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Abstract: The aim of this pilot study was to investigate the feasibility of markerless tracking
to assess upper body movements of children with and without human immunodeficiency
virus encephalopathy (HIV-E). Sagittal and frontal video recordings were used to track
anatomical landmarks with the DeepLabCut pre-trained human model in five children with
HIV-E and five typically developing (TD) children to calculate shoulder flexion/extension,
shoulder abduction/adduction, elbow flexion/extension and trunk lateral sway. Differ-
ences in joint angle trajectories of the two cohorts were investigated using a one-dimensional
statistical parametric mapping method. Children with HIV-E showed a larger range of
motion in shoulder abduction and trunk sway than TD children. In addition, they showed
more shoulder extension and more lateral trunk sway compared to TD children. Markerless
tracking was feasible for 2D movement analysis and sensitive to observe expected differ-
ences in upper limb and trunk sway movements between children with and without HIVE.
Therefore, it could serve as a useful alternative in settings where expensive gait laboratory
instruments are unavailable, for example, in clinical centers in low- to middle-income
countries. Future research is needed to explore 3D markerless movement analysis systems
and investigate the reliability and validity of these systems against the gold standard 3D
marker-based systems that are currently used in clinical practice.

Keywords: machine learning; deep learning; clinical gait analysis; arm swing; posture;
trunk; DeepLabCut

1. Introduction
Human movement analysis is imperative for tailoring evidence-based interventions

in individuals with and without a physical disability [1]. Two-dimensional movement
analysis has been used to assist in clinical decision making for the past decades [2]. This
process, however, requires researchers and/or clinicians to track defined markers on a
frame-to-frame basis using software packages, for example Kinovea [3,4], which is time-
consuming, and trained personnel are needed. In addition, skin markers are not always
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comfortable for individuals, particularly for children with or without disabilities, who
might find them interfering with their normal gait.

Quantitative 2D gait analysis is, however, particularly beneficial in low- to middle-
income countries (LMICs) since it is less expensive and easily accessible. An important
application of 2D movement analysis in LMICs has been in children with physical disabili-
ties, such as human immunodeficiency virus (HIV) encephalopathy (HIVE) [5]. HIVE is
a childhood disability particularly observed in LMICs such as South Africa. Most of the
children who suffer from HIV worldwide (approximately 1.8 million children) reside in
African sub-Saharan LMICs, such as South Africa [6,7]. Most children acquire HIV through
vertical transmission, including the transmission of the virus in utero, at birth, or through
breastfeeding. As it can affect the developing fetal and infant brain, the virus can induce
the neurological complication HIVE [8], which results in an impaired gait pattern [9] and
upper limb function [10]. To improve clinical care for children with HIVE, accessible, af-
fordable and easy-to-use tools are imperative to allow for tailored clinical decision making
in non-specialized, smaller clinical centers in remote, less populated areas in LIMCs.

Recent advances in biomedical engineering have resulted in new techniques based
on deep learning to track body landmarks in simple video recordings. Deep learning
approaches for human body landmark tracking in video recordings typically employ con-
volutional neural networks and pose estimation architectures that process sequential frames
to identify and localize anatomical key points. These models are trained on large datasets
of annotated images to learn hierarchical visual features that represent body parts and their
spatial relationships, enabling them to detect joint positions even under varying lighting
conditions, partial occlusions, and complex backgrounds. The use of this technique includes
a high degree of automation and allows for recordings in a natural environment [8,11].
Cronin described the potential of markerless tracking using neural networks in the field of
human movement science [8]. More recently, DeepLabCut was introduced as a free and
open-source toolbox to track user-defined features in video files [12,13]. A great advan-
tage of DeepLabCut over other pose estimation software packages is that only a limited
number of labeled frames are required to obtain deep neural networks that match human
labeling accuracy [8]. Furthermore, DeepLabCut provides exceptional flexibility with a
user-friendly interface that allows researchers to define custom key points specific to their
research questions, rather than being limited to predefined landmark sets common in
other platforms.

