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ABSTRACT ACM Reference Format:

Indoor person re-identification (i.e., matching the same person
across various locations) is important in making smart building
applications more ubiquitous for future workspaces. Specific ex-
amples include occupant tracking, energy flow optimization, and
security surveillance. Typical person re-identification (re-ID) sys-
tems rely on cameras to match the same person across different
locations. While it is accurate, vision-based sensing requires direct
line-of-sight and may raise privacy concerns. Besides, other sens-
ing methods (e.g., wearables, pressure mats, RF/WiFi) are restricted
to requirements such as carrying devices, dense deployment, and
motion through wave path. In this paper, we develop Re-Vibe, the
first system that re-identifies people through footstep-induced floor
vibrations. Our approach is device-free, wide-ranged, and perceived
as more privacy-friendly. The main challenge in developing this
system is the discrepancy in structural properties and variations in
footsteps at distinct locations, leading to different vibration feature
patterns within the same person. As a result, it is difficult to match
the same person’s footsteps across various locations. To overcome
this challenge, we model the structure and human influence on the
vibration signals to develop a cross-structure transfer model that en-
ables footstep matching despite the structure and human variations.
The model is formulated based on optimal transport (OT), which
compares the distribution pattern of a person’s footstep features
across multiple structures for person re-ID. We evaluate Re-Vibe
at two locations in a building with wooden and concrete flooring.
Re-Vibe achieved a 0.9 F-1 score with four people in person re-ID
across these two locations.

CCS CONCEPTS

+ Human-centered computing — Ubiquitous and mobile com-
puting.
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1 INTRODUCTION

Re-identifying (re-ID) a person across various locations enables
more ubiquitous occupant sensing as people move around in the
building, which is important for many smart building application
scenarios such as the future of work [10]. Specific examples in-
clude occupant tracking for environmental hazard proximity track-
ing [2, 14], energy flow optimization for human comfort, security
surveillance for access control [1, 19]. Compared to person identifi-
cation, re-ID does not require pre-collected labels at each sensing
location [23], which improves the scalability and flexibility of the
smart sensing devices to be deployed over multiple locations.

The existing person re-ID system uses non-overlapping cam-
eras to match the same person across different locations, which
has achieved high accuracy in various benchmark datasets [12].
However, the camera requires direct line-of-sight, and installing
them in private building spaces often raises privacy concerns. Other
approaches (including wearables, pressure-, RF-based sensing) over-
come these limitations [7, 9], but they are often restricted in opera-
tional requirements, such as carrying devices, dense deployment,
and constrained walking paths. Vibration-based sensing, however,
only requires sparsely deployed sensors, is obstruction-insensitive,
wide-ranged, and perceived as more privacy-friendly [17]. The
primary insight of this approach is that people’s footstep forces
generate floor vibrations, which are consistent within the same
person across different locations. In prior studies, footstep-induced
floor vibrations have been shown to be effective in person identi-
fication and new person discovery [4, 5, 18]. However, it requires
training data for each new location and is unable to match the same
person across multiple locations. While prior work has succeeded in
cross-structure transfer using transfer component analysis [15], it
is limited to footstep detection and is unable to distinguish between
people. This is because the method focuses on the difference be-
tween various structures while neglecting the difference in people’s
footstep patterns within each structure.

In this paper, we introduce Re-Vibe, a system that aims to re-
identify people across various locations in a building. Re-Vibe is, to
the best of our knowledge, the first vibration-based person re-ID
system. Re-Vibe first extract features from the vibration signals as
a person pass by the sensors at different locations. Then, it learns
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Figure 1: 2D T-SNE plot for footsteps before (left) and after
(right) the transfer. Different color indicates different peo-
ple. OT effectively aligns each person’s footstep distribution
based on their geometric relationships in the feature space.

a function that transfers the footstep features from the source lo-
cation (i.e., the location where the person first appears) to the
target location (i.e., a new location where the person appears later)
by considering the distribution differences among people’s foot-
step features at each given location. This function minimizes the
overall discrepancy between the footstep data of the source and
target locations while distinguishing different people’s footstep
features at each location. Finally, features from the source location
are transferred to the target location. Given that the labels are first
assigned to each person at the source location, the same person is
re-identified at the target location based on the transferred source
location data (as described in Figure 1). Compared to the existing
cross-structure transfer method [15], our approach has the advan-
tage of modeling each person’s footstep distributions on top of
reducing the difference across various locations.

