuss how we organized the data
for the evaluation. Secondly, we show the location-related
classification performance. The ROC figure and the AUC
index are used to represent the classification performance.
Then the error analysis was conducted, and the results are
shown as in Table. 2. In the error analysis part, Euler distance
and Manhattan distance are introduced. We calculate the
error distance with each fold, and the average values for the
four folds evaluation procedures were calculated, as shown
in Table. 2.

A. DATA ORGANIZATION
To evaluate our approach, model architecture, and hyperpa-
rameters, we conducted four experiments to get four data sets,
marked as ‘‘Data Part 2’’, as shown in Fig. 5(a). The ‘‘Data
part 2’’, including data set A, data set B, data set C, and
data set D, a total of 30576 samples, are from four indepen-
dent experiments A, B, C, and D. This ‘‘Data Part 2’’ has
never been used in the model hyperparameter optimization
procedure.
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FIGURE 5. As shown in Fig. 5, we totally collected two parts of data sets. For data set part 1, we randomly shuffle the data samples and split them into
a training set and a validation set according to a rate of 4:1. We developed our model with the data set part 1, finally fixing the architecture and the
hyperparameters. We evaluate our approach, including the developed model architecture and hyperparameters with data set part 2. We conducted four
independent experiments: experiment A, experiment B, experiment C, experiment D, and collected the data set A, data set B, data set C, data set D
individually. We conducted a ‘‘4-folds cross-validation’’ evaluation, as shown in Fig. 5(b). The evaluation results are shown in Chapter IV.

In the evaluation, all data samples of ‘‘Data Part 2’’ were
used for four-fold cross-validation. The typical k-folds cross-
validation method [37], [38] splits the entire data set into k
mutually exclusive subsets as folds with approximately equal
size. Every time, one set of data is used as the test set and
the rest as the training set. Our evaluation procedure made
minor adjustments to the typical cross-validation method and
implemented it as a variant. We independently collected four
sets of data in four times. We did not merge all the 4 data sets
or randomly split it into folds. Each test set in each fold can
be considered as online data, and the training set as offline
training data. In this way, it is even more challenging for our
system to make good classification results, because no data
point of the measurement session has been used for training.
In comparison, imagine that we shuffled all data of ‘‘Data
Part 2’’ and imagine we performed four-fold cross-validation
on this shuffled data (which is the default procedure for
cross-validation). In this case, each training set contains data
points from all four measurement sessions. Thus, CNN is
trained with data from all measurement sessions and would
have an easier time to classify the test set, which contains
data from all measurement sessions. In our paper, however,
CNN is trained with three measurement sessions and must
classify data from another measurement session that it has
not seen during training. Thus, our cross-validation is even
more rigorous than the default approach, and the evaluation
experiments can better simulate the system’s situation in
actual use, that it can objectively show that our approach
works.

As shown in Fig. 5(b), for evaluating purpose, we trained
the model four times and then tested each model instance.
The ‘‘Data Part 2’’ has never been used in the model creation
procedure. In the ‘‘four-fold evaluation’’, all the data samples
have been used for training and testing. The values of each
evaluation metric were summed up, and the average values of
themwere calculated. Precision, recall, F1-score were used as
evaluation metrics, as shown in Table. 1.

B. CLASSIFICATION PERFORMANCE ANALYSIS
Table. 1, Fig. 6 and Fig. 7 show the classification perfor-
mance presented by our DNN model. Precision, recall, and

TABLE 1. Classification performance of the DNN.

FIGURE 6. Confusion matrix. Fig. 6 is the confusion matrix for the
location-related class prediction of the classifier versus the sample
labels. As part of the four-fold cross-validation, this confusion matrix’s
values are the average of the corresponding values from the four tests.

F1-score [40] are used as metrics for the evaluation and
analysis approach. Intuitively, the precision represents the
classifier’s ability not to label as positive a sample that is
negative. The recall shows the ability of the classifier to find
all the positive samples. The F1 score can be interpreted as
a weighted harmonic mean of the precision and recall, where
an F1 score reaches its best value at 1 and the worst score at 0.
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FIGURE 7. Fig. 7(a) to Fig. 7(k) are the ROC curves for deep neural network predictions on nine location-related classes. The macro-average ROC curve
and micro-average ROC curve [39] reflect the multi-class classifier performance.
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FIGURE 7. (Continued) Fig. 7(a) to Fig. 7(k) are the ROC curves for deep neural network predictions on nine location-related classes. The macro-average
ROC curve and micro-average ROC curve [39] reflect the multi-class classifier performance.
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The F1 score in our evaluation considered recall and precision
as equally important.

