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Instrumental and observational gait analysis are time-consuming and call for adequate operator training.
The instrumental analysis calls for dedicated spaces, whilst observational analysis remains strongly operator
dependant and subtle information may be missed, despite standardized tools can be adopted by clinicians
(i.e., tables with specific features to be looked for in people walking). Markerless motion capture systems,
such as pose estimation software based on convolutional neural networks and machine learning algorithms,
may overcome the limitations of both the described approaches. This article presents a Markerless Automatic
video-based platform for Gait Analysis (MaGA) that, given a predefined clinical tool and starting from the video
recording of a person walking, computes the joint kinematics, identifies gait cycle sub-phases, perform a feature
extraction and disentangles pathological from physiological walking via support vector machine algorithms,
with linear and non-linear kernels.

Results reported linear and non-linear models performances in classifying and predicting severity of gait
alterations at hip and knee joints, according to the Ranchos Los Amigos scale. The Mean Absolute Error ranged
between 0.04 and 0.70 for linear models and was generally lower than 0.50 for non-linear models. F1-scores are
generally above 0.70, with a few exceptions. The analysis of three example cases demonstrate the effectiveness
of the method in evaluating sagittal hip and knee kinematics, highlighting agreements and a few discrepancies
with expert evaluations taken as ground truth.

The proposed platform has the potential to be customized for the automatic assessment of individuals’ gait
based on various clinical evaluation tools, thereby addressing the common limitations associated with them.
Future plans include conducting comprehensive technical and clinical trials to assess the platform’s sensitivity
under varying data collection conditions. Additionally, efforts will be made to establish a broader reference
dataset, encompassing individuals with diverse disorders and varying levels of pathology severity.

1. Introduction spaces and personnel. As an alternative, observational gait analysis

(0GA) calls for video recording of people performing tasks and a clinical

Instrumented Gait Analysis (iGA) is of paramount importance to
objectively quantify motor impairments of people with neurological
and orthopedic disorders, aiming to prevent loss of function [1] and
level the relevant healthcare and rehabilitation costs [2]. Conventional
iGA is performed with stereophotogrammetry and is complemented
with force plates to assess both human motion kinematics and kinet-
ics [3-6]. Its practice is highly time-consuming and calls for dedicated
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expert post-evaluating normal or abnormal patterns in specific phases
of the motor task under analysis [7]. Beside the need for adequate
operator training and a large amount of time to process the videos,
0GA has been questioned for not being systematic, nor able to detect
subtle motion deviations from normal gait [8]. Structured instruments
and guidelines to evaluate videos have been developed to overcome
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these latter limitations, but their validity is still questioned as they:
(i) remain strongly operator dependant; (ii) might call for visual gait
cycle phases segmentation, luckily inducing more evaluation bias; and
(iii) are performed with low to moderate test-retest and inter-rater
reliability [8,9].

Another valid option to monitor individuals’ motor abilities is the
use of markerless (ML) motion capture [10,11]. This approach requires
a video recording of a motion task and a human pose estimation
software, normally based on convolutional neural networks to track
body keypoints [12]. For their peculiarities, ML systems can: (i) be used
both within and beyond clinical settings with no need of specialized
operators [11]; (ii) be considered as low-cost systems [13]; (iii) be free
from stereophotogrammetry-related errors (such as soft-tissue artefact
and marker misplacement due to landmarks misrecognition [14-16]);
and (iv) save time on video-processing, producing timely-effective and
yet reliable results [17,18].

Appropriateness of using ML techniques for clinical gait analysis
has been tested [19-21]. Recently, ML systems were found to be an
effective tool to assess human postural deformities [22,23], and hu-
man joint kinematics during overground walking, although ML-derived
kinematics do not perfectly overlap canonical iGA kinematics [18].

For its potential, ML systems might be the rightful trade-off between
iGA and oGA. Indeed, being able to systematically evaluate human
joint kinematics, ML systems could be used to automatically fill the
0GA scales, avoiding the operator influence and making them objective.
Such an approach would potentially provide clinicians with a powerful
tool to collect unbiased information on individuals motor abilities.

Toward this view, this paper presents a proof of concept for an
automatic markerless low-cost video-based evaluation of a clinical tool
for oGA. Clinical tools for 0GA normally call for the segmentation of
the gait cycle into the stance (St) and swing (Sw) phases, and 8 (or
less) sub-phases [24]. Subsequently, a rater evaluates possible joint
kinematics deviations from what are known to be the normal patterns
in each sub-phase and provide a feedback based on standard sheets
related to the specific tool. To achieve the research aim, we developed
MaGA (Markerless automatic platform for Gait Analysis), a platform
that computes the joint kinematics starting from video recording of
walking, identifies gait cycle sub-phases, and automatically evaluates
pathological from non-pathological patterns.