An assessment tool based on markerless tracking of limb movement during gait may
provide a solution for cost-efficient movement analysis in LMICs, especially with a free
and open-source toolbox such as DeepLabCut. Therefore, the current study has several
aims. (1) It is important to investigate the feasibility of markerless tracking during gait in
a population specific to LMICs, such as children with HIVE. (2) We will assess whether
markerless tracking during gait is sensitive to observe expected differences in gait between
children with and without HIVE. (3) Given that previous research has focused primarily
on lower limb function during gait, and no research is available on upper body function
during gait of children with HIVE, we will specifically investigate the differences in upper
limbs between both groups. It is important to note that our previous work showed that
impaired upper body movements can have an effect on gait performance, which could be
related to gait instability, as previously shown in children with cerebral palsy (CP) [14–17].

Based on previous studies on lower limb function during gait, it is expected to also
observe differences in upper body function during gait between children with and without
HIVE. We hypothesize that the arm swing during gait in children with HIVE will show
alterations similar to children with CP, given their supraspinal/cortical neural impairments.
Therefore, the aim of this pilot study was to investigate the feasibility of using DeepLabCut
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to assess upper body movements in children with and without HIVE, and whether these
expected differences could be quantified with DeepLabCut markerless tracking between
children with and without HIVE.

2. Materials and Methods
2.1. Presentation of Preliminary Data

A preliminary part of the data of this article was accepted as a short conference abstract
and presented at the European Society for Movement Analysis in Adults and Children
(ESMAC) Conference [Virtual ESMAC 29th Annual Meeting on 17 September 2020] [authors:
M.M. Eken, P. Meyns, R.P. Lamberts, N.G. Langerak]. Markerless movement tracking using
a machine learning algorithm to assess arm movements during gait in children with HIV
encephalopathy, Gait & Posture 81 (2020) 85–86 [18].

2.2. Participants

This case-control study comprises a subset of a study previously published [19].
Children with HIVE were included based on the following inclusion criteria: (1) diagnosis
of HIVE according to Centers for Disease Control criteria [20]; (2) aged 5 to 12 years;
(3) girls; (4) Gross Motor Function Classification System (GMFCS) [21] level II. Exclusion
criteria were: (1) significant prematurity (birth weight of ≤2.0 kg and/or a gestational
age of ≤35 wks); (2) additional neuromuscular or central nervous system disorders (e.g.,
tuberculosis meningitis); (3) botulinum neurotoxin treatment during the last 6 months;
(4) surgery on the lower limbs during the last 12 months. Typically developing (TD)
children were included and matched based on gender and age. Given the goal of the
current study being to provide a proof-of-concept, a small but deliberate homogeneous
group of children (with fewer possible confounding factors) was recruited, resulting in the
inclusion of only children from one gender (in this case girls).

All the possible risks and benefits were explained to the participants and their care-
givers. Written informed consent was obtained from the caregivers before data collection,
and assent was obtained from the participants. Ethical approval for the study was granted
by the Human Research Ethics Committee of the University of Cape Town, South Africa,
while the study also followed the principles set out in the Declaration of Helsinki [22].

2.3. Assessment Procedures

The movement analyses were conducted in the Neuromechanics Laboratory of the
Central Analytics Facilities, Stellenbosch University, Tygerberg, Cape Town, South Africa,
which is a setting designed for clinical gait analysis using standard lighting with no
interfering daylight changes. All the participants were asked to walk at a self-selected
speed on a 10-m runway. Sagittal and frontal video recordings were obtained using static
Bonita video cameras (sampling frequency: 50 Hz). Only good-quality color videos were
used for the analyses.

