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Real-time Sit-to-Stand Phase Classification with a
Mobile Assistive Robot From Close Proximity
Utilizing 3D Visual Skeleton Recognition

Anas Mahdi', Zonghao Dongl, Jonathan Feng-Shun Lin, Yue Hu, Yasuhisa Hirata, Katja Mombaur

Abstract—Sit-to-stand (STS) transfer is a fundamental but
challenging movement that plays a vital role in older adults’ daily
activities. The decline in muscular strength and coordination
ability can result in difficulties performing STS and, therefore,
the need for mobility assistance by humans or assistive devices.
Robotics rollators are being developed to provide active mobility
assistance to older adults, including STS assistance. In this
paper, we consider the robotic walker SkyWalker, which can
provide active STS assistance by moving the handles upwards
and forward to bring the user to a standing configuration. In
this context, it is crucial to monitor if the user is performing
the STS and adapt the rollator’s control accordingly. To achieve
this, we utilized a standard vision-based method for estimating
the human pose during the STS movement using Mediapipe pose
tracking. Since estimating a user’s state from extreme proximity
to the camera is challenging, we compared the pose identification
results from Mediapipe to ground truth data obtained from Vicon
marker-based motion capture to assess accuracy and reliability
of the STS motion. The fourteen kinematic features critical
for accurate pose estimation were selected based on literature
review and the specific requirements of our robot’s STS method.
By employing these features, we have implemented a phase
classification system that enables the SkyWalker to classify the
user’s STS phase in real-time. The selected kinematics from
vision-based human state estimation method and trained classifier
can be furthermore generalized to other types of motion support,
including adaptive STS path planning and emergency stops for
safety insurance during STS.
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I. INTRODUCTION

The Sit-To-Stand (STS) action is vital for elderly indi-
viduals, facilitating essential daily activities and significantly
contributing to their independence and physical fitness [1],
[2]. However, executing STS requires complex coordination
of lower extremity muscles—a significant hurdle due to age-
related muscle weakness and balance issues [3], [4]. These
challenges often result in increased reliance on others, ad-
versely affecting mental health and well-being [5], [6].

To mitigate these difficulties, various support methods are
employed. Chairs with armrests and mobility aids like walkers
and canes provide essential assistance, albeit they may not
suffice for those with severe impairments [7], [8]. Innovatively,
robotic devices equipped with sensors emerge as a superior so-
lution, offering enhanced mobility and safety by dynamically
adjusting support in response to the user’s movements, thus
preventing falls [9], [10]. While promising, the full potential of
these technologies and their integration into daily life warrants
further exploration, indicating a significant avenue for future
research.

In recent years, advanced artificial intelligence algorithms
using instant automatic landmark identification with 2D or 3D
images created a new path for real-time markerless human mo-
tion recognition, which has become potentially popular with
several low-cost customer-grade camera systems [11]. Such
algorithms enable the possibility of identifying a full-body
skeleton structure describing the posture of a human subject
within a given image frame [12]. The research group from
Carnegie Mellon University released an image-processing
framework called OpenPose, which takes the color image
from an RGB camera as input and outputs the recognition
of skeletons for one or multiple persons in the same scene
[13]. Another famous machine-learning solution is Mediapipe,
a high-fidelity body pose recognition framework proposed by
Google [14]. Several depth camera hardware like Azure Kinect
or Kinect V2 has its own software for providing human body
landmarks. These new technologies provide a helpful way
for researchers to measure STS features easily. Hsiao et al.
used the Kinect system to measure the dynamic balance, and
forward motion of the elderly [15]. Aguirre et al. implemented
a Kinect depth sensor to determine which STS features a
connection with fatigue [16]. They also compared different
machine learning models for estimating fatigue in an STS
exercise based on the visual measurement of human skeleton
movement [17].
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Fig. 1: Field of view (FOV) for navigation camera (left image) and
FOV for human phase classification (right image)

Although many promising results have been reported
throughout previous research, the human motion recognition
using visual-based skeleton tracking on a mobile assistive
robot is still facing challenges. Since users always need to
keep close to the robot (less than 1 meter), the visual analysis
data could be noisy and become not so accurate [18]. Taghvaei
et al. reported this challenge while using a Kinect sensor for
human state estimation on the assistive robot called RT walker
[19]. The human skeleton tracking can also get lost when
only part of the human body can be viewed from the camera.
Another challenge would be computational cost-effectiveness
since the current most fashionable models like OpenPose or
Mediapipe still require huge computing resources on host PCs
[20], making it difficult to acquire human skeleton information

in real time while using low-cost hardware.

