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Resumen

La evaluacion clinica de la espasticidad en pacientes que han sufrido ictus depende de la valoracion subjetiva de los especial-
istas. Con el objetivo de cuantificar objetivamente la movilidad articular, este trabajo valida el modelo BlazePose, basado en IA
e integrado en el framework de MediaPipe, para estimar cuatro dngulos articulares del miembro superior. La precision de este
modelo se compara con el sistema de captura de movimiento OptiTrack. Para ello, se ha disefiado un protocolo experimental y
se ha evaluado la abduccién y flexién de hombro, la flexion de codo y la flexion de muifieca. Los resultados muestran que los tres
primeros dngulos alcanzan un coeficiente de correlacién r > 0.94 respecto al sistema de referencia. La abduccién de hombro
obtiene el mejor resultado, con un error medio absoluto de 8, 3° mientras que el codo muestra un sesgo sistematico de +18.9°.
La conclusién principal del trabajo es que la viabilidad clinica de esta solucién estd condicionada a protocolos de calibracién
especificos.

Palabras clave: Medicién y procesamiento de sefiales biomédicas, Imagen biomédica y médica, procesamiento de imagenes,
visualizacidn, Ingenieria de rehabilitacién y prestacion de asistencia sanitaria, Percepcion y deteccién en robética, Aprendizaje
automatico y aprendizaje profundo para la identificacion de sistemas

Estimation of joint angles in the upper limbs using a smartphone.
Abstract

The clinical assessment of spasticity in stroke patients relies on the subjective judgement of specialists. With the aim of
objectively quantifying joint mobility, this study validates the BlazePose model—an Al-based model integrated into the Medi-
aPipe framework—to estimate four joint angles of the upper limb. The accuracy of this model is compared with the OptiTrack
motion capture system. To this end, an experimental protocol was designed and shoulder abduction and flexion, elbow flexion
and wrist flexion were assessed. The results show that the first three angles achieve a correlation coefficient r > 0.94 with respect
to the reference system. Shoulder abduction yields the best result, with a mean absolute error of 8.3° whilst the elbow shows
a systematic bias of +18.9°. The main conclusion of the study is that the clinical viability of this solution is contingent upon
specific calibration protocols.

Keywords: Biomedical signal measurement and processing, Biomedical and medical imaging, image processing, visualization,
Rehabilitation engineering and healthcare delivery, Robot perception and sensing, Machine and deep learning for system
identification

*Autor para correspondencia: carlos.montero@ehu.eus
Attribution-NonCommercial-Share Alike 4.0 International (CC BY-NC-SA 4.0)


https://doi.org/10.17979/ja-cea.2026.47.13777
https://creativecommons.org/licenses/by-nc-sa/4.0/deed.es

Carlos Montero et al. /Jornadas de Automdtica, 47 (2026)

1. Introduction

A stroke, defined as a sudden disruption of an individ-
ual’s normal physiological state, is the second leading cause
of death among women and the leading cause of disability in
adults in Europe (Ministerio de Sanidad, 2024). At a physical
level, stroke survivors tend to develop spasticity. This con-
dition affects both the upper and lower limbs and is charac-
terised by continuous, involuntary muscle tension and/or stift-
ness. Spasticity is not understood merely as an isolated phe-
nomenon. It is the most striking manifestation of a broader
complex of symptoms that affects the patient’s reasoning,
mood and other vital faculties.

Prevalence data are significant: 43% of the stroke popu-
lation is affected by spasticity (Doussoulin et al., 2020) and,
in Spain in particular, it is estimated that this percentage rises
to 54% after three months (Béseler Soto et al., 2020). Never-
theless, the shortage of specialist therapists, subjective assess-
ment and the lack of technological innovation contribute to the
underdiagnosis of this disorder. To address these challenges,
a new methodology for efficient and reliable assessment of
spasticity in the upper and lower limbs is required.

Among the range of low-cost technologies, human pose
estimation (HPE) using computer vision is of particular inter-
est. It is a markerless promising technique as it performs de-
tection and tracking of position and orientation of human body
parts in images or videos using computer vision and artificial
intelligence.