Joint poses were tracked with the pre-trained human model of the DeepLabCut toolbox
(ResNet101 [13]) in both sagittal (view on the left-hand side; Figure 1) and frontal plane
(view on the front side). DeepLabCut is a free and open-source toolbox that can be used for
markerless pose estimation in a number of species and behaviors, in different situations
and diverse backgrounds. DeepLabCut is based on machine-learning algorithms with deep
neural networks programmed in Python 3, and pre-trained models are developed both
for humans and other animal species [13]. The following joints and anatomical landmarks
were tracked in the sagittal plane: left shoulder, left elbow, left wrist and left hip; and
in the frontal plane: chin, right and left hip, left shoulder and left elbow. The tracking
of joints and anatomical landmarks was visually inspected. In the case of inaccurate
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marker tracking (pixel accuracy was above the accuracy threshold of 5 pixels), additional
frames were extracted and labeled manually, according to the protocol described by Mathis
et al. [12]. First, outliers were extracted to remove labels with a likelihood below 0.9. Second,
20 frames were extracted from various participants and manually labeled. The data sets of
the original ResNet101 model and additionally labeled frames were then merged, and the
model was retrained until the loss plateaued [12]. No changes were made to the frames
regarding occlusions, motion blur or inconsistencies in frame quality.
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Figure 1. Representation of markerless movement tracking using the pre-trained human model in
DeepLabCut.

The trajectories of joint locations and anatomical landmarks were subsequently im-
ported into MATLAB (R2017b, Mathworks Inc., Natick, MA, USA) and included when the
likelihood was above 0.9. The positions of the markers were used to calculate joint angles
using the cosine rule (Figure 2):

angle (α, β, γ, δ) = acos
a2 + b2 − c2

2ab

The shoulder angle (α) in the sagittal plane (i.e., shoulder flexion/extension) was
calculated as the angle between the line from the mid-shoulder point to the hip marker
and the line from the mid-shoulder point to the elbow marker. The elbow angle (β) in the
sagittal plane (i.e., elbow flexion/extension) was calculated as the angle between the line
from the mid-shoulder point to the elbow marker and the line from the elbow to the wrist
marker. The shoulder angle (γ) in the frontal plane (i.e., shoulder abduction/adduction)
was calculated as the angle between the line from the mid-shoulder point to the elbow
marker and the line from the chin to the middle of the two hip markers. The trunk angle
(δ) in the frontal plane (i.e., trunk lateral sway) was calculated as the angle between the
line from the mid-shoulder point to the middle of the two hip markers and the vertical.
In the formula, a and b represent the segments that form the angle, while c represents
the segment opposite to the angle. The angles were calculated per frame, and the angle
trajectories were subsequently filtered using a Butterworth filter (fc = 10 Hz). Per video,
strides were manually extracted (heel strike to heel strike) along with the moment of
toe-off. After time normalization (0–100% gait cycle), the average trajectories of the three
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strides were calculated per participant. Subsequently, the joint angle trajectories and the
range of motion (ROM) for shoulder flexion/extension, elbow flexion/extension, shoulder
abduction/adduction and trunk sway were determined and compared between children
with HIVE and TD children.
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Figure 2. Representation of the tracked joints and anatomical landmarks (colored dots) for the
calculated joint angles (α: shoulder flexion/extension; β: elbow flexion/extension); γ: shoulder
abduction/adduction; and δ: lateral trunk sway) in (A) sagittal plane and (B) frontal plane. Part (A)
is a modified and updated version of the one presented in Eken et al. 2020 [19].