Micro− average Precision =

∑
c TPc∑

c TPc +
∑

c FPc
(1)

Micro− average Recall =

∑
c TPc∑

c TPc +
∑

c FNc
(2)

The metrics used in Table. 1 include the macro average of
the metrics and the micro average of the metrics. Table. 1
shows the metrics precision, recall, and F1-score. The macro
average precision and the macro average recall are the arith-
metic average of each class’s precision and recall. The macro
average F1-score is the harmonic mean of macro average
precision and macro average recall. Micro average precision
and micro average recall are as described in the formulas
(1) and (2). In formula (1) and formula (2), TP means true
positive; FP means false positive; FN means false negative; c
is the class label. The micro average F1-score is the harmonic
mean of micro-average of precision and micro-average of
recall, which means averaging the unweighted mean per label
[41], [42]. Themicro andmacro average performancemetrics
reflect the system’s average level of performance concerning
each class. In our evaluation setting, the number of instances
in each class is similar. So the micro average figures are
similar to the macro average figures.

Fig. 7 shows the ROC curves of the classifier. A ROC curve
is a visual indicator of the trade-off between true-positive and
false-positive cases. The area under the ROC curve (AUC)
will always be between 0 and 1. According to the
ROC curves in Fig. 7, our classifier shows outstanding
performance.

Fig. 6 shows that most of the evaluation samples were
correctly classified. Considering the practical walking people
location scenario, the positioning-related grid can be pre-
dicted correctly in most cases. 5% of G3 samples have been
classified as G2, which is the highest classification error.
Meanwhile, 3% G1 were predicted as G2; 3% G2 samples
were predicted as G3; 3% G6 samples are predicted as G3;
3% G3 samples were predicted as G6; 3% G6 samples were
predicted as G9. However, all the above mentioned misclassi-
fied samples are location-adjacent. As G8 is next to G5, G3 is
next to G2. That is to say, although some samples are wrongly
classified, in most cases, the wrongly classified results are
still with practical meaning. The remaining misclassified
samples are less than 2% of the total sample number of its
class.

C. ERROR DISTANCE ANALYSIS
From the perspective of walking people positioning, the error
distance analysis has been conducted, as shown in Table. 2.
For error distance analysis, Euler distance and Manhattan
distance [43] were counted.

In Table. 2, the error Euler distance and the errorManhattan
distance of a sample, which wrongly classified Gx as Gy,
is the Euler distance andManhattan distance of the geometric
center point of Gx to the Euler distance and the Manhattan

TABLE 2. Error distance description of misclassified samples.

distance of the geometric center point ofGy respectively. The
unit is meter. The average error Euler distance and the average
error Manhattan distance are 0.0560 0.0596, respectively,
and the medians of that respectively are 0 and 0. The error
distance evaluation results show that the proposed system can
implement localization function with good performance and
low error.

V. CONCLUSION
We presented a novel approach to determine the walking per-
sons’ position by analyzing ground vibrations caused by indi-
vidual footsteps. Due to the anisotropic nature of the ground
waves, we used a machine learning approach to determine a
footstep position. We divided a 9m2 area into nine squares of
1m2 size. The learned classifier can assign a ground vibration
signal to one of these nine areas. The mean Euler error of our
approach, as defined in our paper, is 0.059m.

Our approach can identify the position of an individual
step. Therefore, for a walking person, we can identify their
position and the direction of their movement. This is espe-
cially useful in production plants, where safety demands
that firefighters know where people are and in which direc-
tion they are running. In contrast to video surveillance, our
approach works in smoked areas. Furthermore, our approach
is less privacy-invasive than cameras. Since many companies
are not allowed to install always-on cameras for privacy rea-
sons, our approach can deliver more safety without invading
workers’ privacy.
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