Among the most widely used pose estimation mod-
els—BlazePose, OpenPose and AlphaPose—BlazePose is the
only one capable of operating in real time on mobile devices
(Opina and Fajardo, 2024), whilst OpenPose remains the most
widely used (36% compared to 16% for BlazePose) (di Bi-
ase et al., 2025). BlazePose, integrated within the MediaPipe
framework, has been validated against a universal goniometer
and a digital angle ruler as a reliable and valid tool for mea-
suring shoulder abduction, adduction, flexion, and extension
range of motion (Latreche et al., 2023), and in 2D space it has
proven sensitive in detecting motor recovery in stroke patients
(Wagh et al., 2025).

Despite the promising results, several challenges remain.
In post-stroke patients performing a standardised drinking
task, raw MediaPipe keypoints failed to generalise across un-
seen participants for compensatory shoulder movement detec-
tion, achieving only 50% inter-participant accuracy; incor-
porating custom kinematic features raised this figure to 70%
(Unger et al., 2025). Occlusion, depth ambiguity and the need
for labelled data are the main current limitations (Opifia and
Fajardo, 2024). Camera placement also poses a significant
challenge: a 45° ipsilateral view yields better results than a
frontal view for detecting compensatory movements in stroke
patients (Unger et al., 2025). Furthermore, the moderate inter-
therapist reliability observed in certain upper limb tasks re-
inforces the need for objective tools to standardise the as-
sessment of spasticity (Sauerzopf et al., 2024). However, its
implementation in clinical settings is still in its early stages.
Thus, their accuracy must be validated against gold-standard
motion capture systems (MCS).

In this context, the present work introduces a pilot study to
validate the potential of HPE algorithms implemented in mo-

bile devices for characterising the range of motion of stroke
patients, with the aim of providing preliminary technical ev-
idence on spasticity-related data under controlled conditions.
To this end, the data obtained by HPE algorithms is compared
and validated with 3D Optical MCS systems, considered the
gold standard in the literature. Although spasticity affects both
upper and lower limbs, this study focuses on the left upper
limb as a first step. The remainder of this paper is organised
as follows: Section 2 reviews the HPE algorithms and justifies
the selection of BlazePose; Section 3 describes the validation
methodology; Section 4 analyses the results; and Section 5
draws the conclusions.

2. Selection of HPE Algorithms

HPE models follow two main architectural paradigms
for multi-person detection: bottom-up and top-down (Zheng
et al., 2023). The bottom-up approach first detects all key-
points present in the image—regardless on how many peo-
ple there are—and then groups them to reconstruct the skele-
ton of each individual. OpenPose or MoveNet algorithms fall
into this group. The computational complexity of this strat-
egy scales sublinearly with the number of people, making it
particularly efficient in densely populated scenes. The top-
down approach, implemented in models such as PoseNet or
BlazePose, first locates each person using a person detector
(usually an object detection model) and then applies a pose es-
timator independently to each cropped region. This produces
more accurate estimates per individual, although the compu-
tational cost increases linearly with the number of people de-
tected. Table 1 summarises these models.

Table 1: Basic specifications of OpenPose, PoseNet, MoveNet and BlazePose.

OpenPose PoseNet MoveNet BlazePose
Arch. B-up B-up B-up T-down
Platform S/D W/M W/M/E M/W/E
Keypoints 137 17 17 33
Detection Multi Multi S/Multi Single
3D Est. No No No Yes

B-up: Bottom-up, T-down: Top-down. S: Server, D: Desktop, W: Web, M:
Mobile, E: Edge. Arch.: Architecture, Est.: Estimation.

Of the models presented, BlazePose shows a higher poten-
tial given its direct relevance to this study. The selection re-
sponds to the following criteria: (a) the target platform, as the
proposed methodology for spasticity diagnosis is intended to
be deployed on a smartphone; (b) the integration of BlazePose
within the MediaPipe framework, which provides a higher
number of keypoints and supports 3D pose estimation, fea-
tures that are expected to be advantageous for the purposes of
this study.

BlazePose GHUM 3D models are designed for real-time
human pose estimation on mobile devices. They detect 33
key body landmarks (X, y, z coordinates) and provide visibility
values and presence for each point, as shown in Figure 1(b).
There are three variants depending on the desired balance be-
tween speed and accuracy: lite, full and heavy (see Table 2).
In any variant, the input of the model is a RGB image resized
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to 256 x 256 pixels. The output consists of a vector contain-
ing the image-relative normalised coordinates, the hip-relative
depth coordinates (on a synthetic scale) and the probability of
presence and visibility.