2.4. Statistical Analysis

The participants’ characteristics were presented using descriptive statistics and indi-
vidual data points. Normality was tested using Shapiro–Wilk tests. Given the small sample
size and as outcomes were not normally distributed, median values and interquartile
ranges (IQR) were determined. Differences in the ROM parameters between the children
with HIVE and their TD peers were investigated using non-parametric Mann–Whitney
U-tests. The joint angle trajectories of the two cohorts were investigated using the open-
source 1-dimensional statistical parametric mapping method (1DSPM) in MATLAB (R2017b,
Mathworks Inc., Natick, MA, USA). This is an open-source statistical method that allows
analysis of continuous biomechanical data (such as joint angles) across an entire time series
rather than at discrete points, enabling the identification of statistically significant differ-
ences between conditions or groups throughout the complete movement cycle. Herewith,
the non-parametric method was applied to compare the joint angle trajectories (vM0.1,
www.spm1d.org: download non-parametric toolbox), and median and IQR of the joint
angle trajectories were calculated and presented in figures (0–100% gait cycle). Significance
was set at p < 0.05 for all statistical analyses.

3. Results
3.1. Participants’ Background

Five girls with HIVE, classified as GMFCS level II, and five TD girls were included in
the study. The participants’ demographics are presented in Table 1. All the children with
HIVE were on antiretroviral therapy.
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Table 1. Demographic characteristics of the participants with HIVE and TD participants.

No.
Age

(Years)
BMI

(kg/m2)
BMI

Category
Videos Included (n)

Sagittal Frontal

HIVE

1 8.3 17.9 normal 3 3
2 10.8 21.7 overweight 3 3
3 10.5 15.9 normal 3 3
4 9.4 18.0 normal 3 2
5 12.8 22.5 overweight 3 3

TD

1 6.8 13.9 normal 3 3
2 7.9 13.6 normal 3 3
3 10.8 17.8 normal 3 2
4 10.8 15.0 normal 3 3
5 8.2 19.5 overweight 3 3

Abbreviations: HIVE, human immunodeficiency virus encephalopathy; TD, typically developing; and BMI, body
mass index.

3.2. Accuracy of Pre-Trained Human Network (ResNet101)

In the frontal plane, the pre-trained human network showed accurate tracking of the
movement without additional training of the network (pixel accuracy below 5 pixels). In the
sagittal plane, the pre-trained human network did not show accurate tracking of the move-
ments. After manually labeling 20 frames and retraining the network (40.000 iterations), the
training loss plateaued, resulting in a training error of 2.8 pixels and test error of 3.1 pixels.

3.3. Arm Swing and Trunk Sway

The ROM per joint angle is reported in Table 2 and shows that the ROM in shoulder
abduction of children with HIVE was significantly larger than TD children. In addition, the
ROM in trunk sway was significantly larger in children with HIVE than TD children. The
ROM for shoulder flexion/extension and for elbow flexion/extension in the sagittal plane
did not show significant differences between children with HIVE and TD children.

Table 2. Range of motion of upper limb movements in sagittal and frontal planes for HIVE and
TD children.

HIVE TD
Median IQR Median IQR p Value

Sagittal plane

Shoulder
flexion/extension (◦) 31.0 [24.4–51.5] 37.2 [25.2–61.8] 0.602

Elbow
flexion/extension (◦) 25.4 [20.1–38.7] 30.7 [24.8–36.1] 0.602

Frontal plane

Shoulder abduc-
tion/adduction (◦) 41.5 [11.1–49.2] 6.5 [4.5–10.4] 0.028 *

Trunk sway (◦) 14.7 [8.5–24.7] 1.9 [1.6–2.9] 0.009 *
* Significantly different: p < 0.05.

The trajectories of the shoulder and elbow angles obtained in the sagittal plane, as
well as the trajectories of the shoulder and trunk angles obtained in the frontal plane, are
presented in Figure 3. Significant differences between the children with HIVE and the TD
children were observed in the shoulder angle in the sagittal plane between 20% and 59%
of the gait cycle (p = 0.004), showing that the shoulder angle of the children with HIVE
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remained in extension, while the shoulder angle of the TD children moved to flexion during
the late stance phase. In the frontal plane, significant differences were observed between
the children with HIVE and the TD children in the shoulder angle (80–93% gait cycle;
p = 0.040) and the trunk angle (44–65% gait cycle; p = 0.004). Children with HIVE showed
significantly more shoulder abduction during the mid-swing phase and lateral trunk sway
during late stance and early swing, while TD children showed overall minimal shoulder
abduction and trunk sway.