Implementing a vision-based approach for recognizing hu-
man motion regardless of close distance restriction could be
promising because it is less expensive compared to other real-
time detection methods. It requires less hardware and is more
practical to implement on an assistive robot.

In this paper, we introduce an STS assistive robot with real-
time human motion recognition functions from close proximity
to the camera.

Our objective in implementing real-time phase classifier is
to enable the robot to adjust its action based on the user’s

current state, ensuring safe standing up and preventing falls.
Our contributions in this paper:

« We propose a real-time, visual-based software for clas-
sifying the STS phases from close proximity, designed
to be used with assistive devices and run on board.
The software utilizes a 3D visual of the human skeleton
model obtained from MediaPipe using a wide-angle depth
camera.

o We compare the 3D skeleton tracking result with a motion
capture system to analyze both the kinematics accuracy
and similarities for the trend of changes

« We evaluate different machine learning algorithms includ-
ing support vector machine (SVM), decision tree (DT),
random forest (RF), and XGBoost for estimating STS
motion phases.

« We validate the proposed approach through a challenging
experiment with the mobility assistance robot SkyWalker
during which the user is getting very close to the camera
and parts of their recognized body skeleton resulting in
larger distortion.

This paper is organized as follows: In Section II, we
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Fig. 2: Pipeline for the system architecture presented in this paper.
The subject is around 0.5 m away from the depth camera.

introduce the previous related works. In Section III, we in-
troduce the SkyWalker architecture and how the robot support
STS motion. In Section IV, we propose a visual-based phase
classification method using Mediapipe and how we acquire the
human kinematics data from the perceived skeleton model. We
discuss the kinematics features accuracy through a biomechan-
ical evaluation in Section V. In Section VI, We applied those
features with different types of classifier and discuss the result
of classification. Finally, we conclude our paper in Section VII.

II. THE SKYWALKER MOBILITY ASSISTANCE ROBOT
A. Robot hardware system

The SkyWalker is a mobility assistance robotic walker, de-
signed to aid elderly individuals in their walking and standing
up/sitting down movements [21]. The SkyWalker robot is
designed for people who can perform STS with some degree
of independence but require additional body weight support to

ensure safety and stability.
Walking motions are supported via the front wheels which

are actuated by two brushless motors, while the rear passive

caster wheels are smaller to enable easy maneuverability.
The design features two sets of handles at different heights,

which are adjustable to the user’s size. The upper handles are
static and are intended for use during upright standing and
walking. The lower handles are designed for active STS (Sit-
to-Stand) assistance, aiming to bring the user to about 2/3
of the way to upright standing. The vertical motion of the
handles is powered by a brushless motor, while the forward
motion during STS is produced by the powered wheels.

B. Robot support for STS

Fig. 3 shows the different phases of the STS support for the
robot and the user, distinguishing three phases for the robot

and four for the human.
To initiate STS motion from a sitting position, users place

their hands vertically down on the lower set of handles. In
this first phase, the robot is stationary. The STS movement of
the robot starts by lifting the user, simultaneously providing
vertical support using the vertical lift and horizontal support
from forward motion by moving the chassis for a specific
distance. At the same time the user lifts off the chair and starts
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Fig. 3: Image sequence demonstrating STS assistance by the SkyWalker

stretching the legs and moving the thighs from a horizontal to

a vertical orientation.
Once the lower handles have reached their highest position

both forward and upward motion stop and the robot reaches
another stationary phase. The user must now actively switch
from the lower to the upper level handles, one hand at a time.
Once this is done, the user has reached the last phase, standing

upright in contact with both upper handles.
To guarantee user safety and coordinate the robot’s motions

it is important to check if the user interacts with the robot as
planned and is able to perform the motions as expected.

