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Gaussian Process-driven Hidden Markov Models for Early Diagnosis of
Infant Gait Anomalies

Luis F. Torres-Torres, Jonatan Arias-Garcia, Hernan F. Garcia,
Andrés F. Lopez-Lopera, and Jesus F. Vargas-Bonilla

Abstract— Gait analysis is critical in the early detection
and intervention of motor neurological disorders in infants.
Despite its importance, traditional methods often struggle to
model the high variability and rapid developmental changes
inherent to infant gait. To address these challenges, we propose
a probabilistic Gaussian Process (GP)-driven Hidden Markov
Model (HMM) to capture the complex temporal dynamics of
infant gait cycles and enable automatic recognition of gait
anomalies. We use a Multi-Output GP (MoGP) framework to
model interdependencies between multiple gait signals, with
a composite kernel designed to account for smooth, non-
smooth, and periodic behaviors exhibited in gait cycles. The
HMM segments gait phases into normal and abnormal states,
facilitating the precise identification of pathological movement
patterns in stance and swing phases. The proposed model is
trained and assessed using a dataset of infants with and without
motor neurological disorders via leave-one-subject-out cross-
validation. Results demonstrate that the MoGP outperforms
Long Short-Term Memory (LSTM) based neural networks in
modeling gait dynamics, offering improved accuracy, variance
explanation, and temporal alignment. Further, the predictive
performance of MoGP provides a principled framework for
uncertainty quantification, allowing confidence estimation in
gait trajectory predictions. Additionally, the HMM enhances
interpretability by explicitly modeling gait phase transitions,
improving the detection of subtle anomalies across multiple gait
cycles. These findings highlight the MoGP-HMM framework as
a robust automatic gait analysis tool, allowing early diagnosis
and intervention strategies for infants with neurological motor
disorders.

I. INTRODUCTION

Gait analysis is a fundamental tool for evaluating and
diagnosing motor neurological disorders, particularly in pe-
diatric populations [1]. Accurate evaluation of infant gait
patterns can provide critical insights into neuromotor devel-
opment and facilitate early intervention strategies [2]. With
the advancement of motion capture technologies and the
integration of artificial intelligence (AI) in healthcare, there
is a growing interest in developing automated systems to
recognize abnormal gait patterns [3].

Previous research has extensively explored various tech-
niques for automatic gait analysis, including traditional sta-
tistical methods, machine learning algorithms, and biome-
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chanical modeling. In particular, machine learning ap-
proaches such as Support Vector Machines (SVMs) [4],
Hidden Markov Models (HMMs) [5], and Neural Networks
(NNs) [6] have been employed to classify and predict gait
abnormalities. Deep learning models, particularly Convo-
lutional Neural Networks (CNNs), have shown significant
promise in capturing spatial-temporal features of gait data
[7], [8]. Additionally, studies have used Gaussian Processes
(GPs) to model gait dynamics due to their probabilistic nature
and flexibility [9], [10].

Despite these advancements, challenges remain in model-
ing infant gait data’s complex temporal dynamics and inter-
dependencies. Existing models often struggle with the high
variability and rapid developmental changes characteristic
of infant gait [11]. Moreover, many approaches focus on
single-output predictions and do not adequately capture the
correlations between multiple gait parameters [4]. This limi-
tation underscores the need for more sophisticated modeling
techniques capable of handling multi-dimensional outputs
and accounting for intricate relationships between different
aspects of movement.

This study proposes a novel application of Multi-Output
Gaussian Processes (MoGP) to model and recognize abnor-
mal gait patterns in infants with motor neurological disor-
ders. Using their flexibility and probabilistic framework, we
aim to capture gait data’s temporal dynamics and interrelated
signals effectively. Our approach involves extracting key gait
signals, constructing a composite kernel to model complex
patterns, and implementing a multitasking framework to
account for inter-signal correlations.

The proposed method offers several advantages. It quan-
tifies uncertainty through probabilistic predictions, accom-
modates multiple outputs simultaneously, and can model
nonlinear and nonstationary patterns prevalent in gait data.
By addressing the limitations of previous studies, our work
contributes to an advancement in the field of automatic
gait analysis. It can potentially improve early diagnosis and
intervention strategies for infants with neurological motor
disorders, ultimately enhancing patient outcomes [12], [13].

