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1 INTRODUCTION
Gait monitoring (e.g., foot clearance, step symmetry) is important
for fall-risk assessment [7]. Assessment tools have been designed
for clinically assessing the fall-risk of older adults. However, such as-
sessments are often done in the clinical setting and are biased by the
older adults’ condition on the testing day. As a result, various smart
home systems are explored to achieve in-home long-term monitor-
ing none-intrusively via WiFi-, mmWave-, capacitive-, structural
vibration-based methods [2–5, 9].

We focus on the structural vibration-based methods considering
their abilities to non-intrusive and passive sensing for fine-grained
information. However, prior work on floor vibration-based gait
analysis relies on a relatively dense deployment to localize each
footstep [2]. Because of that, the sensing range is limited to the area
where at least three sensors can detect the same footstep-induced
floor vibration [2]. This requirement of dense deployment further
increases the total cost of the system for in-home health monitoring
and limits the system’s pervasiveness.

On the other hand, robot vacuum cleaners have become more
and more common in people’s home [8]. We propose to utilize this
in-home mobile platform to reduce the need for room-level deploy-
ment for indoor occupant gait monitoring. To do so, we install a
structural vibration sensor on a robot vacuum cleaner so that the
sensor will travel inside the house. The challenges of utilizing robot
vacuum cleaners as the mobile platform for vibration-based gait
monitoring are as follows: 1) Strong vibration from the platform it-
self during vacuuming task, 2) Unknown distortion of the vibration
signal when propagating through the robot vacuum cleaner struc-
ture. To tackle these challenges, we design our system to 1) Conduct
opportunistic measurements when the robot vacuum cleaner stops
during the tasks, 2) Utilize wave propagation properties to design a
gait model learning system and algorithm. In summary, the contri-
butions of this work are as follows.
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Figure 1: System Overview.

• We present a system that combines traditional non-intrusive
infrastructure sensing and existing in-home mobile platform
for gait monitoring;

• We collect real-world data to demonstrate the feasibility,
challenges, and opportunities of the system.

2 SYSTEM OVERVIEW
We propose a vibration-based gait monitoring system on the mobile
platform of an in-home robot vacuum cleaner. The proposed system
consists of four major modules as follows.
On-robot floor vibration acquisition.We first install a vibration
sensor used for infrastructure-based device-free human sensing [2]
– Geophone SM-24 – on the surface of the robot vacuum cleaner.
The sensor captures the vibration induced by human footsteps,
propagating through the floor surface as well as the robot structure.
Footstep detection via opportunistic sensing. The robot has
five motors (for moving and vacuuming). These motors induce
significant vibration during a vacuuming task. As a result, we ran-
domly pause the robot during its regular vacuuming task to con-
duct sensing data acquisition. On the acquired time series signals,
we then conduct an anomaly detection-based algorithm to detect
footstep-induced events [6].
Wave-property guided signal selection. When a person has a
clear foot strike, their footstep signal shows impulsive characteris-
tics dominated by Rayleigh lamb waves [6]. The dragging motion
induces vibration via friction, which is dominated by shear waves
and has a higher decay rate compared to Rayleigh lamb waves
[6]. As a result, we select steps that are closest to the sensor in a
continuous walk to conduct gait modeling. In this way, the system
acquires both types of signals for gait monitoring.
Feature extraction and gait model learning. On the selected
signal segments, we further extract features for gait model learning.
Since the vibration signals when a person is walking with clear
footsteps v.s. dragging are dominated by different types of waves,
their frequency energy distribution varies. As a result, we utilize
amplitudes of 10𝐻𝑧 ∼ 400𝐻𝑧 frequency components as features.
In this study, we select the Support Vector Machine(SVM) as the
classifier for its robust classification performance [1].
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Figure 2: Example Signals.

3 PRELIMINARY RESULTS
To validate our system, we conduct real-world experiments. We
select the ‘foot clearance’ from the Tinetti score assessment to
measure as an example gait model in this work [7]. We collect
two pedestrian’s floor vibration signals when they walked by the
vibration sensor with 1) clear foot strike and 2) dragging footsteps.

We placed one sensor on the robot vacuum cleaner and one
directly on the floor next to the robot. Figure 2(a) and (b) shows
examples of footstep-induced floor vibration signals captured by
on-floor and on-robot sensors when a person walks by. We observe
that the signal from the on-robot sensor has a low signal amplitude
compared to that from the on-floor sensor. On the other hand, the
signal to noise ratio (SNR) of the signal from the on-robot sensor is
higher, which could be caused by the robot structure dissipating
frequency differently. As a result, the on-robot sensor acquires the
excitation signal over the same distance with a lower resolution
compared to the on-floor sensor. We further compare signals in-
duced by the same person but two types of gaits. Figure 2 (b) and (d)
show signals when the same person walks with/without dragging
their foot, demonstrating different time-domain characteristics.

We evaluate the system design with data collected from two
subjects and conduct 4-fold cross-validation. We report the aver-
age binary classification F1 score as the evaluation metric. Figure
3 shows the classification result, where the x-axis is the human
subject ID, and the y-axis is the average F1 score over different
scenarios. The blue bars represent results calculated from the on-
floor vibration sensor, which show 0.96 and 0.93 F1 scores for P1
and P2. While the green bars represent results from the on-robot
vibration sensor, achieving 0.98 and 0.97 F1 scores for P1 and P2.
It is depicted that the floor vibration sensor on the robot vacuum
cleaner achieves a comparable gait classification performance as
the bench-marking sensor on the floor. This result illustrates the
feasibility of combining the in-home mobile platform with vibra-
tion sensing for gait monitoring and opportunities of replacing
dense-deployed infrastructural sensing with mobile platforms.

4 DISCUSSION AND FUTUREWORKS
The opportunities and challenges introduced by the combination
of robot vacuum cleaner-based mobile platforms and traditional
infrastructural sensing can be further explored. We plan to further
explore the system in the following directions: 1) optimizing the
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Figure 3: Gait Type Classification Result. P1 and P2 are indi-
vidual human subjects.

vacuum-sensing operation schedule to increase the opportunity
to capture target signals and minimize the total time for both vac-
uum and sensing tasks , 2) investigating the knowledge transfer
between subjects to lessen data collection effort for scenarios with
multiple occupants, and 3) combine the physical knowledge on the
target signal (e.g., wave properties) to enhance the information
inference by selectively pause at locations that allow high-fidelity
data acquisition.

5 CONCLUSION
In this paper, we present an in-home gait monitoring system that
detects footstep clearance with a floor vibration sensor on an in-
home mobile platform – robot vacuum cleaner. The system utilizes
this commonly available in-home mobile platform to enhance the
coverage of the traditional infrastructure vibration-based sensing
and reduce the overall system cost. The preliminary real-world
experiments indicate a comparable gait model prediction accuracy
over two human subjects’ data and achieve an up to 0.98 F1 score.
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