2. MaGA: Markerless automatic platform for Gait Analysis

A markerless automatic platform to be used for the objective evalu-
ation of patients walking, would call for a number of functional blocks,
independently from the considered clinical scale to be adopted: (i) the
ML system, consisting of a camera and a Human Pose Estimation (HPE)
software; (ii) the approach to estimate the Human Joint Kinematics;
(iii) the algorithm to identify the gait cycle phases, within which
clinicians normally check for coherence of the study case against the
so-called “normal pattern”; and (iv) a block to decide whether the
kinematic pattern can be considered normal or pathological. These
blocks for MaGA are shown in Fig. 1 and presented in details in the
following sections.

2.1. The ML system

MaGA collects motion data through a single-camera ML system,
which consists of a RGB+Depth sensor and a HPE software. The sensor
(an Intel RealSense D415 in the case of study) provides both con-
ventional RGB images and depth information via active stereoscopic
processing. The resolution is set to 848 x 480 pixels for both RGB and
Depth cameras, with sampling rate equal to 60 fps and Field of View
(FOV) 69° x 42°.

The HPE software detects and tracks the main human keypoints into
the 3D space. Those include shoulder, hip, knee and ankle joint centers.
We adopted the OpenPose [25] HPE with Body_25 convolutional neural
network (CNN) (25 keypoints to represent the human body) trained
with COCO [26] and MPII datasets [27].
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2.2. Estimate of human joint kinematics

Differently from the routine practice when dealing with motion
capture data, where points’ trajectories are returned to the end user
as time histories of 3D coordinates, the approach considered in this
paper is the one proposed and verified in [18]. The detailed description
to calculate the planar joint kinematics is given in [18], while a short
description is provided below complemented by Fig. 2.

The trajectories of the keypoints, which are thought to approximate
the joint centers, are mapped onto the camera image plane, resulting
in 2D trajectories. Segments are then represented by lines connecting
the keypoints of the joint of interest and its neighboring joints. Their
relevant kinematics are finally calculated as the one-dimensional angle
in the sagittal plane between two adjacent body segments [18]: a
proximal segment (prox) and a distal segment (dis).

For instance, consider points A, B, and C representing the hip,
knee, and ankle keypoints, respectively. The planar angle at point B
— corresponding to the planar knee flexion/extension — is determined
by constructing the unit vectors along the segments hip-knee (ab) and
knee-ankle (bc¢).

In order to solve the sign ambiguity of the angle computed via the
arccosine function, the proximal and distal segment coordinate systems
were artificially built based on the segment link axes (e.g., the hip-knee
ab link) and the normal to the image plane, computed as the normal
to plane defined by ab and bc. The obtained orientation matrices are
then used to compute the relative rotation matrix between the proximal
and distal segments to the joint, and decomposed using appropriate
Euler/Cardan sequence [28].

Kinematics are then smoothed with a Savitzky-Golay filter (i.e., a
moving window-based smoothing) and resampled to a fixed frequency
equal to 60 Hz. This step is essential to address any potential fluctua-
tions in camera sampling rates. Eventually, kinematics are filtered with
a 4th-order zero-lag Butterworth low-pass filter with a cut-off equal to
6 Hz to remove high-frequency noise and outliers.

It is worth underlying that human joint kinematics calculated with
the described approach and kinematics obtained from canonical 3D
biomechanical models show differences associated both with technique-
specific errors, and differences in bony segment pose definitions and
angle calculation conventions (i.e., the use of 1D angles instead of
Euler/Cardan angles) [18].

2.3. Automatic detection of the main gait events through video segmentation

MaGA implements the identification of gait cycle (GC) sub-phases
as defined in [24,29], which is based on the identification of the foot-
strike (FS) and foot-off (FO) events of gait (Fig. 3). FS and FO divide the
gait cycle in stance (S, from FS to FO) and swing phase (Sw, from FO
to subsequent FS of the same foot). The Algorithm 1 is used to identify
FS and FO events from a video.

The algorithm evaluates the left (L) and right (R) side of a subject
view separately. Since self-occlusions can sensibly reduce the joint
information, the algorithm considers the walk cycle using the subject
side which is faced to the camera.

To be robust to both pathological and physiological walking pat-
terns, the algorithm uses the horizontal coordinate of the ankle (i.e., the
x coordinate of the ankle joint center trajectory) as main feature.
This is smoothed using a 2nd-order Savitzky-Golay lowpass filter, with
a window size of 15 frames (line 1 of Algorithm 1). The x,,,, is
then derived to obtain its velocity, which is filtered again with a 5th-
order Butterworth filter (cutoff frequency set to 2 Hz). Similarly, the
velocity is derived and filtered to obtain the horizontal component of
the ankle acceleration (lines 2 and 3). Candidate instants for FS and FO
events are identified looking for peak values of the acceleration signal
(lines 4 and 5), in combination with acceleration and velocity signs. A
reverse sign of acceleration with respect to the velocity indicates the
ankle is stopping (FS event). Vice versa, when the signs of the two
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Fig. 1. Overview of platform pipeline.