Our main contributions are as follows:

e We introduce a MoGP framework for modeling multi-
dimensional infant gait data, capturing temporal dynam-
ics and interdependencies between gait parameters.

o We design a composite kernel combining different ker-
nels to model complex gait patterns accurately.

o We validate our approach through experiments on real-
world infant gait databases, demonstrating improved



performance over traditional single-output models.

The rest of this paper proceeds as follows. Section II
presents the proposed MoGP framework, including the com-
posite kernel design and multitask formulation. Section III
discusses the results, highlighting the model’s performance in
capturing gait dynamics and recognizing anomalies. Finally,
Section IV concludes the paper by summarizing key findings,
discussing clinical implications, and outlining future research
directions.

II. METHODOLOGY
A. Data Acquisition and Pre-processing

Kinematic gait data were collected from 80 participants,
including 59 infants with motor neurological disorders (e.g.,
Cerebral Palsy, Down Syndrome, Autism, and rare diseases)
and 21 typically developing infants as a control group. The
data consists of three-dimensional displacement vectors rep-
resenting joint movements during gait cycles, recorded at T'
time points per cycle with a motion capture system sampling
at 30 FPS. The dataset is denoted as X € RVN*TXD  where
N = 80 is the number of infants, 7" = 400 represents time
points, and D = 3 denotes spatial dimensions. We used
synchronized cameras, OpenPose [14] estimated 2D joint
positions, which were triangulated with Pose2Sim [15] to ob-
tain 3D joint trajectories. Moreover, data were preprocessed
with a low-pass Butterworth filter to reduce noise, statistical
imputation to correct joint estimations, normalization to
minimize inter-subject variability, and temporal alignment to
account for differing gait cycle durations.

This study focused on the y-axis (vertical displacement)
due to its clinical relevance in detecting gait abnormalities,
such as altered knee lifting or hip displacement, which
are key indicators of pathological gait. Analyzing vertical
dynamics highlights these features while minimizing less
significant lateral and forward. The six gait signals are then
concatenated to form a vector-valued function:

§
l l T l
v = [0, O, 1O, w0, 00 0]

where ¢ € [0,1] is the (normalized) time within the gait
cycles, and 38(t), with a € {H := Hip,K := Knee, A :=
Ankle} and b € {r := right,! := left}, is the y-coordinate
gait signal of the joint a viewed from the b side.

B. Multi-output Gaussian Process (MoGP) Model

We consider an MoGP to capture the temporal dynamics
and interdependencies of the gait signals. Loosely speaking,
it defines a GP prior over a vector-valued function y(t):

y() = (), T~ GP(u() k()

where y,,,(+) is the scalar-valued function of the m-th output
for m € {1,..., M} with M € N denoting the number of
outputs. In our case, M = 6. The u(-) and k(-,-) are the
mean and kernel functions of the GP prior.

In practice, the individual terms in the mean function
w1(-) = (m(-))1<m<nr are typically assumed to be constant

ym(°)]

parameters that can be estimated within the MoGP frame-
work. Hence, the kernel function k(-, -) is crucial in defining
prior beliefs about the target functions. In this study, we
adopt the multi-output kernel introduced in [16], which is
based on the intrinsic model of coregionalisation (ICM):

Emoms (8,8) = cov (Ym (8), Ym: (') = B ke (¢, 1), (1)

where B = (B m/)1<m,m’/<M 1s a coregionalisation matrix
that defines the correlations between different outputs. We
design the kernel k;(-,-) based on expert knowledge to
account for the gait behaviors observed in Figure 1. We adopt
the following customized composite structure:

ki(t,t") = kper(t, ) + ksg(t,t') 4+ kwmac(t, 1), 2

where kper(+,-) is a periodic kernel, ksg(-,-) is the Squared
Exponential (SE) kernel, and kwu(:,-) is the Matérn 3/2
kernel. Next, we present the expressions for these three sub-
kernels and justify their selection.

Periodic kernel: This kernel is used to capture the peri-
odic behaviors in the gait cycles, and is given by

2 sin2 (zrltftw) )
NP ]

kper(t, 1) = aper exp ( »
Per

with p > 0 the period length parameter.