C. Robot sensory system

The robot has multiple sensors to understand the user’s
intentions, phase, and navigation capabilities, which include
an Alexa smart speaker for voice control and two depth/stereo
cameras. One forward-facing depth camera is used for robot
navigation and obstacle avoidance, while another rear-facing
camera is used for the pose estimation of the user and phase
classification as shown in Fig. 1. The cameras used are the
Luxonis Oak-D W. The camera processor can perform real-
time processing of the data and can run deep learning models

without needing to send data to a remote server [22].
The integration of further sensors, such as force torque

sensors in the handles will be evaluated in future research.

III. METHODOLOGY
This section outlines the methodology used in our study,
including real-time vision-based human skeleton tracking in
close proximity, a workflow for human key landmark acquisi-
tion, and algorithms for kinematic feature calculation.

A. Vision-based STS Skeleton Tracking in Close Proximity
The primary challenge of implementing a vision-based
human state estimation system for assistive robotics, especially
in the context of the SkyWalker robot, stems from the necessity
of operating at extremely close proximities. Traditional vision-
based systems typically perform well when there is sufficient
distance between the camera and the subject, allowing for
unobstructed views and clear data capture [23]. However, in
the case of the SkyWalker robot, the user is required to stay
within less than one meter of the camera. This proximity leads

to several challenges.
Firstly, at close distances, camera lenses often suffer from

distortion, which can result in inaccurate skeleton tracking and

pose estimation. Parts of the body might appear dispropor-
tionately larger or smaller, complicating the interpretation of
the user’s posture and movements. Secondly, accurate depth
perception is harder to achieve at close distances, leading
to potential errors in determining the spatial positioning of
the user’s body parts. Lastly, real-time processing of visual
data at close range with high accuracy requires significant
computational resources, which can be a challenge given the

need for the system to be used in real-time.
To address these challenges, we have employed a combina-

tion of advanced software and strategic hardware placement.
Specifically, we utilize Google’s Mediapipe framework [14]
and strategically mount the camera on the SkyWalker robot
to optimize performance in close proximity. The Mediapipe
BlazePose GHUM Lite model is particularly suitable for this
application scenario due to its lightweight architecture [24],
allowing for efficient processing with limited computational
resources available on our robotic platform. With the current
hardware implementation of the robot, we determined that
a minimum frame rate of 15 Hz is sufficient for real-time
classification. This is because, when monitoring STS motion
in older adults, the robot’s actions are not too fast, allowing for
accurate detection of user movement at this frame rate. The
camera, a Luxonis Oak-D W depth AI camera with a wide
field of view (FOV) (150° Depth-FOV with 128° Horizontal-
FOV) lens, is mounted on the robot with 90° rotated to adapt
its HFOV for the vertical direction. This strategic placement
minimizes occlusions and distortions, ensuring a tracking
of user movements during the STS phases. The system’s
architecture is shown in Fig 2.

B. Key Landmark Acquisition Pipeline

Fig.4 illustrates the kinematic features data acquisition
process, which is integral to our feature extraction pipeline.
The process begins with the Oak-D W camera mounted on
the SkyWalker robot, collecting images to be processed to
identify key landmarks on the human body. The camera’s FOV
is configured in a 90° reversed setup, ensuring the camera can
fully track the human skeleton, especially when the user is
less than one meter away. These landmarks include critical
points such as the pelvis, shoulders, elbows, etc. The extracted
human key landmarks and features are processed in real time,
as shown in the final part of Figure 5. This includes calculating
important kinematic features such as the elbow angles and the
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positions of various joints. The data from these key landmarks
is used to create a simplified skeleton model (Fig.5) that can
be analyzed to understand the usel:}r’s movement patterns.