Fig. 2. Segments local coordinate systems built on the keypoints (light blue dots) and
segment links (solid black lines).

signals match, the event is identified as FO (lines 7-27). The algorithm
eventually check for the coherence of the sequence FS-FO-FS instants
(lines 15-29): the first foot-strike, the successive foot-off, and the final
foot-strike that begins a new gait cycle. To do so, the algorithm first
sorts all the FS-FO candidates temporally (line 15). Then, a temporal-
consistency check ensures the FS event is not override by a FO and vice
versa.

If the combination of last remembered foot-strike (FS), last foot-off
(FO) and current point (FS) is temporally coherent, then a 3-elements
cycle (FS-FO-FS) is identified and returned (see Fig. 4).

It is important to note that the platform is modular, allowing the
step segmentation algorithm to be replaced with alternatives depending
on the specific use case. The unique requirement is that the alterna-
tive algorithms must extract the same features as those specified in
Algorithm 1.

Algorithm 1 Automatic gait events detection

Require: n >0
Require: side — L or R
1: x « lowpass(skeleton.ankle.x)

2: v,a « get_velocity(x), get_acceleration(x)

3: p+, p— « peaks(a), peaks(—a)

4: candidates < []

5: for all p in p+ do

6: if (side= L Av[p.idx] <0)V (side = R A v[p.idx] > 0) then
7: append(candidates, [p.idx, F S])

8: end if

9: end for

10: for all p in p— do

11:  if (side = L A v[p.idx] < 0) V (side = R A v[p.idx] > 0) then
12: append(candidates,[p.idx, FO])

13:  end if

14: end for

15: candidates < sort(candidates)
16: FS),, FO,u, cycle < —1,—1,[]
17: for all ¢ in candidates do

18: if ¢ is FO then

19: FO,u < ¢

20: elseif ¢ is FS then

21: if F.S,,,, is too old w.r.t. ¢ then
22: FS) < c

23: end if

24: if FS),y < FOjpy AFO,,, < c then
25: append(cycle,[FS) s, FO,,,c])
26: FSj < €

27: end if

28: end if

29: end for

30: return cycle

2.4. Gait cycle sub-phase identification

Given a foot-strike event at F.S;, a foot-off event at FO,; and the
subsequent strike of the same foot at F.S,,, gait cycle duration (¢5¢),
percentage of stance and swing phases duration over the gait cycle (Pg,
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Source: Adapted from [30].

and Py, respectively) for the ith gait cycle are defined as follows:

t6c = FSip = FS;

_ FO;—FS;
Py, = e (@]
FS;y —FO,
Py = 2210

In normal walking, the duration of stance and swing phase given as
the percentage of the gait cycle duration (Pg, and Pg,,) correspond to
60% and 40%, respectively. Pathological conditions can significantly
alter this proportion.

Stance and swing phases break down in 8 sub-phases [24], as also
depicted in Fig. 3: stance phase — Initial Contact (IC), Loading Response
(LR), Mid-Stance (MSt), Terminal Stance (TSt), and Preswing (PSw);
and swing phase — Initial Swing (ISw), Mid-Swing (MSw), and Terminal
Swing (TSw). These 8 sub-phases are identified by re-scaling their
nominal duration with respect to stance and swing phases to their
subject-specific duration, having considered the FS and FO events to
define them. Algorithm 2 takes as input the three events of the ith
gait cycle (i.e., the initial FS, the closing FS and the intermediate FO),
and the duration of the original phases given as the percentage of the
nominal gait cycle. Each single phase is re-scaled within the macro-
phase it lies in: i.e., IC, LR, MSt, TSt and PSw for the stance phase;
and the ISw, MSw and TSw for the swing phase. The resulting array
contains the new percentage for that ith gait cycle.

2.5. Feature extraction

In order to instruct and train a decision support block, MaGA
calculates a few features comparing the test data with a dataset of
physiological kinematic variables (i.e., a control dataset).

The control dataset consists of data gathered with the same equip-
ment of the present study from eight healthy adults (6 males and
2 females, 28.0 + 3.7 years old, body mass 68.1 + 14.9 kg, height
1.73 + 0.12 m) with no history of traumas or neuropathies, who
walked on a 6 meter long pathway. The control dataset was previously
presented in [18].

Kinematic time history from the test participant (addressed as test
kinematics hereinafter), who the MaGA platform is fed with for its
evaluation, is manipulated to get the portion within each gait cycle

Algorithm 2 Phase re-scaling

Require: FS;, FO,FS,,,phases
1: phases,,,, < []

9 . FO-Fs;
* Prs < FsFS,
3: p, < 0.6

4: for all p in phases do
5. Duew-type < p.type

6 if p.type in [IC, LR, M St, T St, PSw] then
Plsiar
7 Prew-Estart < % X Pns
. pt,
8 Prew-tend < ?nd X Pps
9: else
. P-Istart—Ps
10: Prew-Lstart < Pus T lt,—;v X Pns
. P-lend —Ps
11: Pnew-lend < Pns + 1_—dpY X Pns
12:  end if
13:  append(phases, ., Prow)
14: end for

15: return phases,,,,

sub-phase, identified as previously described. Average, minimum, max-
imum, standard deviation values, range of motion (ROM) and average
slope of the test kinematics are computed in each sub-phase. This set
of features, providing the descriptive statistics of the test kinematics,
are complemented with features describing the closeness and statistical
difference from the reference control dataset.