SE kernel: This kernel is considered to model smooth
global gait variations. It is the most widely used in GP
frameworks and is given by:

(t—t)?
202, )

Matérn 3/2 kernel: It targets local non-smooth variations
in the gait cycles, and is given by

ka(tt)_aMm<1+\f |> (\[|t_t|)

gMat EMat

kSE(t, t/) = UgE exp (—

2 2 2
The parameters (op,,, 05, Onpe) a0 (Lper, UsE, Ovar) are

the variances and the length-scales, respectively, of the sub-
kernels discussed above. Along with the coregionalisation
coefficients in B, they are optimized via maximum likeli-
hood [16], using the gait signals from all subjects.

C. Anomaly Detection via Hidden Markov Model (HMM)

To detect abnormal gait patterns, we ap hed an HMM to
each Ankle joint signal, o*) = (T) T, predicted
by the MoGP. Note that the superscrlpt notatlon is used here
because functions are treated as discrete signals in HMM
models. Considering both signals allows for the capture
of bilateral gait dynamics. The HMMs here targets the
probabilistic modeling of the gait phases:

S = {s1, $2, 83, S4} = {normal stance, normal swing,

abnormal stance, abnormal swing}.

Hence, we consider HMMs with |S| = 4 hidden states.



Ankle Y-Coordinates with Gait Events

Phase Durations: s« ance vs Swing

960

950

940

930

920

Aukle Y Positor

910

900

® R Hee 15« ike

0 R Toc Off

0 50 100 150 200 250 300

Fig. 1.

350 100 0 10 20 30 10 50 60 70

Visualization of Gait Events, Joint Angles, and Phase Durations. The top plots show the y-coordinates of the left and right ankles with markers

for heel strikes and toe-offs, highlighting key gait events. The middle plots show the knee angles for both legs, illustrating the flexion and extension
throughout the gait cycle. The bottom plot presents the phase durations of stance and swing phases for the left and right legs, showing consistency and
symmetry across multiple gait cycles. These visualizations provide a comprehensive view of gait dynamics, supporting the identification of potential gait

abnormalities and aiding clinical assessments.

1) Gait Event Detection: Heel strike and toe-off events
are detected from the MoGP predictions of the Ankle joints:

Heel Strikes : {t; | ya(t;) is a local minimum},

Toe-Offs : {t; | ya(t;) is a local maximum} .

These events can be determined numerically for both signals
in o as the latter are predicted using the MoGP for all
t € [0,1]. We apply signal-processing techniques to identify
these events.

2) HMM settings:

o Initial state probabilities 7. To favor the normal
stance, we set m = [0.6, 0.3, 0.05, 0.05]". This
reflects a higher likelihood of the gait cycle beginning
in the phase s;.

« State transition probabilities A. We design A based
on expert knowledge of gait phase transitions:

0.7 025 0.06 0.0
03 06 00 0.1
025 0.2 05 0.05
025 0.2 005 0.5

It assigns higher (respectively, lower) probabilities to
transitions within normal (resp. into abnormal) phases.
« Emission probabilities P(o*) | s() = s;). As assumed
in the HMM literature, we consider observation likeli-
hoods p(o®) | s = s;) = N (s, X), where p; is
the mean observation vector for state s;, and X is the
covariance matrix that is shared across different states.

A:

3) Model Training and Inference: The HMM parameters
0 = (m, A, (i)1<i<a, X) are estimated via Baum-Welch
Expectation-Maximization (EM) algorithm which seeks to
maximize the likelihood of the observations:

6, = argmax p(O | 6),
)

where O = (0", ..., 0(™) is the sequence of observations.

For inference, the Viterbi algorithm is used to compute the
most probable sequence of the hidden states 51, ... 5(T)
given the observations and the estimated model parameters:

(?1),...,§T)) = argmax p (3(1),...,3(T) | 0,0*) .

s ..,s(T)

4) Anomaly Detection Criteria: Anomalies are identified
by analyzing the estimated hidden states. Time instants
classified as either “abnormal stance” (s3) or ‘“abnormal
swing” (s4) are marked as anomalous segments:

) e {33734}} .

This approach enables the temporal localization of gait
abnormalities, supporting detailed clinical assessments.