The key landmarks’ position M;"" (x,y,z), as shown in Fig.5,
extracted from the skeleton, are used to derive the necessary
kinematic features. These features can then be fed into the
phase classification system to determine the user’s current
phase throughout the STS process.

C. Kinematic Feature Calculation
We utilized the obtained key landmarks, as shown in Fig.5,
to calculate the kinematic features representing an STS motion.
Initially, all the obtained landmarks are under the camera
coordinate, while the camera has a forward movement during
STS support. To eliminate the influence of camera movement,
we fixed a marker on the top of the camera and utilized a
motion capture Vicon to monitor its movement. Considering
a coordinate transform from the pelvis frame to the camera
frame and finally to the world frame, Eq. 1 can be modified
as follows:
Ml/r — (Mpelvis,c +Mil/r) + Meam 4 [O 0 Al] (1)

i,world —

Here the MPeis¢ stands for the pelvis frame while M/" are
landmarks (other than pelvis center) position corresponding to
the pelvis frame. The camera’s movement under world coor-
dinate M““™ is introduced to transform the point location from
the camera to the world coordinate. A shifting matrix (0,0,Al)

was utilized to make the camera’s marker position correspond
to the bottom stereo camera. Al was set as —0.097m according

to the OAK-D W camera datasheet.
The landmark positions derived from Eq.(1) allow us to

calculate the user’s kinematics properties during STS. Previous
studies have demonstrated that several determinants, such as
trunk, arm, and knee positioning and movements, are consid-
ered significant kinematic features that affect STS performance
[21][25]. Based on these biomechanical considerations, we
selected 14 unique kinematic features to represent the STS
movement while using the Skywalker.

o Pelvis x and z position: MPeVVis<(x, z)

« Shoulder x and z position: M*eulderc (x 7

« Elbows x and z position: M<""" (x,z), M (x,2)

o Hip sagittal angle: @relvis!  gretvisr

« Knee sagittal angle: 9!, ghneer

« Elbow sagittal angle: §¢/2ow, gelbowr

Here we need to note that instead of measuring the
coordinates of each key landmark, the Mediapipe package
only provides the 3D coordinates of a reference depth point
(MPelis<[x,y,7]). In contrast, other body landmarks are cal-
culated by projecting them onto a 2D image surface, and
their coordinates are presented in relation to the center pelvis
coordinates. Given this consideration, the actual perception of
each landmark is calculated using the following equation:

Mll/’ :Mpelvis,c +Mll/r (2)
where the MP¢Vs¢ is the center pelvis location under camera
coordination and is directly acquired from the Mediapipe.

While Mf/ " is the landmark location with respect to pelvis
location. Using Eq. 2, we can transport all landmarks’ loca-

tions from the pelvis coordinate to the camera coordinate.
We used the following equations to calculate the positions

and derive the angles of the user’s center shoulder and pelvis
under camera coordination

2
where Mé and Mg are the measured 3D location under camera
coordination, and M*"uderc jg the calculated shoulder’s center
location. Finally, we can calculate the joint angle position, for
example, the left pelvis angle, based on the following equation:

Mshaulder,c —

L agl L agl
@relvisl _ 41008 M9M3 'M9M11 4)
?
|MoMS| | MoMy, |
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Fig. 6: Calculated input kinematic features from Mediapipe Lite model

Furthermore, We derive the elbow and knee angle using sim-
ilar equations as shown in Eq. 4. The obtained configuration of
a sitting pose and time-lapse image of STS skeleton tracking
can be found in Fig.6(a)(e). Here we demonstrate part of the
calculated kinematics features in Fig.6. The red dashed lines
in Fig.6 divide the raw input into four sections, representing
four phases defined in the previous section.