Test kinematics are compared with the reference curve, obtained
as the grand average from the control dataset, calculating the mean
absolute error (MAE) and looking at the Linear Fit Method (LFM)
coefficients [31]: the scaling factor (scale), the weighted averaged
offset (shift), and the trueness (R?) of the linear regression model
between the test kinematics and the reference curve. A decrease in R?
values shows the presence of time shift between the curves [32].

Test and reference kinematics were also statistically compared,
using the 1D one-sample t-test (« = 0.05) [33,34]. This test is based
on the statistical parametric mapping (SPM), from the Random Field
Theory [35], which is used to analyze statistical differences among con-
tinuous time histories (without reducing the test to summary metrics:
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Fig. 4. Example of position (top plot), velocity (middle plot) and acceleration (bottom plot) of the x coordinate of the left ankle joint.

e.g., maximum or minimum values). This analysis was performed using A Support Vector Machine is a supervised machine learning algo-
the SPM1D open-source package for Python (spm1d.org) and returned, rithm widely used for classification and regression tasks. Its purpose is
among others, the continuous t-value (SPM ({t}), the r-limit (+*), and to determine an optimal hyperplane that separates classes or approx-
the areas where differences were found (p < 0.05). The area under the imates a regression function by maximizing the margin between this
SPM{t > 1"} curve is calculated with numeric trapezoidal integration, hyperplane and neighboring points. SVMs can achieve excellent results
and is used as additional feature to feed the decision support algorithm. for both linear and nonlinear separations and are also robust to outliers.

We tested Linear Support Vector Machines (implemented by
Sklearn? Python library, regularization parameter C = 1), mainly to
assess the significance of the extracted features, and RBF Gaussian

2.6. The decision support model

The extracted features are fed to a machine learning algorithm with
the aim of predicting the likelihood of pathology severity within a
specific gait sub-phase. To this purpose, we chose a Support Vector
Machine (SVM), trained for regression tasks. 2 https://scikit-learn.org/stable/
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Kernel Support Vector Machines (degree = 3, C = 1) to optimize the
accuracy of the results.

3. Materials and methods

3.1. Participants and ethic statement

Ten adults with a confirmed diagnosis of chronic stroke, recruited
at the Rehabilitation Unit of the University Hospital of Verona “Borgo
Roma” participated in this study (7 males and 3 females, 52.4 + 9.5
years old, body mass 71.6 + 11.2 kg, height 1.67 + 0.09 m). Inclusion
criteria comprehended: age greater than 18 years; hemiparesis conse-
quent to first-ever unilateral ischemic or hemorrhagic stroke (subarach-
noid hemorrhage excluded), documented by computerized tomography
scan or magnetic resonance imaging; at least 6 months since stroke
onset; ability to walk independently for at least 20 m, allowing the use
of walking aids such as orthoses or cane. Participants were excluded if
they participated in other trials or suffered from/had: severe cognitive
impairment; other neurological or orthopedic conditions involving the
lower limbs.

All participants read and signed an informed consent before par-
ticipating in the study, which was performed in accordance with the
Declaration of Helsinki and was approved by the Ethics Committee
for Clinical Trials of Verona and Rovigo (Approval number 2320CESC,
04/Dec/2019).

Data gathered from participants of a previous study [18] was con-
sidered as control dataset to build the model and compare the patients’
data with. Briefly, the control group consisted of eight healthy adults (6
males and 2 females, 28.0 + 3.7 years old, body mass 68.1 + 14.9 kg,
height 1.73 + 0.12 m).

3.2. Patients’ evaluation

Participants were instructed to walk back and forth along a straight
line overground, while being recorded by a lateral camera. They trav-
eled a total of 10 walking tracks: 5 exposing the right side to the
recording camera and 5 exposing the left side.

One of the most frequently cited clinical tool for oGA [36] is the
Ranchos Los Amigos (RLA) [24], which calls for the segmentation of the
gait cycle into the 8 sub-phases described in the previous sections [24].
A rater fills the standardized RLA sheet looking for joint kinematics
deviations from the physiological patterns in each gait cycle sub-
phase [24]. The RLA evaluates 38 kinematics features in a binary way
(yes-no). Three of these are associated with trunk motion, 8 with the
pelvis, 6 with the hip and 8 with the knee. Each feature aims to unravel
functional impairments, possibly associated with tendon-muscle tension
or laxity.

