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Abstract—Human beings adapt their motor patterns in re-
sponse to their surroundings, utilizing sensory modalities such
as visual inputs. This context-informed adaptive motor behavior
has increased interest in integrating computer vision algorithms
into robotic assistive technologies, marking a shift towards context
aware control. However, such integration has rarely been achieved
so far, with current methods mostly relying on data-driven ap-
proaches. In this study, we introduce a novel control framework
for a soft hip exosuit, employing instead a physics-informed
computer vision method grounded on geometric modeling of
the captured scene for assistance tuning during stairs and level
walking. This approach promises to provide a viable solution
that is more computationally efficient and does not depend on
training examples. Evaluating the controller with six subjects on
a path comprising level walking and stairs, we achieved an overall
detection accuracy of 93.0± 1.1%. Computer vision-based assis-
tance provided significantly greater metabolic benefits compared
to non-vision-based assistance, with larger energy reductions
relative to being unassisted during stair ascent (−18.9 ± 4.1%
vs. −5.2 ± 4.1%) and descent (−10.1 ± 3.6% vs. −4.7 ± 4.8%).
Such a result is a consequence of the adaptive nature of the
device, enabled by the context aware controller, that allowed for
more effective walking support: i.e. the assistive torque showed
a significant increase while ascending stairs (+33.9± 8.8%) and
decrease while descending stairs (−17.4 ± 6.0%) compared to
a condition without assistance modulation enabled by vision.
These results highlight the potential of the approach, promoting
effective real-time embedded applications in assistive robotics.

Index Terms—Exosuits; physics-informed computer vision;
geometric modeling, adaptive walking assistance.

I. INTRODUCTION

V ISUAL perception employs approximately half of the
human brain computational capacity [1]. Vision is, in

fact, a vital sensory modality, which profoundly shapes our
interaction with the environment and enables essential activi-
ties, such as locomotion [2].

In an effort to replicate this human feature, a recent trend in
robotics focuses on providing wearable assistive devices with

1 E. Tricomi, X. Zhang, F. Missiroli, and Sandro Ferrari are with the Institut
für Technische Informatik (ZITI), Heidelberg University, 69120 Heidelberg,
Deutschland.

2 G. Piccolo, F. Russo, and F. Ficuciello are with the ICAROS Center,
University of Naples Federico II, 80131, Naples, Italy. †G. Piccolo and F.
Russo contributed equally to this work.

3 L. Gionfrida is with the Department of Informatics, Faculty of Natural
Mathematics and Engineering Sciences, King’s College London, Bush House,
30 Aldwych, London WC2B 4BG, United Kingdom

4 M. Xiloyannis is with Akina AG, Zürich, Switzerland.
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Fig. 1. Exosuit design. The exosuit is a fully-actuated tendon-driven system
designed to assist hip flexion during walking. It is made of a lightweight belt
housing the actuation stages, control unit, and power supply, along with two
thigh harnesses. The system incorporates two inertial sensors for capturing
user’s kinematics, and an RGB-D camera for scanning the surrounding
environment.

the capability to perceive and dynamically adapt to the user’s
surrounding context. This paradigm can be termed “context
aware control” and involves integrating perception layers into
robotic systems to facilitate contextual interaction with the
environment. Its goal is to overcome the limitations of current
assistive devices, which face challenges in adapting assistance
across different tasks, such as transitioning between level
walking and stair climbing, hindering their ability to provide
support effectively [3], [4].

Within this framework, the integration of context perception
through computer vision offers the possibility to mirror the
human ability to anticipate and respond to external cues. By
utilizing visual data captured by onboard cameras, wearable
robotic systems can dynamically adapt assistance levels in
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response to the user's external environment [5]–[11]. In com-
parison to approaches focused solely on gait kinetics and
kinematics [12]–[14], the incorporation of visual cues offers
the advantage of demonstrating reduced variability across trials
and subjects [14]. Additionally, it enables the anticipation of
information related to the user's next steps, thereby enhancing
future planning capabilities.

Despite the potential advantages, progress in this direction
is not advancing as rapidly as expected. Current state-of-the-
art computer vision methods predominantly rely on data-driven
algorithms that combine visual information with deep learning
[5], [6], [11], [15]–[20]. These approaches excel in accuracy
and scene interpretation, and can generalize well to new
data when trained on suf�ciently diverse datasets. However,
their integration into real-time systems requires signi�cant
computational resources for both model training and operation,
as well as extensive, application-speci�c training datasets
[21]. Recently, the �eld of computer vision has been moving
towards self-supervised learning algorithms, which reduce the
reliance on labeled datasets by learning representations from
unlabeled data. Although these methods lower dataset prepa-
ration requirements, their high computational demands to run
both inference and training pose challenges for deployment on
embedded microprocessors [22]. The computational demand
likely contributes to the limited deployment of the mentioned
algorithms for real-time control of wearable robotic devices.

In the context of scene classi�cation during locomotion,
Laschowski et al. [6], [7] have made signi�cant contributions
by providing open-source databases containing images from
various walking environments, intended for integration into
lower-limb wearable robotics. Their ExoNet [23] stands as
the �rst open-source, large-scale hierarchical dataset of high-
resolution wearable camera images capturing human walk-
ing environments, comprising over 5.6 million RGB images
illustrating diverse indoor and outdoor real-world walking
scenarios. Leveraging access to this dataset, our prior study
[5] effectively integrated a vision-based algorithm employing a
Convolutional Neural Network (CNN) to classify stairs/ground
into a soft wearable robotic suit designed for walking assis-
tance, demonstrating its bene�ts on users.

As an alternative, exploring computer vision techniques that
utilize the intrinsic geometric properties of a scene, rather
than relying on speci�c learned features, could offer more
computationally ef�cient solutions. For example, techniques
using stereo cameras to scan the user's surroundings can
leverage depth perception to segment 3D images, inferring
the walking environment by analyzing plane orientations and
their interconnections [24]–[29]. By using geometric model-
ing and explicit rules, these approaches are computationally
less demanding and reduce the reliance on extensive labeled
datasets while preserving the system's ability to understand
and interpret the environment [25].

These physics-informed approaches have already found
utility in various robotic domains, including path planning for
autonomous vehicles or mobile platforms in service robotics
[30], [31]. However, their application to �ne-tune movement
assistance in wearable robotics remains largely unexplored.

Through this study, our primary objective is to introduce a

novel context aware control paradigm grounded in geometric
modeling-based (GM) computer vision and demonstrating its
integration for real-time application in lower limb robotic
devices. This control framework, hereafter referred to as
GM-based computer vision, utilizes prior knowledge of the
orientation and shape of elements within a 3D scene to
differentiate between staircases (ascending and descending)
and level ground to facilitate the adaptation of assistance
levels. To showcase its effectiveness, we utilized an in-house
designed exosuit assisting hip �exion, yet the fundamental
aspects of the control scheme can be applied to any lower
limb assistive device.

Subsequent to developing the real-time controller and inte-
grating it into the hip exosuit, we conducted preliminary eval-
uations in a controlled environment with participants walking
along a path that included both stairs and level ground. The
experimental setup mirrored the conditions of our previous
study, which used a CNN-based computer vision module for
the hip exosuit [5]. As a secondary objective, we compared the
computational demand, classi�cation accuracy, and metabolic
bene�ts of the proposed method with those of the CNN-based
approach from Tricomi et al. [5]. This comparison aimed
to show that the proposed approach can achieve comparable
performance to traditional data-driven methods in real-time
applications for the task at hand with higher computational
ef�ciency.

II. EXOSUIT DESIGN

The GM-based computer vision controller was implemented
in the hip exosuit described in Tricomi et al. [5]. The device is
designed to assist hip �exion during walking through a tendon-
driven transmission and weighs2:7 kg (Fig. 1).