It is challenging to re-ID people across various locations, mainly
due to the difference in structural properties and footsteps over
these locations. First, the structural properties at different locations
vary, resulting in distinct patterns in footstep-induced vibration
signals for each location (see Figure 2). It is difficult to match the
same person across dissimilar signal patterns. Secondly, the same
person’s footstep forces and the number of recorded footsteps also
vary across locations. Specifically, the same person’s footsteps’
characteristics vary due to psychological and physical variations
when walking around in the building. Moreover, there are footstep
“outliers” due to tripping or dragging when walking, making it chal-
lenging to extract representations of individuals’ walking patterns.
In addition, the number of samples from the source and the target
location is often imbalanced. A location may only have limited
samples to represent a person’s footstep pattern, making it difficult
to match with another location that has much more samples.

To address these challenges, we model the structure and human
influences on the vibration signals to develop a cross-structure
transfer that contains both structure and human information. Our
approach is formulated based on the Optimal Transport (OT) the-
ory [21] because OT considers both the distribution of each per-
son [13, 24] and the distance between structures, which aligns well
with our re-ID purpose. Therefore, variations in footstep character-
istics are taken into account, and the number of samples at each
location is flexible.
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Figure 2: Footstep-induced floor vibrations of the same per-
son walking at two locations, with concrete and wooden
floor, respectively.

We evaluate Re-Vibe through a field experiment with four people
walking at two locations with wooden and concrete floors, respec-
tively. Our system achieved a 0.9 F-1 score in person re-ID.

The main contributions of this work are:

e We introduce the first system to re-identify a person across
different structures using footstep-induced floor vibrations.

e We model the structure and human influence on the vibration
signals based on the Optimal Transport (OT) theory in the
context of linear and non-linear dynamical systems.

e We conduct real-world evaluation across concrete and wooden
structures, which achieves a 0.9 F-1 score and 2X error re-
duction compared with the existing methods.

In the rest of the paper, we first model the structural and footstep
variations in vibration signals based on the OT theory (Section 2),
then provide an overview of the system (Section 3). A field experi-
ment and the results are then discussed (Section 4). The remaining
challenges are summarized and a conclusion is drawn at the end
(Section 5, Section 6).

2 MODELING THE FOOTSTEP-INDUCED
VIBRATIONS ACROSS TWO STRUCTURES

We analytically model the relationship between the footstep-induced
vibrations from the same person across two structures, based on
the OT theory and the representations of dynamical systems. The
dynamical system consists of input (i.e., the footstep forces) and
output (i.e., the vibration signals). The relationship between the
input and the output is determined by the characteristics of the
structure. To this end, we formulate this relationship based on
the OT theory with the dynamical system under both linear and
non-linear assumptions.

Optimal Transport Theory: To begin with, the objective of
optimal transport is to find an optimal coupling matrix with ele-
ments 77;; that matches sample i in the source domain to the sample
Jj in the target domain through a transport map function T(-) [25],
in order to minimize the Wasserstein distance, which represents
the similarity between the target domain data and the transferred
source domain data [21, 26]:

T(),mij = argmin > d(T (X)), X)) M
ij
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Figure 3: Re-Vibe System Overview

where X7, X]s. denotes footstep force vectors at source and tar-
get domains to represent the distribution of a person’s footsteps.
Therefore, d(T(X}), X ]t ) represents a distance measure between the
transferred source and the target.

Linear Dynamical Systems: In a linear time-invariant (LTI)
system Hy, the relationship of footstep forces X; and the structural
responses Y; in the frequency domain can be represented as [15]:

Yi = HiX; (2)

Consider a special case when d(-, ) is initialized as euclidean dis-
tance and the transfer function is a linear kernel T(Y;) = WwTY;, the
objective function can be written as:

. T t
min ). [wTHx - x| s 3)
ij
As the same person’s gait patterns are relatively consistent when
walking at different locations [18], we further simplify the expres-
sion by assuming that a person’s footstep forces share the same

.. . . d ..
distribution across two structures (i.e., XiS = X;,Vl,]). Then an
obvious solution to the above objective is:

Hy = wTH (4)

In this case, the linear relationship between the source and target
structures can be sufficiently represented by the parameters W in
the transfer function. Moreover, the physical meaning behind the
linear combination of frequency domain features can be regarded
as the scaling and stretching of floor vibration signals in the time
domain, according to the stretch theorem in the Fourier transform
and the property of linear systems.