Table 2: BlazePose model performance comparison (reference: Pixel 3).

Size  FPS (CPU) FPS (GPU)
Lite 3 MB ~ 44 ~ 49
Full 6 MB ~ 18 ~ 40
Heavy 26 MB ~4 ~ 19

3. Validation methodology

To assess the accuracy of the proposed smartphone-based
pipeline, a structured validation protocol was designed. It is
organised as follows. Section 3.1 describes the OptiTrack ref-
erence system and marker set. Section 3.2 defines the compar-
ison metrics between both systems. Section 3.3 details the ex-
perimental design and camera viewpoints evaluated. Finally,
Section 3.4 specifies how joint angles are computed from each
system.

3.1. Reference system

In order to validate the selected HPE algorithm, its results
will be compared with the gold standard in human motion cap-
ture. The reference system used is OptiTrack, a MCS based
on retroreflective markers. Of the various models available,
the Baseline model—comprising 41 markers—was used for
upper limb capture (Figure 1(a)), and the software used for
data processing is Motive. Among the MCS used as a bench-
mark in clinical and biomechanical research, OptiTrack has
demonstrated accuracy comparable to that of Vicon, with only
marginal errors. Reproducibility also depends on the docu-
mentation of key parameters such as sampling rate, camera
resolution and marker size (Nagymate and Kiss, 2018). In the
context of markerless systems, approximately 23% of studies
validated their results by comparing them with reference sys-
tems (Jeyasingh-Jacob et al., 2024), underscoring the need for
standardised validation protocols (Knippenberg et al., 2017).
Single-camera markerless systems show clinical potential but
insufficient performance for complex biomechanics without
prior rigorous validation (Scott et al., 2022). Of particular
relevance to the present work, the validation of MediaPipe
against OptiTrack for estimating range of motion (ROM) has
shown minimal angular differences and 92% accuracy in pos-
ture estimation (Urriola et al., 2023).

The working hypothesis is that, under controlled recording
conditions, the joint angles estimated from the points inferred
by BlazePose show clinically acceptable agreement with those
measured by OptiTrack.

Figure 1 illustrates the two capture models used: the Base-
line marker model (Figure 1(a)) and the BlazePose model
(Figure 1(b)). A notable difference between the two systems
lies in the anatomical placement of their respective mark-
ers. In OptiTrack, joint positions are not defined by single
points but are inferred from clusters of retroreflective mark-
ers placed on specific body landmarks: the shoulder center is
computed as the midpoint between the superior and the poste-
rior acromion, the elbow corresponds to the lateral epicondyle,

and the wrist center is derived from the midpoint of radial sty-
loid and ulnar styloid. The hand marker is placed on the dor-
sum over the fifth metacarpal. In contrast, BlazePose approx-
imates the joint centers directly. This distinction is significant
from a biomechanical perspective, as the position may vary
depending on body shape, clothing or occlusion, introducing
a systematic bias specific to each individual that must be taken
into account during validation. The specific landmarks used
by each system for the four angles evaluated in this study are
summarised in Table 3, where all markers and landmarks cor-
respond to the left upper limb (L).

3.2. Comparison metric

Given the above, the chosen comparison metric is the joint
angle, as it is the biomechanical parameter of greatest clinical
relevance and the one that best encapsulates the function of the
movement. Unlike the Cartesian coordinates of the markers—
whose interpretation depends on the global reference frame
and the subject’s position in space—the joint angle remains
invariant with respect to translations and rotations of the body.
The angles selected for validation are calculated according to
the degrees of freedom of the three joints of the upper limb:
shoulder, elbow and wrist. The aim is to decompose each
movement into the anatomical planes using the X, Y, Z co-
ordinates, so that each degree of freedom is described by an
angle with clear functional significance.

3.3. Experimental design

A pilot capture session was carried out at the Biomedi-
cal Engineering Laboratory of the Bilbao School of Engineer-
ing. The study was approved by the Ethics Committee of the
University of the Basque Country (UPV/EHU) under approval
code M10-2025_122. Written informed consent was obtained
from the participant prior to data collection. One healthy male
participant (age: 23 years) took part in it.