The exosuit consists of a waist belt tightened to the user's
body and holding one actuation stage per leg, power supply
(Tattu battery,14:8 V, 3700 mAh, 45 C), and the control unit.
Each of the two actuation stages include a �at brushless
motor (AK60-6,24 V, 6:1 planetary gear-head reduction, Cube
Mars actuator, TMOTOR, Nanchang, Jiangxi, China) driving
a pulley with � 35 mm diameter. Bowden sheaths (Shimano
SLR, � 5 mm, Sakai,Ōsaka, Japan) connect the actuation units
to anchor points at the waist, anchored to the belt, and guide
the tendon-driven transmission. Assistive forces are conveyed
from the actuation stages to the user's thighs through arti�cial
tendons (black braided kevlar �ber, KT5703-06, maximum
load of 2:2 kN, Loma Linda, CA, USA). These tendons
are distally attached to textile thigh harnesses through 3D
printed anchor points. Two Inertial Measurement Units (IMU,
BNO055, Bosch, Gerlingen, Germany) placed laterally on the
thigh harnesses detect hip joint kinematics and communicate
with the control unit via bluetooth low energy (Feather nRF52
Bluefruit, Adafruit).

The real-time control algorithm operates on the NVIDIA
Jetson Nano microprocessor (NVIDIA, Santa Clara, CA, USA)
running the vision algorithm at20 Hz, and an Arduino MKR
1010 WiFi (Arduino, Ivrea, Italy) managing gait phase estima-
tion and actuator control at100 Hz. The computer vision mod-
ule receives and processes data from a stereophotogrammet-
ric camera (OAK-D Lite, Luxonis, Castel Bolognese, Italy),
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Fig. 2. Computer vision-based control framework. (a) The real-time control framework comprises three layers. The high-level controller simultaneously
operates the computer vision module and the gait phase module. The former analyzes images from a stereophotogrammetric camera (RGB-D camera) using a
geometric modeling (GM) approach to differentiate between level ground (LG), ascending stairs (AS), and descending stairs (DS) based on plane orientation
and interconnection in the captured scene. The latter analyzes kinematic data from the user to estimate the gait phase using adaptive oscillators. The outputs
from these modules are combined at the mid-level to generate an appropriate motor reference trajectory, which is then sent to the actuators at the low-level.
(b) Main steps of the GM-based vision algorithm, example of aggregation of environment classi�cations to determine the �nal class for each individual step,
and modulation of the motor reference position trajectory according to visual and hip motion inputs.

which integrates a monocular RGB camera having13MP
(4208x3120) resolution and maximum frame rate of35 FPS,
and a pair of stereo cameras having480P (640x480) resolution,
a maximum frame rate of120 FPS, and300; 000-point stereo
depth. Placed on the waist belt, the camera captures RGB-
D point cloud images, providing data for each pixel with
both depth and color information. For the control framework,
excluding the computer vision algorithm, MATLAB/Simulink
was employed. The computer vision algorithm, on the other
hand, was implemented using the Robot Operating System
(ROS) and the Point-Cloud Library (PCL).

III. C OMPUTERV ISION-BASED CONTROL FRAMEWORK

The control framework relies on computer vision for real-
time segmentation and classi�cation of the different parts
composing the RGB-D image captured by a stereophotogram-
metric camera (Fig. 2-(a)). In contrast to our previous research
[5] and other works in the current state of the art [7], [11],
[32], we have introduced here physics-informed computer
vision based on geometric modeling (GM) for the detection of
staircases or level ground paths. The algorithm was adapted
from the work of Ṕerez et al. [26], [33] and tailored to suit
our speci�c application of integration into a real-time control
framework for a lower-limb assistive device.
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The real-time control framework hereafter has been tailored
for the hip exosuit described in Section II, but with appropriate
tuning, it can be compatible with other hardware, provided the
assistance pro�le is adjusted according to the targeted lower
limb joint.

The computer vision module operates concurrently with
a gait phase module within thehigh-level controller. The
classi�cations from the high-level controller then tune the
actuator reference pro�le in themid-level controller. Lastly, a
low-level controlleris implemented using a PID to command
the actuators.

A. High-level controller

The high-level controller consists of two concurrent mod-
ules: thecomputer vision moduleand thegait phase module.
The former scans the user's surrounding environment to detect
ascending stairs (AS), level ground (LG), and descending stairs
(DS). Meanwhile, the latter operates in parallel to estimate the
gait phase from the user's motion.

Computer vision module The computer vision module
based on geometric modeling runs different steps starting from
the acquisition of RGB-D point cloud images from the camera
positioned at the waist. Point cloud images bring together for
each pixel the 3D location with respect to the camera and
color information (Fig. 2-(b)).

To manage the substantial data generated, each point cloud
image is reduced in number of points after acquisition. Down-
sampling is performed using a 3D voxel grid �lter [34]. This
�lter divides the point cloud data into a regular grid of cubic
cells called voxels. Each voxel is represented by a single
point, known as the centroid, replacing the original set of
points. The length of each side of the voxel was set to5 cm,
based on a trade-off between ef�ciency and accuracy. After
the downsampling, the point cloud (PC ) image is de�ned as:

PC = f p1; p2; :::; pi ; pn g (1)

where each point in the scenepi is described in the camera
reference with the coordinatesx i , yi , and zi of the centroid
of the voxel as:pi = ( x i ; yi ; zi ).

Once the camera is set in place on the waist belt and
pointing towards the �oor, the computer vision algorithm is
run following the steps described hereafter.

Level ground calibration

As the algorithm relies on identifying geometric features
and the orientation of elements in the scene, the initial step
focuses on calibrating the absolute position of each object
within the image with respect to the relative reference frame
of the camera. The camera coordinate system axes must be
projected onto an absolute reference frame, which correspond
to the orientation of a plane representing the level ground.
The calibration procedure is carried out as the very �rst step
when the computer vision module is turned on, requiring the
subject to stand in front of a scene framing a �at surface at the
level of the user's feet. It takes approximately 5-10 seconds,
depending on the lighting conditions in the environment.

The level ground calibration process involves identifying a
plane that potentially represents a �at surface and �nding the
rotation matrix to transform the relative reference frame of
the camera to the absolute one. This is achieved through the
RANSAC algorithm [35], which segments the point cloud im-
age data using the Sample Consensus (SAC) random sampling
model through the following key steps:
(a) Random sample selection: a set of points is randomly cho-

sen to form an initial plane, with a minimum dimension
set to150 points.

(b) Estimation of the plane model: the equation of the plane

Ax + By + Cz + D = 0 (2)

is computed based on the selected data points.A, B ,
and C represent the directional coef�cients of the plane
and form the normal vector~n = ( A; B; C ), which is
orthogonal to every vector in the plane.D denotes instead
the distance along the perpendicular between the origin of
the camera frame and the �oor along the y-axis. To opti-
mize computational ef�ciency, given the camera's waist-
level positioning, the algorithm focuses on data positioned
beyond70 cm along the y-axis.

(c) Determination of consensus set: the distance from each
point to the estimated plane is calculated, and only points
falling within a speci�ed threshold (chosen as2 cm, ap-
proximating half of the voxel size) are recognized as part
of the consensus set.

(d) Iterative process: the described procedure is iterated for a
prede�ned number of iterations, set at100.

(e) Selection of the best model: the ultimate outcome is the
plane model with the most extensive consensus set.

Once a good plane candidate is identi�ed, the transformation
matrix between the absolute reference frame and the relative
of the camera is computed as follows:

T =

0

B
B
@

cos� � sin � cos� sin � sin � 0
sin � cos� cos� � cos� sin � � D

0 sin� cos� 0
0 0 0 1

1

C
C
A (3)

where� is the angle of the rotation around the z-axis (Rz ) and
� is the angle representing the rotation around the x-axis (Rx ).
The values of these two angles can be obtained by imposing
that the vector~n, normal of the plane, is parallel to the y-axis
of the camera.
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1
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(4)

with ~y = (0 ; 1; 0).