Non-linear Dynamical Systems: In a non-linear time-invariant
(NLTI) system Hy(-), the relationship of footstep force distribution
X; and the structural response Y; in the frequency domain is written
by:

Yi = Hi(Xi)

Then, the objective function can be generalized as follows:

i d(T(Hg(X3)), Hp (X)) i
E{‘SZJ (T(Hs(X})), He (X$) i

®)

(6)

Following the same assumption that a person has the same footstep
force distribution exerting to the floor (denoted as X, in general),
an obvious solution to the objective function is:

T(Hs(Xp)) = Hr(Xp) 7

In this case, the transport map function T(-) = Hy(H;!(-)) rep-
resents a general relationship between the source and target dy-
namical systems, which can be interpreted by a composition of an
inverse source system followed by a forward target system.
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3 VIBRATION-BASED PERSON RE-ID
THROUGH OPTIMAL TRANSPORT

As shown in Figure 3, Re-Vibe consists of four steps. When people
walk by the sensors at the target structure, floor vibrations are
captured to determine the presence of a person. Then, structure-
insensitive and general features are extracted to represent the peo-
ple’s walking patterns. In the main step (boxed with green dotted
line), we learn the optimal transport map based on the recorded
footsteps from the source and target locations. After that, footstep
features are then transferred to the target location. Finally, we con-
duct person identification at the target location to determine the
owners of the collected footsteps.

3.1 Sensing and Person Detection

In order to capture footstep-induced floor vibrations, an array of
geo-phones are mounted at the side of the corridor and passively
receive vibration signals. When the sensor readings exceed 3x the
threshold of white noise, the system is activated. The footstep im-
pulses are first differentiated from the other source of vibrations
(e.g., ball dropping, door closing). More than four consecutive impul-
sive events that have less than three standard deviations of duration
and interval between them are detected as footsteps, which repre-
sent the presence of a person.

3.2 Structure-Insensitive Feature Extraction

We extract general footstep features (i.e., mean signal amplitudes
in every 10 Hz from 0-200 Hz ) and structure-insensitive features
(such as step time, left and right footstep symmetry) to represent a
person’s gait [6, 8]. Since the latter is computed based on the time
difference between footsteps, they depend less on the structural
properties and thus keep the same distribution of a person’s footstep
data across different locations.

3.3 Cross-Structure Optimal Transport

With features extracted from footsteps, we use optimal transport
described in Section 2 to learn the transport map function between
source and target locations. To overcome the imbalanced footstep
problem, each target location footstep trace is matched with several
source domain footstep traces (or vice versa) through the Sinkhorn
algorithm [3]. Each pair is assigned different weights during train-
ing, depending on how similar they are in the data distribution of
their domain. The more similar two footstep traces are, the higher
weights they are likely to be assigned. This ensures that footsteps
more representative of their owners are weighted more than the less
representative ones (i.e., outliers) when estimating the transport
map function. The transport map is parameterized as the Gaussian
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Figure 4: Re-Vibe Experiment Setup: each person walks at
two different locations, one with a wooden floor and the
other with a concrete floor.

kernel, which is smooth, fast in convergence, and flexible to repre-
sent infinitely complex models [11]. Parameters that describe the
transfer are then learned by minimizing the gap between the source
and target location data through an iterative optimization [20].

After obtaining the transport map function, footstep data recorded
in the source location are then transformed to the target location,
the labels of which are used for person re-identification.

3.4 Person Re-ID at the Target Location

To re-identify people at the target location, a person identification
algorithm developed by our prior work is used [18]. The training
set contains transferred source domain data and their labels. Cor-
respondingly, the newly collected footsteps at the target location
serve as the test set. The algorithm is based on support vector
machines with radial basis function kernels (SVM-RBF) for its in-
terpretability through confidence scores and better performance
over the baseline models. The classification result is the identity of
the person to whom the footstep traces belong.