Toward the purpose of this study, and considering that RLA inter-
rater reliability has been questioned [8,9], three expert physicians (MC,
AB, GG) inspected the video-recording of walking of the participants
with chronic stroke and filled the relevant RLA sheet. These sheets were
used to train and test the MaGA platform adapted for RLA. Specifically,
each cell of the cumulative RLA sheet was filled with:

+ 0 if none of the experts raised concerns on the considered motion;

+ 1 if one expert classified that observed motion as pathological;

+ 2 if two experts classified that motion as pathological;

« 3 if all three agreed on classifying the observed motion as patho-
logical.

Only gait alterations on the sagittal view were considered in this
research. At least one participants exhibited one of the RLA items,
enabling to build of a multi-class dataset for model training.
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3.3. MaGA training, test and performance analysis

Data from healthy participants and those with pathologies were fed
to the previously described MaGA platform and then used to train the
machine learning models.

As mentioned, two types of SVM-based models were employed. The
first has a linear kernel, allowing the actual use of features for the
final prediction through relevance coefficients. The second model is
a non-linear SVM with a Gaussian RBF kernel, allowing to leverage
non-linearity and better approximate the regression function, possibly
achieving more accurate results. Features have been scaled between the
minimum and maximum values, so as to be ranging between 0 and 1.

Training and test were performed via a k-fold cross-validation ap-
proach, with k = 10. This methodology randomly shuffles and splits the
dataset into k parts. The model is then trained on k — 1 parts and tested
on the remaining one, with the training-test process being iterated k
times. The k-fold cross-validation was chosen as to cope with the high
heterogeneity of the considered dataset (i.e., severity of the pathology
was not the same across participants to allow having diverse RLA sheet
fillings to train and test MaGA). Shuffling the data allows studying
models’ behavior across all cases.

The model returns both the normal/altered pattern of motion and
the likelihood of the alteration on a continuous scale from 0 (i.e., the
only value returning no altered pattern) to 3 (most likely altered
pattern), The likelihood of detecting a movement alteration in a specific
gait cycle sub-phase, hereinafter referred to as likelihood, is manually
labeled considering the three expert evaluations: this is 0 if none of
them would have reported alterations, while it is equal to 1, 2, or 3 if
one, two, or all of them would have reported it.

The outcome of this system can be easily transformed into a classi-
fication task: likelihood tending approaching to 0 equals to the feature
being labeled as normal, and labeled as altered otherwise. To each
feature of the RLA sheet corresponds a model trained to recognize that
specific feature and rate its likelihood.

Goodness of the performed classification as normal/altered walking
of the testing subset was validated using the following metrics:

Accuracy (Acc): the ratio of correctly predicted instances to the
total instances. It is a general measure of model correctness and
is calculated as (TP + TN) / (TP + TN + FP + FN), where TP is
True Positive, TN is True Negative, FP is False Positive, and FN
is False Negative.

Precision (Prec): the ratio of correctly predicted positive obser-
vations to the total predicted positives. It measures the accuracy
of the positive predictions and is calculated as TP / (TP + FP)
Sensitivity (Sens): is the ratio of correctly predicted positive
observations to all observations in the actual class. It gauges the
model’s ability to identify all relevant instances and is calculated
as TP / (TP + FN).

Specificity (Specs): the ability of the model to correctly identify
negative instances. It is calculated as TN / (TN + FP).

F1 score (F1): the harmonic mean of precision and recall. F1
Score is calculated as:

Precision - Sensitivity
Precision + Sensitivity

Fl= (2)

The system ability to predict the likelihood of the identified gait
alteration was evaluated using the Mean Absolute Error (MAE), rep-
resenting the average of the absolute differences between the predicted
and the actual values. Considering the 4 levels returned for alteration
likelihood identification, the ideal upper limit for the MAE is 0.5, mean-
ing that despite the prediction error, the system returns the right value.
As an example, a patient who exhibit a gait alteration in a specific
sub-phase of the gait cycle with likelihood 2 should be classified as
pathological with a likelihood predicted value ranging between 1.5 and
2.5 by the system.
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Table 1
Performances of the Support Vector Machine with the linear kernel built to evaluate
the features of the hip joint kinematics.
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Table 2
Performances of the Support Vector Machine with the non-linear kernel built to evaluate
the features of the hip joint kinematics.