Real-time geometric modeling-based classi�cation

After calibrating the level ground, the system becomes op-
erational for the user. During usage, the algorithm progresses
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by identifying elements in the scene that can be classi�ed as
stairs, approximated by planes oriented differently with respect
to ground. To this purpose, the following steps are performed:

1) Calculation of normal vectors:A framework based on
Principal Component Analysis (PCA) is used to estimate the
normal vectors~ni to each pointpi and a number of neighbours
k, set to 20 in our algorithm (Fig. 2-(b)). The process of
�nding the normal to a point on the surface is treated as an
approximation of determining the normal for a plane tangent to
the surface. The solution relies on analyzing the eigenvectors
and eigenvalues derived from a covariance matrix created
using the nearest neighbors of the query pointpi . To be more
speci�c, for each pointpi , we construct the covariance matrix
Cov according to the following equations:

Cov =
1
k

kX

n =1

(pi � p) � (pi � p)T (5)

Cov � ~vj = � j � ~vj ; j 2 0; 1; 2 (6)

Here,p denotes the 3D centroid of the nearest neighbors,� j

represents thej th eigenvalue of the covariance matrix, and~vj

corresponds to thej th eigenvector. In order to align all the
normals~ni with respect to the viewpointvp (i.e., origin of the
camera), the subsequent condition must be met:

~ni � (vp � pi ) > 0 (7)

Fig. 3. Experimental protocol.The experiment consisted of ascending a stair-
way composed of ten consecutive ramps of stairs (1), walking on level ground
(2), and then descending back to the starting point (3). This sequence was
repeated three times under distinct conditions: with the exosuit deactivated,
with the exosuit activated but the computer vision module deactivated, and
with the exosuit activated and the computer vision module active.

The output surface curvature� is also estimated as a relation-
ship between the eigenvalues of the covariance matrix as:

� =
� 0

� 0 + � 1 + � 2
(8)

2) Region growing method:The subsequent phase employs
the region-growing segmentation technique [36] to partition
a point cloud image into coherent clusters, leveraging local
surface characteristics. The algorithm yields a set of clusters,
with each cluster representing points considered part of the
same smooth surface. This algorithm's operation is rooted
in the comparison of angles between the normals of points.
It initiates by designating a “seed”, identi�ed as the point
with the minimum curvature� , and subsequently expands
the region towards neighboring points demonstrating minimal
normal deviation (threshold� th = 6 � ) and similar curvature
values (thresholdcth = 0 :5). Points in close proximity that
meet speci�ed normal and curvature thresholds are marked
as new seeds, and this iterative process persists until the
region reaches its maximum expansion. Other initial param-
eters include a minimum cluster size of30 points and a
minimum number of neighbors set at16. The initial set
of point clouds with associated normals is then determined,
applying a smooth constraint condition that considers the angle
between the normals of the current seed (ns) and its neighbors
(np), expressed as:

knp � nsk > cos(� th ) (9)

being � th the angular deviation threshold.

3) Planar assessment:After obtaining the set of regions,
the objective is to characterize their geometric attributes and
con�rm their planar nature. This stage employs the RANSAC
algorithm, considering each region independently and deriving
the equation for the predominant plane (as detailed in thelevel
ground calibrationstep). Subsequently, the process involves
calculating the distance between every point in the point cloud
within the designated region and the corresponding plane. The
purpose of this computation is to assess whether the distance
is below a speci�ed threshold value, denoted asdth = 4
cm. If the computed distance falls below this threshold, the
individual point is identi�ed as an inlier. After labeling each
point accordingly, the percentage of points marked as inliers is
compared to the total number of points. If the points associated
with the plane constitute the majority percentage (surpassing
80%), the region is classi�ed as planar.

4) Plane classi�cation: After identifying the planes, the
subsequent task involves classifying their orientation as either
horizontal, vertical, or frontal, based on their alignment with
respect to the level ground orientation (Fig. 2-(b)). This
classi�cation is crucial for recognizing steps, which can be
conceptualized as a combination of a horizontal and a frontal
plane, adhering to speci�c height-to-step ratio criteria. To
ascertain the orientation of each plane, the angle
 between the
normal vector of each identi�ed plane (~npl = ( A; B; C ) from
Eq. (2)) and the normal of the level ground is computed. This
computation is essential to assess whether a plane is nearly
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Fig. 4. Accuracy of the GM-based vision approach(a) Average accuracy
depicted for each class (AS, LG, and DS) across subjects during theVision
Oncondition. The confusion matrix displays true classes as rows and predicted
classes as columns, where correct and incorrect classi�cations are represented
by diagonal and off-diagonal cells, respectively. Bar plots show the mean
classi�cation accuracy and standard error of the mean (s.e.m) for each class.
(b) Classi�cation accuracy during transitions, where misclassi�cations were
identi�ed as LG (central column). This indicates that transitions to and from
LG were frequently classi�ed as LG, either prematurely or belatedly. (c)
Demonstration of how the motor reference position trajectory adjusts along
the pathway in response to scene detection for every step of a participant
under theVision Oncondition. Misclassi�cations are denoted by red dots.

normal, utilizing an angular threshold ofT
 = 15 � . The angle

 is calculated as:


 = arccos(~npl � ~y) (10)

In this context,~y denotes the unit vector along the y-axis,
while ~npl represents the normal vector of the plane. When the
angle 
 approaches0� , planes are categorized as horizontal;
conversely, if it approximates90� , planes are classi�ed as
vertical.

5) Level ground and stairs classi�cation:Once the orien-
tation of planes in the scene is classi�ed, it is possible to
discriminate between level ground and stairs, either ascending
or descending.

For horizontal planes, a distance parameter threshold of
H ref = 8 cm is implemented to determine whether a plane is
in close proximity to the level ground in terms of Euclidean
distance according to calibration measurements, thereby classi-
fying it as level ground (LG). Otherwise, planes are designated
as candidate steps.

If the identi�cation process yields at least one candidate
step, the following checks are performed in sequence:

(i) Step candidate identi�cation:The subsequent assess-
ment focuses on the evaluation of the heights (H k ) of
horizontal planes with respect to the reference heights
(H ref). Generally speaking, a step can be conceptually
modeled as consisting of two elements: the tread, rep-
resenting the horizontal surface where the foot rests,
and the riser, denoting the vertical distance traversed
by the step, characterized by horizontal and frontal
planes respectively. In this study, the criteria employed to
de�ne step dimensions adhere to international standards
[37], specifying a maximum height limit for a step of
approximately20 cm. Considering measurement noise, a
tolerance margin is incorporated, resulting in an overall
height limit of Hmax = 24 cm. The following condition
is then checked:

Si = f Rk j k~nk � ~yk = 0 ; jH k j � H ref)g (11)

Here, Si denotes thei th step candidate,Rk is the
analyzed region,~nk is the normal to this region, and~y
is the level ground normal unit vector as per calibration.
The termk~nk � ~yk = 0 indicates that the plane of the
step candidate is parallel to the level ground, which is
essential for ensuring that the step's orientation is con-
sistent with the ground reference. Within the algorithm,
the step heightH k is determined by they-coordinate of
the centroid transformed into the �oor reference frame
using the transformation matrixT in Eq. (3). Speci�cally,
if the step height value exceedsH ref, it indicates that
the step is suf�ciently high to be categorized as a step
up, and thus, it becomes a candidate for ascending stairs
(AS). Conversely, if the step height is lower than the
negative value of the minimum height� H ref, it signi�es
that it is low enough to be considered a step down,
and consequently, it is included among the potential
descending stairs (DS).

(ii) Step connectivity test:Steps can be reliably distinguished
from certain objects due to their consistent exhibition
of a connection between planes, indicating the pres-
ence of common points within a certain distance. To
execute the connectivity test, the kD-tree algorithm is
employed [38]. Once LG is established, the algorithm
proceeds to identify valid step candidates meeting height
requirements and connected to LG. Speci�cally, if a
plane satis�es height conditions within the range of
H ref and Hmax, connectivity with the LG is assessed
using a neighbor search with parameters de�ning the
search radiusr n = 50 cm and the minimum number
of neighbors to considernn = 5 . If the plane is
connected to LG, it is identi�ed as a potential �rst step.
The analysis then involves evaluating planes within a
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minimum distance from the identi�ed step's plane (H step)
to assess their connectivity. Connected planes undergo
merging. Conversely, two planes at similar heights that
are not connected are interpreted as the possibility of
having two distinct steps. The detection choice remains
conservative, selecting one candidate between the two.
Speci�cally, once the connection with the �oor is ensured
for both planes, the one with the higher point cloud
density is chosen.