Anomalous Segments : {t | 5

D. Numerical Implementation

The multioutput Gaussian process (MoGP) and the hidden
Markov model (HMM) were implemented in PyTorch [17],
using the gptorch [18] and hmmlearn [19] libraries,
respectively. Model optimization was performed using the
Adam algorithm [20], with a learning rate of 7.5 x 1073
to ensure efficient convergence while mitigating the risk
of early stagnation. A weight decay regularization term
was introduced to control model complexity and prevent
overfitting, particularly when handling high-variance gait
data.

The MoGP framework was configured with a composite
kernel structure, incorporating Matérn, Radial Basis Function
(RBF), and periodic components to capture smooth, non-
smooth, and cyclic variations in gait trajectories. The co-
variance structure was formulated within a multitask frame-
work to model interdependencies among joint movements.
The inference process was performed using exact Gaussian
process regression, ensuring analytically tractable posterior
distributions.

For temporal segmentation, the HMM was designed with
four latent states corresponding to distinct gait phases.
The emission probabilities were modeled using Gaussian
distributions parameterized by the MoGP-predicted ankle
trajectories. The Baum-Welch algorithm was employed for
parameter estimation, while the Viterbi algorithm was used
for optimal state sequence inference.

ITI. RESULTS
A. MoGP predictions

The results presented in Figure 2 illustrate the predictive
capabilities of the MoGP model in capturing joint trajectories
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Predicted y-coordinate gait trajectories for the hip, knee, and ankle joints (top to bottom) on both the left and right sides of the body (left to

right) using the MoGP model. The panels show the observations (black markers), and the predictions (solid lines) led by the MoGP model, together with

the 2-standard deviation predictive intervals (shaded regions).

throughout the gait cycle. The model accurately aligns ob-
served and predicted joint displacements across all six lower
limb key points with well-calibrated predictive intervals. The
shaded confidence bands highlight the uncertainty associated
with the predictions, effectively predicting regions where
deviations from the expected gait trajectory occur. This is
particularly valuable for detecting abnormal gait patterns, as
areas of increased uncertainty may correspond to irregular
joint motion.

The performance of the proposed MoGP framework stems
from the model’s use of three sub-kernels, as discussed in
Section II-B. The Matérn 3/2 kernel captures non-smooth
transitions and irregular movements, the SE kernel models
continuous variations, and the periodic kernel captures the
cyclic patterns inherent in gait cycles. The performance
with individual kernels is also reported in Table I, showing
that the MoGP with our customized kernel function in (2)
outperforms the other configurations.

The coregionalisation matrix B enables information shar-
ing across six output tasks, corresponding to key joints
such as the hips, knees, and ankles. This structure enhances
prediction consistency by capturing correlations between
joint movements. For instance, the model effectively reflects
biomechanical dependencies, such as how hip motion influ-
ences ankle movement during different gait phases. Figure 3
shows that the highest correlations are observed between
bilateral joint pairs, particularly at the knee and ankle levels,
reflecting the inherent symmetry of human gait. Moderate
correlations between the hip and knee indicate coordinated
movement within the lower limb. However, lower correla-
tions between the hip and ankle suggest greater independence
in their motion, as expected from biomechanical constraints.
These findings validate MoGP’s ability to capture struc-
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Fig. 3. Coregionalisation matrix B = (B, m/)1<m,m’/<¢ With outputs
sorted as follows: m € {1 : Hip-Right, 2 : Hip-Left, 3 : Knee-Right, 4 :
Knee-Left, 5 : Ankle-Right, 6 : Ankle-Left}. A higher value corresponds
to a higher correlation between the outputs.

tured dependencies within gait kinematics, reinforcing its
suitability for clinical gait analysis and robotic locomotion
applications.

B. Numerical Comparison with LSTM Models

The performance of the proposed MoGP model is com-
pared with a Long Short-Term Memory (LSTM)-based neu-
ral network using five evaluation metrics: Mean Absolute
Error (MAE), Coefficient of Determination (R?) [21], and
average Dynamic Time Warping (aDTW) distance [22], [23].

Table I presents the performance metrics of the MoGP
compared to LSTM models across different configurations.
MoGP with the customized kernel demonstrates superior
predictive accuracy, achieving an MAE of 1.659, substan-



TABLE I
PERFORMANCE COMPARISON BETWEEN MOGP AND LSTM CONSIDERING DIFFERENT SETTINGS. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD.