4 FIELD EVALUATION

To evaluate Re-Vibe, we design a walking experiment with four
participants across two locations in a building. (approved Stanford
IRB No. 54912)

4.1 Experiment Setup

The experiment was conducted at two locations with wooden and
concrete floors. As shown in Figure 4, four SM-24 geophones were
mounted on the surface of the floor [22]. As the concrete floor has
higher stiffness and less deformation than the wooden floor struc-
ture, the velocity was amplified by 1000x and 200X, respectively, to
improve the signal-to-noise ratio. Each participant walked across
two locations with their normal gaits. Their footstep-induced floor
vibrations are captured and converted by National Instrument DAQ
from analog to digital signals. The sampling rate is 26.5 kHz. Due
to the difference in damping of the structures, the sensing range
is around 10 meters and 3 meters for wooden and concrete floors,
respectively.

4.2 System Performance

The system has achieved a 0.9 F-1 score in person re-identification
during the preliminary testing with four people, which has a 2x
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Figure 5: Weights of source-target pairs across samples (left)
and people (right). The same person’s footstep samples have
higher weights (darker in color) because they share similar
characteristics.

error reduction compared with the baseline (assumes the same
weight for all pairs) [15]. We also observe that the accuracy drops
when more people join the system because footstep features are
less separable with an increasing number of occupants.

Effect of Structure-Insensitive Features: We observed that
time-domain structure-insensitive features contribute significantly
to the overall prediction in addition to the frequency-domain gen-
eral footstep features developed in previous studies [5]. We investi-
gate the importance of features through a random forest classifier
and found that these features represent 26% of importance among
all features.

Interpreting the Coupling Matrix: As mentioned in Section 3,
the coupling matrix shows how the weights are assigned between
source-target pairs. As we can observe in Figure 5, more weights
are assigned to footstep pairs within the same person, while the
coupling between different people is weaker unless their footsteps
share similar features with each other.

5 FUTURE WORK

With the promising results in the evaluation and the rigorous theo-
retical foundation of optimal transport, there are many directions
to extend the work in the future.

Out-of-Sample Footstep Data Modeling: In real-life applica-
tions, out-of-sample footstep data (e.g., a newcomer’s footsteps,
distribution shift of an existing people’s footsteps) may appear [16].
Our prior studies have developed a system based on Dirichlet Pro-
cess (DP) to model previously unobserved people [5], and our on-
going works are exploring how walking speed, different types of
shoes, and emotional changes affect the footstep-induced structural
vibrations. We will further explore how Re-Vibe can be extended to
deal with walking pattern variations under scenarios such as emer-
gency evacuation, stress level changes, and potential data shifts
caused by shoe types and gait disorders.

Footstep Data Augmentation: It is labor-intensive and cost-
inefficient to collect and label footsteps at every sensing location.
Therefore, it would be more efficient if we could augment a small
amount of data and labels obtained at one source location to mul-
tiple target locations over the entire building. The augmentation
can be achieved by learning the physical relationship between the
various locations from the OT transformation [26].
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Footstep Association from Mis-matched Subjects: In real-
life scenarios, it is not realistic to record everyone’s data at all
locations. In that case, we can improve the Sinkhorn algorithm in
OT such that the system is robust to the absence of persons at any
target location. The ultimate goal is to match the same person’s
footsteps even when no label is available at any location (i.e., zero-
shot domain adaptation).

6 CONCLUSION

In conclusion, we introduced Re-Vibe, the first vibration-based per-
son re-ID system through cross-structure optimal transport. Re-Vibe
leverages the physical insights of the footstep-induced structural
responses based on the formulation of optimal transport. Our ap-
proach overcomes the challenge of the discrepancy in structural
properties and variations in footsteps at distinct locations by analyt-
ically modeling the structure and human influence on the vibration
signals. We also take a probabilistic perspective to accommodate
the imbalanced sample number and footstep outliers across various
locations. We conduct a real-world walking experiment on two
different types of floors. Re-Vibe achieved a 0.9 F-1 score with four
people and a 2X error reduction compared with previous work.
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