(iii) Step validation:Before reaching a �nal classi�cation
decision, candidate steps undergo validation based on
their dimensions. Speci�cally, steps are characterized
by a horizontal rectangular surface with dimensions
lwidth � l length and a vertical rectangular surface with
dimensionslwidth � lheight, establishing a connection be-
tween the horizontal plane and the level below. The
boundary where these two surfaces intersect is denoted
as the step's edge. The computation of these parameters
relies on determining the directions for width, length,
and vertical dimension at each step. These dimensions
are considered principal and are determine again through
PCA. The �rst component corresponds to the highest
eigenvalue (width,z� ), the second component to the
second highest eigenvalue (length,x � ), and the third
component to the lowest eigenvalue (vertical,c� ). To
simplify the estimation of step dimensions, focus is
placed on the primary directions, namely width and
length, given the negligible dimensionality of height.
A two-dimensional plane identi�ed by the RANSAC
algorithm is chosen, where all points from a speci�c level
are projected. This enables a concise representation of the
points enclosed within a bounding box with dimensions
precisely mirroring the width and depth of the step.
More precisely, this bounding box can be de�ned as a
rectangular entity, with its sides traversing the points of
minimum and maximum coordinates along the principal
directions, running parallel to these directions. As a
result, the necessary dimensions can be computed as:

lwidth = z� max � z� min (12)

l length = x � max � x � min (13)

The vertical dimension is determined by calculating the
distance along the y-axis between the centroids of the
plane identi�ed as LG and that of the potential step:

lheight = cystep � cyLG (14)

Step candidates are then validated by comparing them to
baseline dimensions about length, height, and the sum of
both. If the validation is positive, the candidate steps are
�nally classi�ed as ascending (AS) or descending (DS)
according to their initial identi�cation.

Upon classifying all elements in the scene, a criterion is
implemented based on the user's distance from the candidate
plane, evaluating its centroid along the z-axis. This method-
ology is guided by the assumption that the next step intended
by the user is likely to be in the near proximity of classi�ed
elements with respect to further ones.

Gait phase moduleThe gait phase module acts in parallel
to the computer vision module. The user's gait phase dur-
ing locomotion is estimated in real-time from the hip joint
kinematics (recorded by two IMUs) through theadaptive
oscillators (AOs) algorithm presented in [5], [39]. The hip
�exion angle of each leg� (t) is reconstructed as a sum of
three sinusoids, indicated aŝ� (t):

�̂ (t) = � 0(t) +
3X

n =1

� n (t) sin(' n (t)) (15)

Amplitude � n (t), phase' n (t), frequency! (t), and offset
� 0(t) are continuously estimated through an error-driven ap-
proach via the functionF (t) = � (t) � �̂ (t):

_� 0(t) = �F (t) (16)

_� n (t) = �F (t) sin(' n (t)) (17)

_' n (t) = ! (t) � n + � '
F (t)
P

� n
cos(' n (t)) (18)

_! (t) = � !
F (t)
P

� n
cos(' 1(t)) (19)

Gains� , � ' , and� ! were set respectively equal to5, 20, and20
based on preliminary trials for convergence performance. The
fundamental phase' 1(t) guides the estimation of the user's
gait phase. It is �rst normalized in the range [0 2� ) radians
and then shifted according to a corrective factor to align the
beginning of each step with a value of0 radians:

' 0
1(t) = mod( ' 1(t); 2� ) (20)

� (t) = mod( ' 0
1(t) +

Z
E  ! (t)e� ! ( t )( t � t m ) ; 2� ) (21)

wheretm are the time instants where the hip �exion angle is
maximum and andE  de�ned as below:

E  =

(
� ' 0

1(tm ) �  (tm ); if 0 � ' 0
1(tm ) < �

2� � ' 0
1(tm ) �  (tm ); if � � ' 0

1(tm ) < 2�
(22)

B. Mid-level controller

The mid-level controller dynamically tailors assistance lev-
els for each leg by combining classi�cation data from the
computer vision module and gait phase information from the
gait phase module.

To enhance robustness, results of classi�cations in the pre-
vious step are aggregated with a “majority-voting” procedure
to determine the �nal class within each step performed by
the user (Fig. 2-(b)). Speci�cally, from the gait phase module,
the temporal points denoted ast i , representing the stance and
swing phase of the previous step and the stance phase of the
current step, are identi�ed. These instants are used to aggregate
classi�cation outcomes and deciding the de�nitive class for the
corresponding swing phase to assist.

8
><

>:

CAS =
P N AS

n =1 nAS 8 t i with class AS
CLG =

P N LG
n =1 nLG 8 t i with class LG

CDS =
P N DS

n =1 nDS 8 t i with class DS

(23)
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whereCAS , CLG , andCDS are counters indicating the times
that the respective class was predicted (nAS , nDS , nLG ) at
each time stamp (t i ) de�ned as above. The class with the
highest counter value is then chosen and considered the �nal
predicted class for the subsequent swing of the current step.
The three counters are then reset to zero.

Finally, the outcome is a reference motor position trajectory
designed to create an assistance pro�le during the swing phase
of each leg, with amplitude adjustments based on the �nal
scene detected in front of the user. This motor reference
trajectory, denoted as� r (t), is formulated as follows:

� r (t) =

8
><

>:

GAS sin(� (t) � � ) if AS
GLG sin(� (t) � � ) if LG
GDS sin(� (t) � � ) if DS

(24)

Within this formulation,GAS , GLG , andGDS serve as gains
for adjusting the amplitude of� r (t) based on the classi�cation
at each step (i.e., AS, LG, and DS), as shown in Fig. 2-(b). The
�ne-tuning of these gains was guided by preliminary trials,
incorporating kinematic considerations such as the relative
change in hip �exion pro�les during swing in the three
scenarios [40].

At last, the �nal actuator reference motion,� ref(t), is ob-
tained from� r (t) after cubic spline interpolation and sent to
the low-level controller.

C. Low-level controller

The low-level controller is designed as a PID, where
� ref(t) is compared to the motor angular position� m (t) read
by the motor encoder within a closed-loop position control
framework. The resulting output is then transformed into a
motor angular velocity command. The closed-loop position
control here inherently adjusts the torque output of the actuator
according to the load applied (i.e., the weight of the leg),
delivering assistance that is personalized to the user without
manual intervention or calibration.

IV. EXPERIMENT AND DATA COLLECTION

Six healthy participants were recruited to assess the ef�cacy
of the outlined control framework. The demographic details
of the participants encompassed 2 males and 4 females, with
an average age of26:0 � 2:1 years (mean� SD), a weight
of 59:5 � 9:6 kg, and a height of168:8 � 6:3 cm. Prior to
beginning the experiments, all participants provided informed
consent by signing consent forms. The research procedures
adhered to the principles of the Declaration of Helsinki and
received approval from the Ethical Committee of Heidelberg
University (resolution S-313/2020).

Participants were instructed to walk along a path, encom-
passing ten consecutive stair ramps (totaling111 stairs, each
120x18x26 cm) and level ground walking, for a total of220 m.
The experiment entailed ascending to the top of the stairs,
walking on the level surface, and then descending back to
the starting point in that order. This sequence was repeated
three times under distinct conditions: (a) exosuit deactivated
(Exo Off); (b) exosuit activated with the computer vision

module deactivated (Vision Off); (c) exosuit activated with the
computer vision module active (Vision On). The distinction
betweenVision Off and Vision On lies in the modulation of
gains according to Eq. (24) for the latter, while the former
condition applied the same gain to all three equations: i.e.,
GLG representing an intermediate case.

To mitigate fatigue effects,20 min rest was provided be-
tween trials, and the order of conditions was randomized
across subjects. To standardize participants' walking pace, au-
dio cues were delivered at regular intervals (i.e.,60 bpm/min)
through a portable speaker, prompting them to follow the cues
as accurately as possible.