Phase Kinematic feature Acc Prec Sens  Specs F1 MAE Phase Kinematic feature Acc Prec Sens  Specs F1 MAE
LR Flexion Excess 0.91 0.89 0.60 0.98 0.70 0.27 LR Flexion Excess 0.89 0.81 0.64 0.96 0.70 0.29
MSt Inadequate extension 0.91 0.86 0.96 0.88 0.91 0.52 MSt Inadequate extension 0.97 0.95 0.98 0.96 0.96 0.32
TSt Inadequate extension 0.95 0.95 0.94 0.96 0.94 0.60 TSt Inadequate extension 0.95 0.91 0.99 0.91 0.95 0.47
PSw Flexion Limited 0.78 0.82 0.22 0.99 0.33 0.34 PSw Flexion Limited 0.92 0.98 0.72 0.99 0.83 0.28
PSw Inadequate extension 0.71 0.81 0.44 0.92 0.52 0.35 PSw Inadequate extension 0.80 0.82 0.60 0.93 0.69 0.26
ISw Flexion Limited 0.89 0.90 0.79 0.94 0.84 0.54 ISw Flexion Limited 0.88 0.86 0.84 0.91 0.85 0.49
ISw Flexion Excess 0.96 0.82 0.87 0.97 0.82 0.24 ISw Flexion Excess 0.96 0.82 0.89 0.97 0.85 0.21
MSw Flexion Limited 0.88 0.84 0.83 0.90 0.83 0.60 MSw Flexion Limited 0.89 0.79 0.95 0.86 0.86 0.45
MSw Flexion Excess 0.94 0.84 0.70 0.98 0.72 0.22 MSw Flexion Excess 0.97 0.80 0.97 0.97 0.87 0.19
TSw Flexion Limited 0.77 0.81 0.59 0.90 0.65 0.52 TSw Flexion Limited 0.85 0.85 0.77 0.90 0.81 0.41
TSw Flexion Excess 0.90 0.73 0.29 0.99 0.41 0.13 TSw Flexion Excess 0.97 0.94 0.81 0.99 0.85 0.10
TSw Past Retract 0.85 0.08 0.04 0.99 0.05 0.16 TSw Past Retract 0.91 0.80 0.38 0.98 0.49 0.15
Table 3

3.4. Case studies

To evaluate the performance of MaGA in a real-world scenario,
we employed a leave-one-out approach. Specifically, the system was
trained on 17 subjects (9 with pathological conditions and 8 healthy)
out of a total of 18 in our dataset, and tested on the remaining excluded
pathological subject. This procedure was repeated for all pathological
subjects; however, for brevity, we report the results for three represen-
tative cases in the results section. This experimental design enables a
qualitative analysis that is comparable to standard observational gait
assessment.

4. Results

The Tables 1-4 show the performances of both linear and non-linear
machine learning methods in classifying gait alterations at hip and knee
joints, and predicting their likelihood. Tables 1 and 2 pertain to the
hip flexion-extension angle, while Tables 3 and 4 show results obtained
for knee flexion-extension angle. The MAE for the linear model ranged
between 0.04 (Flexion Limited during MSw for the knee) and 0.54
(Flexion Limited during ISw for the hip), with the exception for the
hip Inadequate extension in TSt and Flexion Limited in MSw reaching
a MAE equal to 0.60, and the knee Flexion Excess in LR reaching a MAE
equal to 0.70.

Classification goodness measured by the F1-score is generally larger
than 0.70, with some exception both for hip and knee kinematics.

The non-linear model generally achieved better performances ac-
cording to all metrics, with a MAE always lower than 0.50. The only
exception was the knee Flexion Limited in LR with a MAE equal to 0.53.
Similarly, the F1 was generally larger than 0.49 for the hip, with the
lower limit reached for the Past Retract in TSw; and larger than 0.52
for the knee, with the lower limit reached for the Hyperextended item
in LR.

Figs. 5 and 6 show the coefficients of a Linear Support Vector
Machine trained for the items of hip Inadequate Extension in TSt and
knee Hyperextension in PSw, respectively. The coefficients represent
how important a feature is in the regression calculation. The further
they deviate from 0, the more they influence the result.

4.1. Case studies results

Fig. 7 reports three case examples of MaGA application to the RLA
sheet for the evaluation of sagittal hip and knee kinematics. Likelihood
as estimated by MaGA and as obtained merging the experts’ evaluations
are reported if different from zero in each cell of the RLA sheet. In one
of the examples, the knee Wobbles was not detected as a pathological
feature in LR and MSt as highlighted by one of the three experts. For
the other items in all cases there was agreement between MaGA and
experts, although likelihood was different.

Performances of the Support Vector Machine with the linear kernel built to evaluate
the features of the knee joint kinematics.

Phase Kinematic feature Acc Prec Sens Specs F1 MAE
LR Flexion Limited 0.73 0.68 0.33 0.92 0.39 0.53
LR Flexion Excess 0.83 0.88 0.56 0.96 0.68 0.71
LR Wobbles 0.84 0.33 0.13 0.99 0.17 0.20
LR Hyperextend 0.85 0.67 0.10 1.00 0.18 0.16
MSt Inadequate extension 0.91 0.94 0.83 0.96 0.88 0.59
MSt Wobbles 0.98 0.99 0.91 1.00 0.95 0.10
MSt Hyperextend 0.81 0.88 0.42 0.98 0.55 0.37
TSt Hyperextend 0.97 0.92 0.91 0.98 0.91 0.22
PSw Flexion Limited 0.88 0.79 0.97 0.82 0.87 0.41
PSw Flexion Excess 0.90 0.96 0.52 0.99 0.62 0.21
PSw Hyperextend 0.93 1.00 0.59 1.00 0.74 0.31
ISw Flexion Limited 0.87 0.78 0.93 0.83 0.85 0.44
MSw Flexion Limited 0.97 0.40 0.16 1.00 0.22 0.04

TSw Inadequate extension 0.88 0.84 0.85 0.90 0.84 0.31

Table 4
Performances of the Support Vector Machine with the non-linear kernel built to evaluate
the features of the knee joint kinematics.