Metric MoGP LSTM
ksg kper ksg + kper + kmat L=2 H=128 L=5 H=50 L =10, H=50 L =10, H=128
MAE 2.875 5.894 1.659 5.794 6.056 5.984 5.950
R? 0.895 0.583 0.963 0.591 0.553 0.574 0.592
aDTW | 56.982  115.678 34.920 86.995 95.667 90.097 84.306

tially lower than the best-performing LSTM configuration,
which obtained an MAE of 5.794. This implies that MoGP
effectively minimizes prediction errors, providing a more
precise estimation of gait trajectories compared to LSTM.

The R? score further highlights MoGP’s advantage, reach-
ing 0.963 versus 0.591 for LSTM, indicating that MoGP
captures a significantly larger proportion of variance in gait
data. This results in a more robust and reliable representation
of movement dynamics, whereas the lower R? score of
LSTM suggests limitations in generalization, likely due to
the complexity of long-term dependencies in gait sequences
and the challenge of training deep models with limited data.

The aDTW distance evaluates the temporal alignment,
where lower values indicate better alignment between pre-
dicted and actual trajectories. MoGP achieves an aDTW of
34.920, which is 59.8% lower than the best LSTM result
(86.995), confirming MoGP’s superior ability to preserve
the temporal structure of gait patterns. This is particularly
relevant in clinical gait analysis, where precise trajectory
alignment is crucial for detecting subtle abnormalities and
assessing rehabilitation progress.

Overall, the results in Table I demonstrate that MoGP
consistently outperforms LSTM in predictive accuracy, vari-
ance explanation, and temporal alignment. These findings
underscore MoGP’s potential for robust gait modeling and
abnormal movement detection in biomedical applications.

C. Analysis of gait events

Figure 1 illustrates key aspects of gait dynamics, including
ankle positions, knee angles, and phase durations for stance
and swing cycles across time points and gait cycles. The
plotted ankle y-coordinates provide a clear visualization of
gait events, marking heel strikes and toe-offs for both left
and right ankles. These events align with biomechanical
expectations, validating the model’s temporal precision in
identifying critical gait cycle points.

The knee angle trajectories for both legs highlight vari-
ations in flexion and extension throughout the gait cycle.
The close tracking of these angles over time offers valuable
insights into joint coordination, with smooth transitions re-
flecting normal gait patterns. Deviations from these expected
patterns may indicate potential gait abnormalities, which can
be further analyzed using predictive uncertainty measures
from the MoGP model.

The phase duration plots show the distribution of stance
and swing phases across multiple gait cycles. Both left and
right legs exhibit consistent durations, indicating symmetrical
gait. The balance between stance and swing phases is a key

indicator of gait health, and discrepancies in their durations
may signal underlying motor impairments. By breaking down
these phases, the model enables deeper biomechanical analy-
sis, helping clinicians assess abnormal phase transitions, such
as prolonged stance or diminished swing phases.

These results demonstrate the model’s robustness in cap-
turing multi-dimensional gait dynamics. By combining ankle
positions, knee angles, and phase durations, the predictive
outputs provide a comprehensive view of gait patterns,
enabling accurate detection of abnormalities.

D. Analysis of Stance and Swing Phases in Gait Dynamics

Figure 4 provides a detailed visualization of stance and
swing phases for both legs, along with key gait events such as
heel strikes and toe-offs. The ankle y-coordinates are plotted
over time, with markers indicating these critical events. Their
alignment with expected gait patterns verifies the model’s
precision in event detection.

The phase duration plot illustrates stance and swing phase
durations across multiple gait cycles. The results show con-
sistent and symmetric durations between the left and right
legs, an important indicator of healthy gait. The relative
balance between stance and swing phases, typically reflecting
efficient gait mechanics, is well captured, with no observable
discrepancies across cycles. In cases of motor impairments,
such as those caused by neurological conditions, these du-
rations may vary, with prolonged stance or shortened swing
phases serving as indicators of abnormal gait.

These findings confirm the model’s ability to accurately
segment and quantify gait phases. The consistent prediction
of gait events and symmetry in phase durations reinforce
its reliability for clinical gait analysis. Such detailed phase
assessments are crucial for evaluating gait health, detecting
subtle abnormalities, and supporting early intervention in
rehabilitation.