Oxygen and carbon dioxide consumption data were col-
lected using a portable gas analyzer (K5, COSMED, Rome,
Italy) to assess metabolic energy expenditure. Prior to initi-

Fig. 5. Assistive torque.Mean motor torque pro�le (thick line) and standard
deviation (shaded area) across steps throughout the gait cycle for a represen-
tative subject for the AS, LG, and DS path segments. Additionally, bar plots
display the average peak motor torque across steps and subjects for the three
path segments. The blue represents results for theVision Off condition, while
the yellow for theVision On. With Vision On, there was a signi�cant increase
in assistive peak motor torque during stair ascent and a signi�cant decrease
during descending stairs. * p< 0.05.
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Fig. 6. Hip kinematics.(a) Mean hip angle pro�les as percentage of the step duration (solid lines is the mean, shaded area is the standard deviation) and range
of motion (ROM) averaged across steps and subjects.Vision Off (blue) andVision On(yellow) conditions resulted in a signi�cant increase in hip joint ROM
during level ground (LG) and descending stairs (DS) segments compared toExo Off (white). (b) Mean hip velocity pro�les, including peak velocities during
swing and stance phases, and movement smoothness (SPARC).Vision Off and Vision Onconditions led to signi�cant changes in positive peak velocities
during swing and negative peak velocities during stance phases compared toExo Off. Movement smoothness remained unaltered across conditions and path
segments. * p< 0.05.

ating the trial, the metabolic cost during quiet standing was
recorded over a4 min period of time.

Classi�cation data was recorded for all subjects during the
Vision On condition along the path. The path was further
segmented by participants using an external switch to store
the true class for each segment for accuracy assessments.

Hip angle data was recorded for kinematic evaluations. Such
data was exclusively collected for the left leg during the exper-
iment for computational ef�ciency. This choice was based on
the assumption that recruited participants were healthy, and
no notable differences between the left and right legs were
expected, as supported by our previous studies [5], [39], [41].

V. DATA ANALYSIS

A. Accuracy of the GM-based vision approach

The primary outcome to evaluate the performance of the
computer vision module relies on the real-time prediction of
the �nal class within each step. We assessed classi�cation
accuracy by calculating the percentage of correct predictions

coming from the “majority-voting” procedure (Eq. (23)) within
each gait cycle relative to the overall number of classi�cations.
Correct predictions were determined by comparison with the
true class from the external switch used to segment the path.

Given that scene transitions are crucial for determining
performance, we further evaluated the accuracy of classi-
�cation at the edge of two different scenes in our path.
We speci�cally examined transitions between stairs and level
ground according to the composition of our experimental path
(i.e., AS to LG, LG to DS, DS to LG, and LG to AS). This
analysis was centered around accurately predicting the new
environment of the very �rst step during a transition, aiming
to ascertain the detection of scene changes.

B. Assistive torque

To compare the impact of the computer vision module
on the provided walking assistance to a scenario without
vision assistance modulation, we examined the peak torque
and pro�les at the motor for each step along the three path
segments. By design, and to meet the hip joint assistance
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requirements across the three walking modes [40], the assistive
torque is expected to be higher during AS, similar during
LG, and lower during DS when the CV module (Vision On)
is enabled compared to when it is not (Vision Off). Motor
torque data was normalized based on subjects' leg weight
(approximated as0:161w, beingw the body weight [42]), and
segmented into time-normalized gait cycles. Peak motor torque
during the AS, LG, and DS path segments was extracted for
each step and subject under both theVision Off andVision On
conditions.

C. Hip kinematics

Kinematic assessments were conducted on hip angular po-
sition and velocity pro�les. In previous studies by the authors,
we had demonstrated that the exosuit did not interfere with
users' natural physiological motion [5], [12], [39], [41]. The
kinematic analysis here aims to con�rm that the introduction
of context aware modulation, driven by computer vision,
similarly does not alter the suit's behavior or restrict the users'
kinematic patterns. Raw IMU data underwent segmentation
into steps post low-pass �ltering, utilizing a4th order Butter-
worth �lter with a cut-off frequency of10 Hz, and were then
time-normalized as a percentage of the gait cycle. The effects
of the Vision Off and Vision On conditions relative toExo
Off were examined in terms of range of motion (ROM), peak
velocities, and movement smoothness. Movement smoothness
was quanti�ed using the Spectral ARC length (SPARC) index
applied to the norm of hip angular velocity [43].

D. Metabolic cost of transport

Oxygen and carbon dioxide data were analyzed to estimate
the energy ef�ciency of walking for theExo Off, Vision Off,
and Vision Onconditions for the three path segments. Quite
standing data from the last two minutes were averaged to com-
pute the mean cost at quiet standingQS. Then, metabolic data
recorded during the trial for each condition were segmented
according to the different parts of the path (AS, LG, and DS).

Data were analyzed in terms of cost of transport (CoT) in
order to account for walking speed deviation from the audio
cue provided to subjects. The net metabolic powerP was
�rstly estimated using the Ṕeronnet and Massicotte's equation
[44], then subtracted byQS, and normalized by the product
of the weight of the subjectw, the gravitational acceleration
g, and the average walking speed of each path segmentv:

CoT =
P � QS

wgv
(25)

The average walking speed was computed as the covered
distance over the time of the respective segment. As most of
the segments were not reaching the two minutes of time for
steady-state calculation [45], we have �tted the data with a
decaying exponential function to approximate the steady-state
value. This is a practice recognized by literature [46], [47],
which foresees �tting the data with a one-term exponential
model with three �t parameters for each path segmenta; �; c:

CoTF IT (t) = a exp� t
� + css (26)

Here, css represents the value that approximates the steady
state. Goodness of �tting was evaluated through the coef�cient
of determinationR2 and analysis of residuals.

E. Comparative analysis between the GM-based and CNN-
based computer vision controller

As a secondary goal of this study, we aimed to show that the
GM-based approach can achieve performance comparable to
commonly used data-driven methods in the targeted scenario,
while offering greater computational ef�ciency for real-time
algorithm deployment. To achieve this, we conducted a com-
parative analysis of computational ef�ciency, accuracy, and
metabolic bene�ts between the GM-based method in this study
and our previous study [5], which used a CNN-based approach
for the computer vision module at the high-level controller,
following the same experimental protocol. This comparison is
intended solely to evaluate the feasibility and performance of
the GM-based method, acknowledging that the assessment is
limited to a speci�c use case and controlled conditions.

We measured the real-time computational load of both
algorithms running on the microcontroller over a 10-minute
period of environment scanning and classi�cation. Speci�cally,
we evaluated: (i) process RAM usage, (ii) GPU usage, (iii)
CPU usage, and (iv) processing time (i.e., the time required
to classify a single instance).

Instead, accuracy and metabolic outcomes for both methods
were calculated as described in earlier sections.

F. Statistical analysis

For statistical analysis, data distribution was �rstly checked
using a Shapiro-Wilk test. All data resulted normally dis-
tributed. The signi�cance level for all statistical tests was set
at p < 0:05.

Subsequent statistical analysis of the gathered data em-
ployed a linear mixed effects model, utilizing the least squares
regression (MATLAB, MathWorks Inc., Natick, MA, USA).
The model incorporated the “condition” (Exo Off, Vision Off,
Vision On) as dummy-encoded categorical �xed-effect ex-
planatory variable, while the term “participant” was considered
as random-effect variable.

In all graphs, results are presented as mean� s.e.m (stan-
dard error of the mean).

VI. RESULTS

A. Accuracy of the GM-based vision approach

The overall accuracy of the GM-based approach for the
computer vision module across the entire path, averaged across
subjects, was93:0 � 1:1%. Class-speci�c prediction accuracy
was 82:4 � 2:9% for AS, 85:0 � 4:8% for DS, 97:9 � 0:4%
for LG.

Accuracy outcomes are illustrated in Figure 4-(a) with
accuracy presented for each class (AS, LG, and DS), averaged
across subjects during theVision On condition. Results are
depicted through a confusion matrix and bar plot, showcasing
mean accuracy per class and overall accuracy. In the confu-
sion matrix, rows correspond to true classes, and columns



11

indicate predicted classes, with diagonal and off-diagonal
cells representing correct and incorrect classi�cations. The
percentages of correctly and incorrectly classi�ed observations
are displayed relative to the corresponding true class.

Classi�cation accuracy during transitions (Figure 4-(b))
were59:3� 7:8% for the change from AS to LG,60:0� 4:5%
from LG to DS,75:0� 6:2% from DS to LG, and59:4� 6:2%
from LG to AS. The confusion matrix in Figure 4-(b) revealed
that most misclassi�cations were predicted as LG.

