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The elderly population has rapidly increased in past years, bringing huge demands for

elderly serving devices, especially for those with mobility impairment. Present assistant

walkers designed for elderly users are primitive with limited user interactivity and

intelligence. We propose a novel smart robotic walker that targets a convenient-to-use

indoor walking aid for the elderly. The walker supports multiple modes of interactions

through voice, gait or haptic touch, and allows intelligent control via learning-based

methods to achieve mobility safety. Our design enables a flexible, initiative and reliable

walker due to the following: (1) we take a hybrid approach by combining the conventional

mobile robotic platform with the existing rollator design, to achieve a novel robotic system

that fulfills expected functionalities; (2) our walker tracks users in front by detecting

lower limb gait, while providing close-proximity walking safety support; (3) our walker

can detect human intentions and predict emergency events, e.g., falling, by monitoring

force pressure on a specially designed soft-robotic interface on the handle; (4) our walker

performs reinforcement learning-based sound source localization to locate and navigate

to the user based on his/her voice signals. Experiment results demonstrate the sturdy

mechanical structure, the reliability of multiple novel interactions, and the efficiency of

the intelligent control algorithms implemented. The demonstration video is available at:

https://sites.google.com/view/smart-walker-hku.

Keywords: elderly safety, human-robot interaction, intelligent control, falling protection, soft-robotic interface,

coaxial front following, sound source localization

1. INTRODUCTION

Over the last few decades, the elderly population has rapidly increased globally and is expected
to exceed 2 billion by 2050 (WHO, 2018). While constrained physical and cognitive abilities leave
many older adults dependent, most of them prefer to continue living in their homes rather than
moving into nursing homes, because the opportunity to stay in a familiar home environment offers
them greater privacy and autonomy (Garçon et al., 2016).

For patients with Parkinson’s disease, movement disorder can severely disrupt the performance
of daily activities and increase the risk of falling. Despite various existing walkers are owned by
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FIGURE 7 | Evaluation of the pressure sensing bellow; (A) Testing platform; (B) Modulus test; (C) Repeatability tests under different external force, from left to right:

Fmax ≈ 20N, 30N, 40N, 50N.

and the time of their pressures reaching the peaks are similar.
Such a pattern can be used by the user to unlock the walker.

All these results show that the pressure data can be used to
detect different states of the user, including falling and other
user intention. By analyzing the pressure data, the walker can
monitor the user’s state to offer falling protection or respond to
other user intention. In further development, more applications
can be designed to make the walker more intelligent and safer
comparing to the current version. For example, by comparing the

changes in the pressure over a long period, the walker can detect
whether the user is getting tired. Also, more advanced models
such as NNs can be applied to learn from the pressure data and
extract more information for medical observation.

3.3.2. Front Following
We experiment with user moving forward, turning and
moving through narrow space without pushing the
handle, as the Supplementary Video 1 demonstrated. For
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FIGURE 8 | Different patterns of pressure data corresponding to different user interactions and position of each sensor. (A–C) Are three possible pressure data

patterns when a fall occurs. (D,E) Show two types of data patterns when the walker is detecting the user’s unlock intention. (F) Shows the position of each sensor on

the handle.

FIGURE 9 | (A) Leg position trajectory; (B) Orientation of the walker as compared to the user; (C) RL training curve of SSL in simulator.

evaluation purpose, we also record actual orientation of
the user during front following by having the user wearing
an IMU.

Figure 9A shows user leg positions collected. The x and y axes
represent the spatial position, and the unit is meter. Scatter points
represent leg locations; we draw a box to represent the walker for
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every 60 leg points; the center of the walker and corresponding
leg positions are highlighted. From the highlighted points, we
observe that the walker area always covers both legs and there
is always one leg on the baseline. This shows that our front
following achieves coaxial following, which is a novel practical
function for older persons who cannot consistently push the
walker well, but rely on the walker’s fall support functionality
while walking.

Figure 9B compares the orientation of the user with that of
the walker. The range of orientation θ is −180 to 180◦ and the
starting position where the walker enables front following is 0◦.
We observe that the two lines follow a similar trend, and overlap
at some peak points. The average error is 5.5◦ approximately.
It demonstrates that the walker can change direction promptly
according to the user’s expected angle.