D. Kinematics Features Comparison

To validate the accuracy of the Mediapipe-based skeleton
tracking, we compare its performance against ground truth
Vicon. This comparison allowed us to benchmark Mediapipe’s
performance, identify discrepancies between the two systems
within our robotic setup, and evaluate the effectiveness of
the 14 selected features for STS motion classification. The
Vicon system utilizes multiple cameras and reflective markers
placed on the subject’s body to capture detailed motion data
at frequencies of 100 Hz. Additionally, we transform the
kinematic data from the camera coordinate system to a world
coordinate system to maintain consistency and accuracy in
our measurements, especially given the dynamic movements
of the SkyWalker robot during STS assistance. For data
synchronization, A Vicon-ROS bridge is used to synchronize
data collection between Vicon and Mediapipe, ensuring that
both systems record data simultaneously and under the same

conditions.
Figure 7(a) shows the left knee 3D angle position over

time. While MediaPipe perception generally follows the Vicon
ground truth, noticeable deviations occur, particularly in the
initial 2-4 seconds, suggesting challenges with rapid initial
movements. Similarly, Figure 7(b) presents the left pelvis
3D angle position, where slight deviations are particularly
noticeable during dynamic posture changes. Fig.7(c)-(d) plot
the center shoulder and pelvis positions in the x-z plane,
where x represents depth and z represents vertical position.
MediaPipe data points show significant scatter compared to the
Vicon ground truth, especially along the depth (x-axis) for both

the shoulder and pelvis. This indicates challenges in accurately
tracking depth movements, although the vertical position (z-
axis) shows better accuracy, albeit with some deviations,
particularly for the pelvis. These observations highlight areas

where MediaPipe’s tracking accuracy could be improved.
Figure 8(a) illustrates the average angular error for the

pelvis, shoulder, and elbow angles. Errors are higher for the
shoulder and elbow compared to the pelvis, with the right body
side consistently showing higher errors. This indicates variabil-
ity in MediaPipe’s performance across different joints. Figure
8(b) presents the accuracy of positional features, showing the
average positional errors for the pelvis, shoulder, and elbow
in depth (x), horizontal (y), and vertical (z) directions. Errors
are generally higher in the x direction for all joints, reflecting
difficulties in accurately perceiving x positions. The lowest
error is observed in the x direction for the pelvis, indicating
better depth perception accuracy. However, the depth accuracy
decreases as the features move away from the pelvis, with the
elbow showing the highest error. This is because the landmarks

in MediaPipe are driven based on the center of the pelvis.
Figure 8(c) assesses the compatibility of angular features

between MediaPipe perception and Vicon ground truth through
mean correlation coefficients for left and right angular features.
Both sides show coefficients above the threshold, indicating
reliable tracking of angular features, suggesting MediaPipe’s
capability in following joint angles critical STS motion.
Figure 8(d) shows the compatibility of positional features,
with mean correlation coefficients for positional features. The
depth and vertical directions exhibit coefficients above the
threshold, indicating reasonable compatibility of following
positions of the features. However, the horizontal direction
shows coefficients below the threshold, reflecting challenges
in horizontal position tracking. These analyses highlight that
while MediaPipe performs well in depth and vertical tracking,
it struggles significantly with horizontal position tracking,
particularly for the shoulder positions. In conclusion, these
findings demonstrate that MediaPipe perception can effectively
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track joint angles and positions during STS motion using the
robot. MediaPipe provides 3D coordinates of joint centers
based on visual input from the camera, relying on a machine
learning model to infer positions. This innovative approach
can be influenced by occlusions and varying image qualities.
In contrast, the Vicon system uses physical markers placed on
the skin to capture precise movement, offering high accuracy
in positional data, though it does not directly measure joint
centers. Given these fundamental differences, our focus was
on relative movements and trends rather than direct positional
accuracy, ensuring the robustness of the 14 features that will
be used for the phase classifier despite inevitable discrepancies
between the two systems. Comparisons were primarily con-
ducted in the sagittal plane, which helps mitigate systematic
errors and enhances the reliability of our kinematic feature
extraction process. This comparison validates the relevance of
the 14 selected features for effective STS motion classification
extracted from MediaPipe. Validation against ground truth
confirms MediaPipe’s potential as a valuable tool for real-time
STS phase classification in assistive robotic applications from
close proximity.