Phase Kinematic feature Acc Prec Sens Specs F1 MAE
LR Flexion Limited 0.79 0.72 0.62 0.87 0.65 0.53
LR Flexion Excess 0.90 0.84 0.86 0.92 0.85 0.46
LR Wobbles 0.90 0.83 0.55 0.98 0.65 0.15
LR Hyperextend 0.88 0.81 0.41 0.98 0.52 0.17
MSt Inadequate extension 0.95 0.94 0.95 0.96 0.94 0.36
MSt Wobbles 0.96 0.92 0.87 0.98 0.89 0.09
MSt Hyperextend 0.92 0.94 0.78 0.98 0.85 0.30
TSt Hyperextend 0.99 0.96 0.96 0.99 0.96 0.12
PSw Flexion Limited 0.92 0.86 0.93 0.90 0.90 0.28
PSw Flexion Excess 0.93 0.86 0.80 0.96 0.82 0.16
PSw Hyperextend 0.96 0.94 0.79 0.99 0.86 0.11
ISw Flexion Limited 0.96 0.94 0.96 0.96 0.95 0.24
MSw Flexion Limited 1.00 1.00 1.00 1.00 1.00 0.06

TSw Inadequate extension 0.96 0.95 0.95 0.97 0.95 0.22

5. Discussions

Over the years, gait analysis has been widely recognized as a
valuable tool for quantifying motor impairments in individuals with
neurological and orthopaedic disorders, aiming to prevent loss of func-
tion and level the associated healthcare and rehabilitation costs [1,
2]. However, both instrumented (iGA) and observational gait analy-
sis (0GA) present drawbacks that hamper their daily use in clinical
facilities [7]. As an example, oGA tools have been questioned for
their intrinsic low test-retest and inter-rater reliability [8,9], and the
extensive training an operator would need before applying them.

The purpose of this research was to develop and present a proof
of concept for a low-cost video-based platform (MaGA) to automati-
cally use a clinical tool for observational GA, overcoming the proper
limitations of human observations and training, and possibly paving
the way to a more frequent use of objective and easy-to-use 0GA in
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Fig. 5. Coefficients of the linear support vector machine used for regression of
inadequate hip extension item during the terminal stance phase.

Hyperextend_PSw

<8
Q

I

O

scale 4 .

]

21
T T T

-100 -0.75 -050 -025 000 025 050 075

Fig. 6. Coefficients of the linear support vector machine used for regression of knee
hyperextension item during the pre swing phase.

daily evaluation of people with motor disorders. To be considered
automatic, an instrumental gait analysis system must require minimal
human intervention. Therefore, we have developed a fully automated
platform that covers the entire process from data acquisition to the
compilation of the clinical scale. We have implemented a custom gait
cycle segmentation algorithm, which, through experimental validation,
we found to perform comparably to manual segmentation. The step
segmentation algorithm is replaceable, and using a more accurate
algorithm would possibly produce even more reliable results in the
automatic compilation of the clinical scale. Despite being scalable to
any clinical tool for 0GA, the focus was paid to the application of MaGA
to the Ranchos Los Amigos [24], which is among the mainly considered
tools to assess and rate pathological gait of people [36].

Among the items of the RLA sheet, only sagittal kinematics of the
hip and the knee were tested as paradigmatic examples to pursue
the aims of the present study, as 3D kinematics and those pertaining
to the ankle joints would not be reliably computed by the adopted
Human Pose Estimator [18]. Each cell of the RLA sheet was associated
with a trained machine-learning model based on a Support Vector
Machine (SVM), implemented with both linear and non-linear kernels
to evaluate and classify deviations in joint motion.

The choice of kernel significantly affected the model’s performance.
In general, the non-linear kernel yielded superior results across all eval-
uation metrics, including accuracy, precision, sensitivity, specificity,
Fl-score, and mean absolute error (MAE). Specifically, the non-linear
models achieved MAE values consistently below 0.50 for nearly all gait
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deviations, with only one exception (knee Flexion Limited in LR, MAE =
0.53). In contrast, linear models occasionally exceeded this threshold,
with values reaching up to 0.60 for hip Inadequate Extension in TSt
and Flexion Limited in MSw, and up to 0.70 for knee Flexion Excess in
loading response (LR). These findings suggest that non-linear SVMs are
more effective in capturing the complex separable patterns in kinematic
features associated with pathological gait.

Moreover, F1l-scores obtained with the non-linear models were gen-
erally higher than those obtained with linear models, indicating better
overall classification performance. While linear models showed F1-
scores above 0.70 in most cases, exceptions were observed for certain
gait abnormalities, especially those characterized by low prevalence or
greater inter-subject variability. For instance, the linear SVM showed
poor sensitivity and F1 in detecting hip Past Retract during TSw (F1 =
0.05) and knee Hyperextension in LR (F1 = 0.18), while the non-linear
model improved these metrics to 0.49 and 0.52, respectively.