4. Discussion
The aim of this study was to investigate the feasibility of using markerless tracking

to assess upper body, including upper limb and trunk, movements in children with and
without HIVE, and whether expected differences could be quantified between children
with and without HIVE. The findings of this study indicate that it is feasible to obtain 2D
joint angles from videos using markerless tracking with DeepLabCut in children with and
without HIVE, and to obtain differences between children with and without HIVE in upper
limb and trunk movements during gait.

This study explored the potential of markerless movement tracking with DeepLabCut
software to use as a tool for clinical gait analysis in LMIC settings. The results of the study
showed that DeepLabCut can successfully be used to obtain 2D gait analysis, which can
save valuable time for clinical research. This observation confirms suggestions made by
Cronin (2021), who described the potential value of pose estimation software packages
for human movement analysis [8]. The implementation of markerless movement tracking
systems in clinical gait analysis can serve as a useful alternative in settings where expensive
gait laboratory instruments are unavailable, particularly in LMICs. In many clinical settings
in LMICs, there are no resources available (too expensive) for 3D gait analysis systems,
while resources are often limited, and only 2D gait analysis systems are available in high-
income countries as well.

It is important to note that the pre-trained human model (ResNet101), without ad-
ditional manual labeling of frames, did not achieve sufficient accuracy to track markers
in the sagittal plane, which could be explained by the fact that only children with and
without disabilities were included, instead of adults, suggesting that both children and
specifically children with motor disorders were most likely less or not present in the large
datasets of annotated images to learn hierarchical visual features that represent body
parts from which the anatomical joints are detected. Therefore, for the implementation of
DeepLabCut in clinical settings, researchers are advised to manually label 20–50 frames
with user-identified/user-defined markers specifically applicable for the laboratory and
retrain the ResNet101 model to extract body landmarks from new videos automatically,
especially when being used for pathological patient groups that have most likely not been
included in the training models of the pretrained human model (ResNet101).

In line with our hypothesis, which was based on a clinical study [10], differences
in upper limb and trunk movements between children with HIVE and spastic diplegia
and their TD peers were observed. The results showed that the shoulder movements of
children with HIVE obtained in both sagittal and frontal plane deviated from TD children,
showing more shoulder extension from mid-stance to late stance in the sagittal plane
and more shoulder abduction as indicated by a higher overall ROM, as well as more
abduction during the swing phase in the frontal plane (Figure 3). Trunk sway was also
considerably more pronounced in children with HIVE compared to the TD, showing more
lateral sway at initial contact, early stance and late swing. Both the deviated shoulder
and trunk movements observed in children with HIVE are consistent with upper body
movements that have previously been observed in children with spastic diplegia resulting
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from CP [23], individuals after stroke [24–26] and individuals with Parkinson’s disease, who
show deviations in trunk sway only [27]. These altered movements observed during gait
in individuals with different neuromuscular conditions have been suggested to contribute
to compensating for gait instability by helping to maintain balance, redistribute weight
or adjust for deficits in lower limb control [14–17]. In some cases, excessive trunk sway
or shoulder deviations may serve as a strategy to counteract muscle weakness, impaired
coordination, or reduced proprioception, ultimately influencing overall gait efficiency
and energy expenditure. In addition, several children with HIVE appeared to show two
movements towards shoulder abduction during the gait cycle. These two ‘bumps’ (Figure 3),
which occurred during late stance (around 40% of gait cycle) and late swing (approximately
85% of gait cycle), could be related to the spastic gait pattern, as also shown in children
with spastic CP during gait [28,29]. A double bump pattern in the arm swing during one
gait cycle (i.e., stride) is often seen in the sagittal plane in healthy adults when walking
very slowly [30]. In patients with neurologic disorders, however, this double bump pattern
has been found to be present independent of the gait speed [31,32]. In patients with stroke,
it was found that the group with this altered arm swing coordination during gait showed
a greater level of upper limb impairment (reduced Fugl-Meyer upper extremity score)
and more spasticity in the internal shoulder rotators and elbow extensors, suggesting that
neuromechanical control might be an important factor contributing to the altered arm-to-leg
coordination pattern [32]. This should be further investigated in a larger sample of children
with HIVE and spastic diplegia.
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Figure 3. Joint angles in sagittal and frontal planes presented for children with HIVE (red) and TD
children (green) (thick lines = median; dashed lines = interquartile ranges (1st and 3rd percentile))
over the gait cycle. Parts A and B are modified and updated versions of those presented in Eken et al.
2020 [19].