Figure 4-(c) presents a demonstration of how the motor
reference position trajectory is modulated along the pathway
in response to scene detection for every step (left leg) of a
participant under theVision Oncondition.

B. Assistive torque

When utilizing the computer vision module in the controller
(Vision On), there was a signi�cant increase in assistive peak
motor torque compared toVision Off when ascending stairs
and a signi�cant decrease when descending stairs.

The results of the assistive torque analysis are depicted in
Fig. 5. The mean motor torque pro�le throughout the gait cycle
is illustrated for a representative subject across the AS, LG,
and DS path segments, with the mean represented by a thick

line and the standard deviation by a shaded area, averaged
across steps for both theVision Off andVision Onconditions.
Bar plots show the average peak motor torque across steps
and subjects for the three path segments.

Speci�cally, for the AS segment, the mean motor torque
peak values across subjects were0:25� 0:01 Nm=kg for Vision
Off and 0:35 � 0:03 Nm=kg for Vision On, representing a
+33:9 � 8:8% difference (p = 0 :002). Conversely, during the
DS path segment, the mean motor torque peak values across
subjects were0:26� 0:01Nm=kg for Vision Off and0:21� 0:02
Nm=kg for Vision On, indicating a� 17:4 � 6:0% difference
(p = 0 :011). No signi�cant differences were observed between
the two conditions during the LG segment.

C. Hip kinematics

The use of the exosuit signi�cantly increased hip joint
ROM during both theVision Off and Vision On conditions
compared toExo Off during LG and DS segments, while
no signi�cant increase was observed during AS. Positive
peak velocities during swing and negative peak velocities
during stance phases showed signi�cant changes in the assisted
conditions compared toExo Off.

These results for the kinematic analysis are shown in Fig. 6.
In panel (a) the average hip angle pro�les across participants

Fig. 7. Metabolic cost of transport(a) Illustration of data �tting during the ascending stairs phase for a representative subject. (b) Average coef�cient of
determination (R2 ) across subjects and segments, along with residuals of �tting. (c) Analysis of CoT across the three path segments (AS = ascending stairs,
LG = level ground, DS = descending stairs) revealing a signi�cant decrease in overall CoT under theVision On(yellow) condition compared toExo Off
(white). Vision Off (blue) led to signi�cant savings compared toExo Off only during level ground (LG) walking. * p< 0.05.
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for the three conditions and path segments are presented, along
with the mean range of motion (ROM).

Speci�cally, during LG, there was a signi�cant increase in
ROM with Vision Off and Vision On compared toExo Off
of +8 :9 � 1:2� (p < 0:01) and +11:4 � 1:4� (p < 0:01)
respectively. Instead, during DS,Vision Off and Vision On
resulted in a signi�cant increase of+3 :1 � 1:1� (p = 0 :013)
and+3 :6 � 1:6� (p = 0 :006) respectively.

Panel (b) of Fig. 6 displays the average hip velocity pro�les
across participants for the three conditions and path segments,
along with the mean hip peak velocities during swing (posi-
tive) and stance (negative) phases and movement smoothness.

During AS, there was a signi�cant increase in positive
peak velocities (i.e., swing phase) with bothVision Off and
Vision Oncompared toExo Off, reaching+36:1� 6:0 � =s and
+27:5� 10:1 � =s respectively (p < 0:01). Conversely, negative
peak velocities (i.e., stance phase) exhibited a signi�cant
decrease only withVision Off, registering� 11:0 � 4:2 � =s
compared toExo Off (p < 0:01). During LG, the positive peak
velocity increased signi�cantly withVision Off (+35:5 � 7:5
� =s) andVision On(+42:1 � 6:9 � =s) compared toExo Off
(p < 0:01), while a signi�cant decrease was observed in the
negative peak velocities withVision Off (� 18:5 � 9:4 � =s)
(p = 0 :012) and Vision On (� 24:4 � 9:7 � =s) compared to
Exo Off (p = 0 :002). Finally, during DS, the positive peak
velocity increased signi�cantly withVision Off of +15:6� 3:3
� =s and withVision Onof +13:1 � 5:4 � =s compared toExo
Off (p < 0:01). Additionally, the negative peak velocities
decreased signi�cantly withVision Off of � 12:7� 2:7 � =s and
Vision Onof � 10:5� 4:3 � =s) compared toExo Off (p < 0:01).

Regarding movement smoothness (SPARC Index), no sig-
ni�cant differences were found across experimental conditions
for each path segment. Furthermore, there were no signi�cant
differences between the two assisted conditions (Vision Off vs.
Vision On) in any of the evaluated kinematic metrics.

D. Metabolic cost of transport

Enabling the computer vision module (Vision On) resulted
in signi�cantly greater metabolic savings on stairs compared
to theVision Off condition.

The results concerning the assessment of the metabolic cost
of transport (CoT) are shown in Figure 7. To estimate the
steady-state consumption of metabolic data, we employed an
exponential model (Eq. 26). The quality of the �t is re�ected
in the coef�cient of determinationR2 and the distribution of
residuals. Figure 7-(a) illustrates an instance of �tting during
the ascending stairs phase for a representative subject, while
Figure 7-(b) exhibits the average coef�cient of determination
across subjects and segments, yielding a value of0:91� 0:01
(mean� s.e.m.). The residuals distribution shows on average
a mean value close to zero, (� 0:002� 0:004), suggesting that
the model predicts well the data.

The analysis of CoT across the three path segments (Fig.
7-(c)) revealed a signi�cant CoT decrease during AS under
theVision Oncondition compared toExo Off, with an average
saving of18:9� 4:1% (p < 0:01). Vision Off did not result in
signi�cant savings compared toExo Off while ascending the

staircase, albeit a diminishing trend was noted (mean saving
of 5:2 � 4:1%, p > 0:05). Savings in theVision Oncondition
signi�cantly differed from Vision Off (p < 0:01).

During walking on LG, both assisted conditions (Vision Off
and Vision On) exhibited signi�cant savings with respect to
Exo Off, with a reduction of14:2 � 3:2% (p < 0:01) and
13:4 � 5:6% (p < 0:01), respectively. No signi�cant changes
were noted in the comparison betweenVision Off andVision
On (p = 0 :89).

Finally, in the DS segment, theVision Oncondition resulted
in signi�cantly lower CoT compared toExo Off, showing an
average reduction of10:1 � 3:6% (p < 0:01). For this seg-
ment, no signi�cant differences were found in the comparison
betweenVision Off andExo Off (4:7 � 4:8%, p > 0:05), nor
in the comparison betweenVision OnandVision Off.

E. Comparative analysis between the GM-based and CNN-
based computer vision controller

GM-based computer vision demonstrated signi�cantly lower
computational load and comparable classi�cation accuracy and
metabolic savings to the CNN-based method.

Table I presents a comparative analysis of the computational
load for the real-time execution of the GM-based computer
vision (CV) approach introduced in this study and the CNN-
based CV approach from Tricomi et al. [5], both evaluated
on the same experimental path. The GM-based method was
signi�cantly more ef�cient in terms of memory consumption
(process RAM usage), using only11:4% of RAM compared
to the CNN's 26:2%. Additionally, the GM-based approach
eliminates the need for GPU utilization, as all computations
are performed on the CPU. This resulted in a CPU utilization
range of76:7% with no GPU usage at all, which contrasts with
the CNN-based approach that fully loaded the GPU at98:8%
while using 26:8% of CPU resources. However, the CNN-
based approach demonstrated a faster inference time, requiring
approximately45:6 ms seconds to classify a single instance,
while the GM-based algorithm took103:5 ms.

Figure 8-(a) presents a direct comparison of classi�cation
accuracy between the GM-based CV and the CNN-based CV
[5], both evaluated under the same experimental protocol.
Both methods achieved over80% accuracy across all three
path segments. Speci�cally, the GM-based approach achieved
accuracies of82:4% for AS, 97:9% for LG, and85:0% for
DS, while the CNN-based method achieved85:6%, 97:6%,
and91:1%, respectively. In environmental transitions, the GM-
based approach outperformed the CNN-based method in the
transitions from AS to LG with59:3% accuracy compared
to 57:1%, from DS to LG with75:0% accuracy compared to
57:1%, and from LG to AS with59:3% accuracy compared to
46:4%. The GM-based method had slightly lower accuracy
only for the transition from LG to DS, achieving60:0%
compared to67:9% with the CNN-based method.