Most existing human-following studies consider robot
following the human from the back; in case of robot front-
following a human, existing systems assume that the robot is a
distance away from the person, and the robot can easily amend
its route on the go. In our scenario, the robotic walker and the
user are within close proximity (user walking with feet along
the rear axis of the walker). While this functionality enables

elderly users to achieve hands-free walking, we also consider the
situation that elderly users still need physical support with hands
touching on soft handles. The intention of turning will then be
detected and analyzed through haptic monitor, to cooperate with
movement prediction of hands-free front-following to generate
better tracking strategy.

The robustness of the proposed NN to predict lower leg
gesture can be enhanced in the product usage phase, through
collecting diverse and long-term training samples: walkers used
by elderly users are allowed to compute and push their model
gradients to the cloud periodically, and pull updated model
parameters after aggregation is done in the backend cloud.

3.3.3. Autonomous Mobility Through SSL
We experimented in a real-world home-like setting with one hall
(maximum length over 10 m causing strong reverberation) and
four separate regions (similar as rooms). The signal-to-noise ratio
(SNR) can reach as low as 7 dB. Environment layout is given in
Figure 10.

We first build the same environment in the GSound simulator.
A microphone array with four microphones, whose maximum
distance is 0.75 m, records sound data generated from one sound

FIGURE 10 | Walker routes in real-world tests, as compared to paths produced by basic TDOA method (geometric azimuth), simulator, and optimal shortest paths.
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source. The length of each step of the walker is 1 m. By changing
the positions of the walker and the sound source, we simulate in
total 4,000 raw data samples (90% used as training dataset, 10%
as test dataset) for training of the RL model. Figure 9C shows the
training convergence curve, where a higher average reward per
step indicates that the walker produces a better route toward the
sound source.

The offline trained model is then deployed to the real-
world scenario. In Figure 10, we compare the routes performed
in reality to the routes derived by the simulator, as well as
the optimal shortest routes computed. The difference between
simulator paths and the shortest paths is mainly due to our
defining eight discrete directions for the walker to move on. Our
RL-based approach outperforms the basic geometric azimuth
method (which directly uses calculated time-delay of each
microphone pair to generate the basic TDOA path): the latter
often makes the walker lost in the hall (due to high reverberation
and the lack of reward mechanism), especially when the user
summons the walker in different rooms. The “reality gap” (Tan
et al., 2018) between real paths and simulator paths stems
from the difference between the simulator and real-world
environments: especially, for sound propagation in a multiple-
room home with high reverberation, physical parameters of the
real world are hard to be simulated exactly. Even so, our smart
walker with RL model is able to automatically approach the user
located in another room only based on voice signals. Our RL
model is robust as it only needs offline training using data from
the simulator and slight online tuning to achieve autonomous
mobility in new environments.

4. CONCLUSION

This paper proposes a novel smart robotic walker platform to
assist the elders with mild mobility impairment. We design a
unique and sturdy mechanical structure that cooperates with
sensors, and apply soft-robotic technology on the walker’s handle
to achieve better protection and richer sensing capabilities. A
series of stability tests show that the walker has good resistance
against external disturbance. The soft handle prototypemeets our
expectation and can provide useful information about the user
with a low-cost solution.

We design a comprehensive finite-state machine model
to detect user intention and emergency events in a timely
manner through analyzing spatiotemporal pressure data
collected from soft handle. We also develop a hands-free
close-proximity front-following function through intelligent
control using an IR sensor, a lidar, and NN-based gait classifier.
A reinforcement learning-based sound source localization
approach is implemented for summoning the walker to
the user through voice signals. Field tests show that our

walker can actively approach the user in a complex indoor
environment through an acceptable path. All these intelligent
functionalities achieved enables our walker to provide an
elderly user with sufficient mobility safety and rich modes of
human-robot interaction.

As future work, we will further investigate learning-based
algorithms to learnmore of user behavior through the soft handle
interface. To make our front following more generic, we seek to
collect data on more walking styles. For SSL, we plan to further
reduce the “reality gap” when applying the RL model in the
real world.
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