In this study, the DeepLabCut pre-trained human model (ResNet101) was used [12].
In the frontal plane, tracking the predefined joints and anatomical landmarks was suitable,
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showing sufficient accuracy. One of the limitations, however, was that in the sagittal plane,
tracking accuracy was limited using the pre-trained human model, requiring retraining of
the network with additional self-labeled frames. This could be explained by the pre-trained
human model, which was based on typical adult gait, where, in this study, children with
an impaired gait pattern were included as well as TD children. It is therefore important
to note that additional training, e.g., on frames of individuals with similar conditions
or gait complications, or fine-tuning of pre-trained human models, is necessary before
implementing markerless pose estimation for clinical gait analysis for individuals with
atypical gaits and compensatory upper body movements. Previous research has shown
that manual annotation of key points in human movement is a valid and reliable method in
typically developing populations [33–38]. Furthermore, a recent study showed the validity
of 2D markerless tracking using DeepLabCut compared to gold standard laboratory-based
optoelectronic three-dimensional motion capture to measure joint angles in children [39].
However, to the best of our knowledge, no studies have investigated the reliability and
validity of 2D manual annotation for human movement in individuals with atypical gaits,
which is a limitation of this study. Another limitation of the study was that 2D movement
analysis was used, while 3D movement analysis provides essential information required to
prescribe suitable treatment in clinical settings [1]. Currently, 3D marker-based movement
analysis systems that use stereophotogrammetry methods, such as Vicon, Optotrack and
BTS systems, are acknowledged as the gold standard [40]. However, these systems are
currently expensive, require a dedicated space and need trained personnel to be successfully
employed, which limits accessibility, particularly for LMICs. Three-dimensional markerless
movement analysis systems that use accessible cameras can provide solutions for these
regions specifically. Future research is needed to explore 3D markerless movement analysis
systems and investigate the reliability and validity of these systems against gold standard
3D marker-based systems. However, this comes with its challenges due to different factors,
such as constant updates to deep learning models, occlusion of body landmarks and
segments and high-resolution cameras, which are needed to approach the accuracy of
3D marker-based systems. In turn, these technical developments may also increase the
financial burden of these systems. Another limitation of this study is that only a small,
homogeneous sample of girls was included, which limits the generalizability of the results
presented in this pilot study. Therefore, future research is recommended to include a larger
and more heterogeneous sample of children with and without physical disabilities. This
study does however show that it is feasible to use DeepLabCut to assess upper limb and
trunk movements during gait in children with HIVE and spastic diplegia and provides
novel insights into the arm movements during walking in this population.

5. Conclusions
In conclusion, this pilot study showed that DeepLabCut could serve as a useful alterna-

tive for conventional gait analysis, with several advantages ranging from no dedicated and
expensive laboratory required, more time efficient, no need for highly skilled experts, and
does not affect the individual’s gait. Based on the markerless movement tracking system
DeepLabCut, children with HIVE showed deviations in their upper limb movements and
trunk sway. These abnormalities in upper limb behavior and trunk sway may be related to
strategies to compensate for impaired balance control due to spastic diplegia. However,
future research is needed to assess its validity and reliability.
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