Figure 8-(b) compares the metabolic CoT results along the
paths across the two studies. In the AS and LG segments,
the two approaches provided comparable metabolic bene�ts
to users, with average reductions of18:9% versus19:6% for
AS, GM-based and CNN-based controllers respectively, and
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13:4% versus14:7% for LG. However, in the DS segment,
the CNN-based approach achieved slightly greater metabolic
savings, with reductions of17:1% compared to10:1% with
the GM-based method.

Process
RAM
usage [%]

GPU
usage
[%]

CPU
usage
[%]

Processing
time [ms]

GM-based CV 11.4 0 76.7 103.5

CNN-based CV 26.2 98.8 26.8 45.6

TABLE I
COMPARATIVE ANALYSIS OF THE COMPUTATIONAL LOAD

Fig. 8. Comparative analysis between GM-based and CNN-based computer
vision (a) Overall accuracy and accuracy across transitions for the GM-based
computer vision module (yellow) presented in this work and the CNN-based
module presented in Tricomi et al. [5] (grey). (b) Cost of transport results
presented as mean (center of the bubble) and s.e.m (radius of the bubble) for
the participants (average weight of59:5� 9:6 kg and a height of168:8� 6:3
cm) evaluated in this study (yellow) and in Tricomi et al. [5] (grey, average
weight of 60:9 � 13:7 kg and a height of169:0 � 9:9 cm).

VII. D ISCUSSION

The transition towards context aware control in wearable
assistive robotics signi�es a paradigm shift aimed at over-
coming the inherent limitations of current assistive devices.
These limitations are mainly referred to the challenges of
effectively adapting assistance across diverse tasks, such as
transitioning between level walking and stair climbing, where
their effectiveness is frequently compromised [3], [4].

Building upon this principle, in Tricomi et al. [5], our
previous work, we integrated a computer vision layer into the
control framework of our hip exosuit based on data-driven

methods. In the aforementioned study, the computer vision
module relied on the use of a Convolutional Neural Net-
work (CNN) to classify images captured by an RGB camera.
This classi�cation process was achieved through training with
a large dataset comprising 10,500 images. This integration
demonstrated for the �rst time the superior bene�ts of mod-
ulating assistance through visual cues, thereby enhancing the
suit's ef�cacy across various environments.

The aim of this contribution was to showcase the feasi-
bility of integrating a computer vision algorithm for walking
assistance modulation based on a physics-informed approach,
offering a possible solution for context aware control that is
more computationally ef�cient and independent of training
examples. This algorithm is based on geometric modeling
(GM) of the elements captured by an RGB-D camera to infer
plane orientations, interconnections, dimensions, or compo-
sition. The only preliminary step required is a calibration
procedure to determine element orientations relative to the
reference frame of the camera at the outset (as detailed in
Section III.A). However, this step takes less than 10 seconds,
after which the system is ready for use.

To the best of our knowledge, this study represents the
�rst instance of integrating such an algorithm into a wearable
robotic suit, addressing the research question of providing
assistance adaptation through visual inputs. Our hypothesis
suggests that integrating this algorithm into a wearable robotic
suit enhances assistance adaptation across various locomotion
modes and tasks. Additionally, we hypothesized that the GM-
based approach could produce results comparable to conven-
tional data-driven methods for the task at hand with reduced
computational load for real-time embedded deployment. While
the current study results support the �rst hypothesis, the
second hypothesis is explored through a comparative analysis
with our previous work, as discussed below.

A. Comparable accuracy results to data-driven CV ap-
proaches with reduced computational load

To assess the performance of the GM-based CV controller
module relative to a conventional data-driven method, we
replicated the experimental conditions from our previous study,
Tricomi et al. [5], which utilized a CNN-based CV approach.
The primary goal of this comparison was to assess the perfor-
mance of the presented method as an alternative more ef�cient
solution operating independently of training data. Although
based on a single laboratory trial, given the consistency of
the experimental protocol and considering the independence
of the vision module from individual subjects, we believe this
comparison holds value and remains informative.

As shown in Table I, the GM-based CV presents a more
resource-ef�cient alternative to the CNN-based method, espe-
cially in the context of real-time embedded applications, where
reducing hardware complexity and memory usage is crucial for
optimizing system performance. The GM-based method uses
substantially lower memory consumption (less than half the
RAM required by the CNN-based approach) and eliminates
the need for GPU resources entirely, as all computations are
performed on the CPU. In this setup, the GM-based method
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processes point cloud data from stereo cameras directly on
the CPU, which makes it an ideal solution for systems where
GPU availability or power constraints are limiting factors. This
characteristic opens the door to using simpler and more cost-
effective hardware.

However, it is important to recognize that the CNN-based
approach offers clear advantages in scenarios that demand
high processing speed. Neural networks are inherently well-
suited for GPU acceleration, and this is re�ected in the faster
inference time per class in the CNN-based system. Despite
this, the slower processing time of the GM-based method does
not pose a challenge for the speci�c application discussed
here. In our case, only one class prediction is needed per
step (e.g., approximately every 500 ms at common walking
speed), meaning the actual required sampling frequency is
aligned with the duration of a single step. For this reason,
predictions made within each step need to be aggregated into
a �nal result as explained in Section III.B. Consequently, the
GM-based method remains highly suitable for real-time use
while also bene�ting from lower hardware complexity and
reduced resource consumption.

As depicted in Figure 8-(a), the classi�cation accuracy along
the path employing the GM-based computer vision yields
competitive outcomes compared to our previous implemen-
tation. The overall classi�cation accuracy for all three path
segments consistently remains above80% for each class with
both methods. While accuracy for the ascending stairs and
level ground segments is comparable between the two studies,
the GM-based method shows a slight reduction in accuracy
for the descending stairs segment compared to the CNN-
based approach. Nonetheless, it is important to highlight that
sporadic misclassi�cations pose no danger to the user, as our
soft system allows for easy backdriving compared to tradi-
tional rigid exoskeletons. This ensures that users still receive
assistance, albeit slightly higher or lower, if misclassi�cation
occurs.

Regarding classi�cation accuracy during environmental
transitions, our study achieved higher accuracy in three out
of four transitions (AS to LG, DS to LG, and LG to AS)
compared to the previous approach. The only exception was
the transition from LG to DS, where slightly lower accuracy
was observed. We attribute the improved performance of the
GM-based method in transitions to its use of depth information
from the stereo camera and its consideration of the user's
immediate surroundings in the �nal scene classi�cation.

Comparison of results with similar literature beyond our
previous work were limited by the scarcity of studies that have
implemented and tested assistance modulation on wearable
assistive devices, particularly those that go beyond conceptual
implementation or solely test the vision algorithm. Most
existing literature primarily evaluates vision algorithms in iso-
lation with limited real-time embedded integration into robotic
systems. For instance, Zhang et al. [20], [48] developed an en-
vironmental feature recognition system using CNNs to extract
depth information from 2D images for lower-limb prosthetic
control, achieving less than 5% estimation error indoors. Their
approach, however, depends on an IMU sensor for calibration
and requires an extensive training phase to ensure accuracy.

While direct performance comparisons are challenging due to
differences in hardware and testing environments, our method
offers a more streamlined solution by eliminating the need for
additional sensors and bypassing a training phase, facilitating
easier and faster deployment. Kurbis et al. [49] also presented
a large-scale automated stair recognition system, based on
CNNs, that recognizes indoor and outdoor stair environments.
Their model includes a labeled class for transitions and reports
an accuracy ranging from 86% to 94% on transitions between
Level Ground (LG) and Ascending Stairs (AS), depending on
the dataset size (25,000 to 400,000 images per class). Although
our classi�cation results may appear lower, it is important
to note that our approach does not rely on labeled transition
classes. Instead, our system classi�es the elements in the scene
based on their proximity to the user, prioritizing those closest.
We would like to clarify that the accuracy �gures reported in
our work re�ect the �nal classi�cation outcome following a
majority voting procedure that aggregates classi�cations across
the previous step and the stance phase of the current step
at the mid-level controller. This process reduces the system's
“effective” sampling frequency to the one of the single step
compared to the raw classi�cation output of the vision module.
As a result, the reported accuracy re�ects the decision-making
process over multiple frames, rather than the instantaneous
classi�cation accuracy of each frame.