E. HMM-Based Gait Phase Segmentation and Abnormal
Detection

Figure 5 presents the HMM-based phase segmentation
of left and right ankle trajectories, distinguishing between
normal and abnormal gait phases. For each ankle, the model
classifies gait into four states: Normal Stance, Normal Swing,
Abnormal Stance, and Abnormal Swing, with transitions
highlighted over time. The accurate identification of key
events such as heel strikes and toe-offs demonstrates the
HMM'’s ability to capture the cyclic structure of gait, pro-
viding detailed temporal segmentation aligned with biome-
chanical expectations.
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Fig. 4. Stance and Swing Phase Durations with Gait Events. The top
plots display the y-coordinates of the left and right ankles across time
points, with markers indicating heel strikes and toe-offs, essential events
in the gait cycle. The bottom plot illustrates the stance and swing phase
durations for both legs over multiple gait cycles, highlighting the symmetry
and consistency between the left and right legs. These visualizations offer
detailed insights into gait dynamics, providing key metrics for assessing gait
health and identifying potential abnormalities.

HMM-Based Gait Phase Segmentation with Abnormal Detection (Left Ankle)

HMM-Based Gait Phase Segmentation with Abnormal Detection (Right Ankle)

Fig. 5. HMM-Based Gait Phase Segmentation with Abnormal Detection.
The figure illustrates the segmentation of gait phases for the left and right
ankles using a HMM. Four states are identified: Normal Stance, Normal
Swing, Abnormal Stance, and Abnormal Swing, with key gait events such
as heel strikes and toe-offs marked along the trajectories. This segmentation
provides a detailed temporal view of gait dynamics, enabling the detection
of deviations from normal patterns.

From a clinical perspective, the detection of abnormal
phases offers valuable insights into motor impairments,
allowing the identification of subtle gait deviations. The
visualization of normal versus abnormal phases facilitates
early detection of potential gait abnormalities, which is
crucial for children with neurological conditions, such as
those affected by perinatal asphyxia. This segmentation not
only supports personalized clinical assessments but also

informs rehabilitation strategies by highlighting specific gait
deviations (e.g., abnormal stance durations), that may require
targeted intervention. The robust tracking of these phases
over multiple time points confirms the model’s utility for
long-term gait monitoring and intervention planning.

IV. CONCLUSIONS

This paper presents a method for modeling and analyzing
gait dynamics by integrating a Multi-output Gaussian Process
(MoGP) model with a Hidden Markov Model (HMM) for
phase segmentation and abnormality detection. The MoGP
model, which uses a customized composite kernel based on
the sum of the periodic, SE and Matérn 3/2 kernels, accu-
rately predicts joint trajectories and provides well-calibrated
predictive intervals. The HMM segments gait into normal
and abnormal phases, allowing precise temporal analysis of
stance and swing cycles.

The findings of this study demonstrate that the proposed
MoGP-HMM framework effectively captures multidimen-
sional gait patterns, enabling accurate identification of de-
viations associated with motor neurological disorders. By
using a probabilistic framework, the model provides reliable
phase tracking across multiple gait cycles, offering valuable
insights for early diagnosis and rehabilitation planning.

The integration of a composite kernel, designed based on
expert knowledge, enhances the model’s ability to jointly
capture individual joint dynamics and inter-joint correlations.
This allows for robust estimation of key gait events, such as
heel strikes and toe-offs, while maintaining consistent phase
segmentation. The ability to quantify uncertainty strength-
ens the framework’s clinical applicability, providing reliable
decision-making in pathological gait assessment.

From a clinical perspective, accurately predicting nor-
mal and abnormal gait phases enables early identification
of motor impairments, such as those related to perina-
tal asphyxia. The strong alignment between predicted and
observed gait trajectories validates the model’s potential
for real-time monitoring and longitudinal gait assessments.
These results highlight the impact of probabilistic models
in pediatric neurology, supporting the development of data-
driven approaches that enhance clinical decision-making and
facilitate personalized rehabilitation strategies.

Future work will focus on developing a heterogeneous GP
modeling framework that jointly estimates gait patterns and
abnormal behavior by integrating multimodal data sources.
This approach aims to enhance robustness by incorporating
additional biomechanical, electrophysiological, and clinical
markers, leading to a more comprehensive assessment of
motor impairments.
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