Importantly, low MAE values are crucial in the context of this
study, where a continuous prediction of the gait abnormality is mapped
onto discrete RLA categories, referred to as likelihood. A MAE larger
than 0.50 implies that the predicted value may fall into an adjacent
class, potentially resulting in a classification shift (e.g., from “normal”
to “mildly altered”) and leading to clinical misinterpretation. Indeed,
having an SVM returning a likelihood equal to 2 for a specific kinematic
feature and with a MAE > 0.5 would mean that the likelihood
could be either < 1.5 or > 2.5, possibly leading to a switch between
normal/altered feature classification when likelihood is equal to 1.
The adoption of non-linear kernels helps mitigate this risk, making the
system more robust and reliable for clinical decision-making.

These results support the use of non-linear SVMs as a preferable
choice when developing interpretable models for automated gait assess-
ment in clinical settings. The stability in performance and reduced error
margins strengthen their potential to provide clinicians with accurate
and quantitative feedback on specific kinematic impairments, fostering
objective decision-making in the rehabilitation process.

The appropriateness of having considered the selected features to
feed the SVM models with was tested by looking at Figs. 5 and 6. It is
easy to observe that inadequate hip extension in TSt reflects a lower
value for the hip extension angle than in normal gait, contributing to
an increase in the average error (MAE) between the normal pattern
and the tested curves. Furthermore, the considered curves will have
different shapes, reflecting in different slopes, thereby affecting min and
shift, with consequent reduction of the correlation index (R?). Similarly,
knee hyperextension during the PSw alters the extension angle value,
changing the slope of the curve in that phase and, consequently, the
R? index, which were found to be the most significant features for the
SVM.

5.1. Case studies

The case studies reported in Fig. 7 show how the MaGA works for
the RLA sheet. Comparing the merged evaluations performed by the
experts on the three participants taken as paradigmatic examples, it is
possible to highlight that MaGA was able to recognize all the items
highlighted as pathological and to not obtain false positives. In one
case, though, MaGA failed to detect the knee wobbles in LR and MSt
as highlighted by one of the three experts. Being the knee wobble an
irregular shuffling of the joint and not a proper kinematics deviation,
this false negative could be avoided considering a more fit capturing of
motion (i.e., considering capture devices that allow video recording at
higher resolution and rate).

It is worth noticing that likelihood as estimated by MaGA does not
match the likelihood calculated by merging the experts’ evaluations,
and it is generally underestimated. Despite being greater than O in
accordance with the experts’ evaluations, MaGA likelihood estimate
needs to be further investigated.
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Fig. 7. MaGA-filled RLA sheet and experts’ RLA evaluation obtained for three participants with chronic stroke for sagittal hip and knee joints. In black the non-relevant cells,
in gray those with least relevance and in white the most relevant cells as provided in [24]. Likelihood, either calculated with MaGA (left hand side), or estimated summing the

experts’ evaluations (right hand side) is reported if different from zero in each cell.

5.2. Study limitations and future perspective

Although the aim of this research was to present a proof of concept
for an automatic markerless low-cost video-based compilation of a
clinical tool for 0GA, it is important to acknowledge some limitations of
the study. First, the small size of the dataset limits the generalizability
of the findings. Since the proposed platform has not yet been validated
for clinical use, further testing on larger and more diverse datasets
is essential before considering any real-world applicability. Moreover,
the evaluation was restricted to sagittal plane kinematics of the hip
and knee, resulting in a partial assessment of the RLA sheet, which
also includes 3D kinematics and ankle joint behavior that could not be
reliably estimated with the current pose estimation approach. Finally,
while a custom gait cycle segmentation algorithm was implemented,
this was not validated, but its performance was only experimentally
verified and found to be comparable to manual segmentation. It is
worth noticing that this component is modular and replaceable, and the
use of more accurate or clinically validated segmentation methods may
further improve the reliability of the automatic compilation process and
should be explored in future developments.

Ultimately, future research should focus on conducting a clinical
trial with the aim of addressing the above limitations. This could

enhance the model training and testing of the MaGA platform on a
broader set of subjects for compiling the RLA sheet. The study pro-
tocol of the clinical trial should encompass a sensitivity analysis of
MaGA to various data collection conditions and camera settings. These
steps would contribute to a more comprehensive understanding of the
platform’s capabilities and reliability in diverse clinical scenarios.

6. Conclusion

The MaGA platform can potentially be adapted to automatically
evaluate people gait according to any observational clinical assessment
tool, overcoming the typical limitations associated with those (i.e, test-
retest and inter-rater reliability). Future perspectives encompass an
extensive technical and clinical trial to test the platform’s sensitivity
to the data collection conditions and define a wider reference dataset,
composed by people with different disorders and pathology severity.
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