IV. EXPERIMENT & CLASSIFICATION RESULT

A. Experiment protocol

To demonstrate the usability of the proposed phase classi-
fication method described in the previous sections, a set of
experiments was conducted. 10 able-bodied subjects (weight:
65.75 £ 13.02 kg, height: 167 + 4.08 cm) performed the STS
motion 13 repetitions with the SkyWalker robot while the
camera simultaneously recorded their motion. Each participant

replicated the STS motion as illustrated in Fig. 3.
We selected able-bodied subjects to prepare our dataset be-

cause they can perform STS motions with minimal assistance
from the robot and provide consistent and reliable data for

training and testing our model.
In the beginning, the participant sat on the chair with both

upper limbs vertical to the lower handle. When the user was
ready, we sent a start signal to the robot and mentioned it to
the participant simultaneously. The robot then followed a pre-
defined trajectory in both forward (0.2m, 0.3m, or 0.4m) and
upward (0.3m) directions for 4 and 6 seconds, respectively.

60 Eos

8 WM Error in left body side < I Error in forward dirction

= S Error in right body side @ [ Error in horizontal direction
o ) : -

o = [ZError in vertical dirction

240 % 02

< a

=

S S

w20 0.1

o g I

¢, il B A
9]

Z o0 z o0 Ll

Pelvis  Shoulder  Elbow Pelvis  Shoulder  Elbow

(a) Accuracy of angular features (b) Accuracy of position features
[2}

o
o

7

Posi. X Posi.Y Posi.Z

Mean Correleration Coefficient
Mean Correleration Coefficients

g %
Left angles Right angles

(c) Compatibility of angular
features

(d) Compatibility of position
features

Fig. 8: Skeleton tracking performance comparison (3D space)

We chose different forward distances to test how the user’s
kinematics and phases change with varying levels of horizontal
support from the robot. The upward distance was fixed to
ensure that the user could comfortably and safely reach the

upper handles.
Each participant was required to run the experiment for 13

trials, allowing us to collect the raw output data from 3D

keypoint landmarks at approximately 15Hz.
We utilized the collected experimental data for both training

our classifier and validating the classification accuracy.
Since the SkyWalker moves simultaneously with the user’s

STS motion, we adopted eq.(4) to eliminate the influence of
robot movement and obtained pure kinematics information
from Fig. 4 to calculate the selected key features as the input
features. To eliminate the feature variability caused by the
subject’s physical condition, we normalized all the features
extracted by dividing each data point by the corresponding

maximum value into the range [-1, 1].
We used a depth camera with the Mediapipe model to record

the kinematics of the subjects performing STS motions with
the SkyWalker robot. As previously mentioned, we selected
14 kinematic features relevant for STS phase classification,
such as joint angles and key point positions. We also manually
labeled the data according to the four phases defined in Section

1.
We chose to use only a subset of the Mediapipe landmarks,

rather than the whole skeleton model, for two reasons. First,
some landmarks were not visible or reliable when the user
was very close to the camera (around 0.5 meters away), such
as the nose and foot points. Second, some landmarks were
not informative or discriminative for the STS phases, such
as the wrist and ankle points. Therefore, we focused on the
landmarks that were most related to the STS biomechanics,

such as the pelvis, shoulder, elbow, hip, and knee points.
Once we extracted 14 features from each dataset, we

prepared our data into training (6053 frames), testing (1513
frames), and validation (1344 frames) sets. For SVM, we
utilized the LIBSVM software for model training. The open-
source Python library "scikit-learn" was used to prepare and
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TABLE I. PHASE TRANSITION TIME ERROR IN SECONDS