We acknowledge that the generalizability of our approach in
unmodeled scenarios requires further evaluation, as data-driven
methods with suf�cient training could potentially achieve
higher accuracy. However, we believe that the reduced compu-
tational load, ease of deployment, and seamless integration of
our method into a complete control strategy provide signi�cant
practical advantages.

B. Assistive torque modulation via GM-based CV allows
higher metabolic savings

The modulation of assistive torque enabled by the context-
aware controller, as evidenced by the analysis in Fig. 5,
showcases the effectiveness in dynamically adjust hip �exion
assistive torques provided to users compared to a condition
without modulation. As reference for results interpretation, we
remind that in theVision Off condition, the assistive torque
was con�gured to an intermediate level, which corresponds to
optimal assistance for walking on level ground. By modulating
the reference motor position trajectory according to environ-
ment detection (as shown in Fig. 2-(b)) there was a signi�cant
increase in peak motor torque during stair ascent (+34%) and
a decrease during descent (� 17%) compared to theVision
Off condition. This modulation aligns with the physiological
demands of hip �exor muscles during these tasks, where higher
torque production is more relevant during stair climbing due
to the primary engagement of hip �exors in lifting the legs and
advance the body upwards [50]. Conversely, during stair de-
scent, other lower-limb muscles, such as the hamstrings, play
a larger role in controlling forward movement and decelerating
the body [51], hence hip �exion assistance is less required in
this task.

The signi�cance of such assistance modulation on user
bene�ts is underscored by the effect on metabolic results (Fig.
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7-(c)). In the current literature, the metabolic cost of walking
is widely regarded as the gold standard for assessing the
effectiveness of wearable robotic devices [52]. Speci�cally, the
Vision Oncondition during stair climbing (ascending and de-
scending) demonstrated signi�cantly higher savings compared
to Vision Off, which did not show, instead, a notable reduction
in the metabolic cost of transport. Signi�cant reductions of
approximately19% during ascent and10% during descent
were observed with respect to the unassisted condition (i.e.,
Exo Off). Conversely, theVision Off condition only yielded
metabolic savings on level ground (approximately14%), with
no signi�cant differences compared toVision On (saving of
13%). This was indeed expected given the consistent behavior
of the controller for this class.

The absence of signi�cant differences betweenVision Off
and Vision On during stair descent could be attributed to
lower classi�cation accuracy in this segment, resulting in
misclassi�cations primarily in the level ground class (Fig.
4-(a)). This led to subjects receiving higher assistance than
necessary for a few steps (15% of cases), possibly requiring
increased effort to counteract the extra torque. On the other
hand, misclassi�cations in the level ground class during ascent
resulted in a reduced assistive gain, which could be viewed
as a more favorable scenario compared to descent, as the
assistance provided was not optimal but also not excessive.
Improving classi�cation accuracy for the descending stairs
segment should be a focus of future work.

Nevertheless, theVision Oncondition in DS was the only
one of the two assisted conditions to achieve a signi�cant
metabolic reduction compared to theExo Off condition, in-
dicating the necessity of such modulation to provide superior
bene�ts.

Figure 8-(b) presents a comparison of the metabolic cost
of transport results obtained in this study using the GM-
based computer vision algorithm, in contrast to the CNN-
based approach detailed in [5]. This comparison serves as
an illustration of the consistent results achieved through the
methodology described in this study with respect to the use
of a data-driven approach (CNN-based). While this metric is
subject-speci�c in contrast to classi�cation accuracy results,
we believe that the �ndings remain informative due to the
recruited subjects sharing similar demographic characteristics.
In this study, participants had an average weight of59:5� 9:6
kg and a height of168:8� 6:3 cm, whereas in the CNN-based
study, subjects had an average weight of60:9 � 13:7 kg and
a height of 169:0 � 9:9 cm. In the AS and LG segments,
the GM-based controller resulted in comparable outcomes in
terms of metabolic bene�ts provided to users. While, in the
DS segment, it appears that our previous CNN-based approach
yielded slightly higher savings potentially due to a higher
classi�cation accuracy from the CNN-based method for this
speci�c class, as previously discussed. However, it is important
to note that de�nitive conclusions regarding metabolic evalu-
ations cannot be drawn, as direct comparisons with the same
participants in both experiments should be conducted.

C. Unrestricted natural motion

When assessing hip joint movements, we observed no
limitations in the natural range of motion for participants in
both assisted conditions compared to the unassisted condition.
In fact, our evaluations indicated a signi�cant increase in
average hip range of motion (ROM) and peak velocities across
the path segments (see Fig. 6). These signi�cant increases in
ROM practically amounted to approximately+10 � during LG
and+3 � DS, similarly scaled to the change in peak velocities.
These changes indicate that while movement was not notably
altered, it was not hindered either.

Importantly, these changes remained consistent across both
the Vision Off and Vision On conditions, indicating that the
integration of computer vision for modulation does not alter
natural motion while providing additional metabolic bene�ts
than a static controller.

D. Practical remarks and future directions

The discussed control strategy offers numerous possibilities
for diverse applications. By re�ning the computer vision
algorithm, assistance can be expanded to various scenarios. For
instance, the algorithm could be adapted to identify obstacles
in a scene rather than just staircases. This adaptation holds
signi�cant potential, particularly in the �eld of wearable as-
sistive technologies aimed at improving human mobility in un-
structured environments. For instance, such technology could
aid individuals in navigating through crowded or cluttered
spaces, enabling smooth and safe movement in challenging
surroundings. We consider the option of incorporating this
additional feature in a future iteration of our work to further
enhance the effectiveness of assistance provided to users in
real-world scenarios.

While our study provides valuable insights into the ef-
fectiveness of the GM-based computer vision algorithm in
enhancing walking assistance, certain limitations should be
acknowledged. Notably, the vision algorithm in its current
implementation operates under the assumption that steps in a
staircase are interconnected and conform to speci�c geometric
shapes and dimensions. This means that the algorithm may
not perform as well with staircases that deviate from these
assumptions, such as those with irregular shapes or steps
that are not connected by vertical planes. In contrast, a data-
driven approach, if trained on a diverse set of scenarios,
could potentially offer better generalization to various staircase
con�gurations and unmodeled step geometries [53]. However,
we emphasize that the geometric constraints of our current
model can be readily adjusted or relaxed to improve the algo-
rithm's �exibility and accommodate a broader range of stair-
case designs. Evaluating the algorithm's performance in real-
world scenarios, particularly if relaxing modeling conditions,
is crucial to fully understand its effectiveness across diverse
environments. Additionally, the study involved a relatively
small number of participants (n= 6 ) and was conducted within
a controlled laboratory environment. The limited sample size
may impact �ndings generalization to a broader population.

Moving forward, future work should focus on addressing the
identi�ed limitations. Conducting experiments with a larger
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participant cohort will enhance the statistical robustness of
the �ndings and allow for a more nuanced evaluation of
the algorithm's performance across different user pro�les.
Moreover, transitioning from lab-based experiments to real-
world testing, with diverse environmental conditions, will val-
idate the algorithm's practical utility. Incorporating additional
features into the algorithm, such as obstacle detection, can
broaden its applications, making it more versatile in assisting
users in various scenarios.

VIII. C ONCLUSIONS

This study demonstrated the promising potential of inte-
grating a GM-based computer vision algorithm into wearable
robotic suits for walking assistance modulation. By lever-
aging geometric principles, the presented approach offers
good accuracy, effective assistive torque modulation, with low
computational requirements. These �ndings underscore the
signi�cance of integrating physics-informed computer vision
in augmenting human mobility and highlight the importance
of exploring innovative algorithms and methodologies in this
�eld. Looking ahead, further research and development efforts
should focus on re�ning and expanding the capabilities of such
algorithms, exploring real-world applications, and ultimately
advancing the integration of wearable assistive technologies to
enhance human performance and quality of life across diverse
scenarios and populations.
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