Validation Set Phase 1-2 Phase 2-3 Phase 3-4

SVM  XGboost RF DT LSTM | SVM  XGboost RF DT LSTM | SVM  XGboost RF DT LSTM
1 -0.67 -0.53 -0.70 -0.35 -0.29 -0.99 -1.01 -1.10  -0.30 -1.07 +1.13 - +0.74  +1.54  +1.03
2 -0.44 -0.86 -0.00 +2.31 +2.91 -0.24 1.25 -1.25  +0.98 - +0.29 +0.90 - -0.12 +1.93
3 -2.34 +0.03 +0.37  +0.37 -1.14 -1.50 +0.49 +0.42 +0.76  +0.42 | +0.53 - - -0.29 +2.53
4 -0.60 -0.53 -0.77 -1.34 -0.28 -0.89 -0.31 -0.47  +0.12 -1.01 +0.56 - +0.59  +0.55  +0.56
5 -0.48 -2.00 -0.92 -1.92 -2.00 -1.35 -0.67 -0.75  +1.24 -0.75 - - - +1.90  +0.51
6 -0.66 -1.49 -1.48 -0.23 -1.55 -0.27 -0.27 -0.15 -0.00 -0.40 +1.26 +1.26 +1.00  +1.07 +0.94
7 +0.10 +1.79 -048  +1.91 -0.42 +0.16 +0.10 +0.16 +0.16  +0.10 | +1.16 +0.97 +0.66  +1.16  +1.22

|Average| 0.76 1.03 0.67 1.20 1.23 0.77 0.59 0.61 0.51 0.63 0.82 1.04 0.75 0.95 1.25

execute other classifier options (DT, RT, and XGBoost). Fi-
nally, we recorded the video from the camera and determined
each participant’s ground truth phase visually, then compared
the prepared label with the predicted phases.

B. Classification result

In this study, we focus on classifying the different phases
of the Sit-to-Stand (STS) motion using a mobile assistive
robot, SkyWalker. Accurate phase classification is crucial
for the robot to provide timely and appropriate assistance,
ensuring user safety and optimizing support during the STS
movement. To achieve this, we employed various machine
learning classifiers, including Support Vector Machine (SVM),
Decision Tree (DT), Random Forest (RF), XGBoost, and Long
Short-Term Memory (LSTM), to determine the user’s current
phase in real-time based on 14 selected kinematic features

extracted from Mediapipe’s 3D visual skeleton tracking.
The classification results are evaluated by comparing the

predicted phase transitions to the ground truth transitions,
with the transition time errors (in seconds) recorded for each
classifier across three critical phase transitions: Phase 1-2,
Phase 2-3, and Phase 3-4. These transitions represent the user’s
movement from the initial sitting position to the intermediate

phases and finally to the standing position.
Table 1 presents the phase transition time errors for different

classifiers (SVM, XGBoost, RF, DT, and LSTM) across three
phase transitions. For Phase 1-2, SVM has an average error
of 0.76 seconds, with errors ranging from -2.34 to +0.10
seconds, indicating it generally performs well but struggles
with rapid movements. XGBoost shows significant variation
with an average error of 1.03 seconds, especially in validation
sets 5 and 7. RF demonstrates consistent performance with an
average error of 0.67 seconds, while DT exhibits considerable
variation with an average error of 1.20 seconds. LSTM shows
the highest variation, with an average error of 1.23 seconds,
indicating difficulties with initial transitions.

For Phase 2-3, SVM has an average error of 0.77 seconds,
showing moderate performance. XGBoost performs well with
an average error of 0.59 seconds, and RF is consistent with
an average error of 0.61 seconds. DT indicates good perfor-
mance with fewer large errors, averaging 0.51 seconds. LSTM,
with an average error of 0.63 seconds, shows variability but

generally moderate performance.
Phase 3-4 shows higher errors. SVM has an average error

of 0.82 seconds, XGBoost shows significant variation with
an average error of 1.04 seconds, RF demonstrates consistent
performance with an average error of 0.75 seconds, DT shows
considerable variation with an average error of 0.95 seconds,

and LSTM has the highest variability with an average error of
1.25 seconds, indicating challenges in final phase transitions.

Overall, the RF and DT classifiers generally exhibit the
most consistent performance across all phase transitions, with
smaller average errors and narrower error ranges. The SVM
and XGBoost classifiers also perform well but show slightly
higher variation. The LSTM classifier demonstrates the high-
est variability, suggesting it might be less reliable for real-
time applications where consistency is crucial. The errors
in the Phase 1-2 transition are generally higher across all
classifiers, indicating the challenge of accurately identifying
the initial phase transition. Errors decrease in the Phase 2-
3 transition, suggesting improved classifier performance once
the initial transition is accurately detected. However, the Phase
3-4 transition exhibits higher errors, indicating challenges in
accurately identifying the final phase transition, likely due to
not having enough features for the classifier to observe since
only the elbow kinematics are changing.

To enhance classifier performance, fine-tuning parameters,
incorporating more diverse training data, exploring advanced
models or hybrid approaches. These improvements aim to
achieve higher accuracy and reliability, particularly for the ini-
tial and final phase transitions, thereby enhancing the system’s
overall robustness and responsiveness.

Furthermore, it is important to note that we trained the
classifier using the data collected from healthy subjects, which
may limit the generalizability of our approach to other pop-
ulations with different mobility impairments or STS patterns.
Therefore, one of our future work is to collect data from
individuals with mobility impairments and evaluate how our
model performs on them.

C. Discussion

The estimated phase from the classifiers provides a clear
understanding of the user’s current STS (Sit-to-Stand) phase
among the four defined phases, with a relatively small delay
of 0.88s and a high accuracy of 89%. This understanding
enables the robot to adjust its actions accordingly. For instance,
the robot will begin moving only after the user’s phase has
transitioned from phase 1 to 2. This classification result also
helps us identify whether the user has fully stood up by
monitoring the transitions from phases 2 to 4. If the user’s
phase does not change as expected, the robot can stop its
motion, thus preventing potential falls. Finally, the robot can
start moving only after detecting that the user has fully stood
up, which corresponds to phase 4.
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D. Real-time applications

Key real-time applications include adaptive STS assistance,
where the SkyWalker continuously monitors both able and
disabled subjects’ posture and phase to provide optimal sup-
port during the movement, thus reducing the risk of falls and
improving stability. The system can also detect deviations from
the expected STS movement pattern with a rapid response
time of less than one second, enabling the robot to initiate
emergency stops or other safety measures, which is crucial
for preventing accidents. Additionally, the phase classification
system enhances user interaction by allowing the robot to
respond intuitively to the user’s real-time movements, creating
a seamless and supportive experience.

V. CONCLUSION AND FUTURE WORK

This paper presents a vision-based algorithm for estimating
human phase from close proximity for use with a robotic
rollator providing STS assistance. Our study offers a two-
fold contribution: first, by comparing the pose identification
accuracy of the Lite version of Mediapipe with Vicon, and
second, by developing a robust phase classification framework
for STS movements. The comparison showed that certain joint
angles and key points from Mediapipe can reliably estimate

the human state.
In our phase estimation experiment, predefined trajectories

were executed while recording the subjects’ kinematics using
a depth camera with the Mediapipe model. The kinematic
data from the 14 selected features were used to train human
phase classifiers, with Random Forest (RF) and Support Vector
Machine (SVM) achieving the best performance, reaching an
accuracy of around 89 percent. The small average time error
when switching between phases indicates that the model is

suitable for phase classification.
Several limitations were encountered during the study. The

Lite version of Mediapipe was used instead of the Heavy or
Full model, potentially contributing to the errors observed.
Future work will involve using a more powerful process-
ing unit to evaluate the performance of the Heavy model,
which is documented to have higher accuracy. The camera’s
position also impacted the results, as being too close to
the subjects affected the skeleton tracking performance. This
can be addressed by training users before they can use the
walker properly. Future studies will explore varying camera
positions to optimize tracking performance. We also plan to
train a customized Mediapipe model, in order to improve the
performance of pose tracking accuracy furthermore. Lastly,
the human state estimation and phase classification for both
able and disabled subjects will be integrated into SkyWalker
to adjust its STS trajectory in real time, providing optimal
support for safe movement and fall prevention.
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