The four movements were selected on the basis of tech-
nical feasibility: each involves a single degree of freedom,
a wide angular range, and landmarks that remain visible
throughout the motion. Upper limb spasticity patterns are a
combination of these 4 basic movements. These upper limb
tasks, all performed with the left arm, were: (1) pure abduc-
tion, consisting of raising the extended arm laterally up to 90°;
(2) pure flexion, consisting of raising the extended arm for-
ward up to 90°; (3) elbow flexion/extension, pulling the arm up
against the trunk, perform full flexion and extension of the el-
bow; (4) wrist flexion/extension, recorded from a lateral view-
point, consisting of repeatedly bending the wrist upward and
downward through its full range of motion. Every task was
repeated 1 time.

OptiTrack and the smartphone camera (Google Pixel 8)
simultaneously captured motion data at 60 fps from the opti-
mal viewpoint for each movement. The capture viewpoint was
selected per movement: frontal for pure abduction and pure
flexion, and lateral for elbow and wrist flexion/extension. The
synchronisation of both systems is established by a clap: the
moment of minimum distance between the wrists, detected in
both time series. The synchronization signal enables temporal
alignment between both time series, facilitating their compar-
ison.
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Table 3: Anatomical landmarks used by each capture system to compute the joint angles evaluated in this study.

Joint angle Role OptiTrack marker BlazePose landmark
Shoulder®?< midpoint(LShoulderTop, LShoulderBack)* 11
Elbow flex/ext Elbow? LElbowOut 13
Wrist¢ midpoint(LWristIn, LWristOut)* 15
Shoulder abduction Trunk® LShoulderTop and Back, WaistLFront and RFront 11,12,23,24
. Hand long. axis  midpoint(LWristIn, LWristOut) — LHandOut midpoint(17, 19)* — 15
Wrist flexfext Hand trans. axis LWristn — LWristOut 17— 19

*Computed as the geometric midpoint of the two landmarks; ¢ used in shoulder abduction, * used in shoulder flexion, ¢ used in wrist flexion; L: left.

 LShoulderTop

“Chest

(a) OptiTrack marker model.

/654 123"
8 0, 7

32 30 29

(b) BlazePose 33-landmark model.

Figure 1: Capture models used in the study. Left: Baseline skeleton processed with Motive. Right: body landmarks inferred by BlazePose.

3.4. Joint angle computation

The summary of the estimated joint angles is detailed
in Table 4. Each joint angle is computed from the three-
dimensional positions of the set of anatomical landmarks com-
mon to both systems as detailed in Figure 2.

Table 4: Joint angles computed for the upper limb validation study.

Joint Motion

Flexion / Extension
Shoulder .,y \ction / Adduction
Elbow Flexion / Extension
Wrist Flexion / Extension

e Elbow flexion/extension is defined as the angle between
the humerus vector and the forearm vector, with neutral
at 180° in full extension (Figure 2(a)):

Ofiex et = atan2(||vy X vell, Vi - vr). (D

o Shoulder abduction is computed by projecting the arm
vector v and the trunk downward reference e, onto the
subject’s anatomical frontal plane, whose unit normal n¢
points in the anteroposterior direction. ng is computed
asny = (Vg X vp)/I[vs X vpll, where v, is the vector con-
necting the left and right shoulders and v, is the vector
connecting the left and right hips. The projections are:
Voroj = V — (V- np) ng and vier = € — (€, - ng) ng, and the

abduction angle is then:

Oaba = atanz(”Vref X Vproj”» Veef * Vproj) P ()

with 0° corresponding to the arm in a neutral position at
the side of the body.

Shoulder flexion/extension is computed analogously to
shoulder abduction, but the projection plane is changed:
instead of removing the anteroposterior component, the
mediolateral component is eliminated. Concretely, n¢
is replaced by the trunk lateral unit vector ng, so that
Vproj and Veer lie in the subject’s anatomical sagittal
plane. The sagittal plane normal n; is obtained as
ng; = (v; X ny)/|lv; X ny||, where v, is the trunk down-
ward vector. The angle 6gex_sho 1S then obtained with the
same expression as in Eq. (2), with 0° corresponding to
the arm hanging neutrally at the side of the body and
approximately 180° to full anterior flexion.

Wrist flexion and extension are calculated relative to the
plane of the hand, defined by two vectors: the longitudi-
nal axis e and the transverse axis e;. The cross-product
of these two vectors defines the normal n,, to that plane,
pointing towards the back of the hand. The angle of
flexion is then obtained as the arcsine of the dot prod-
uct between the forearm axis e; and the palmar normal
(see Equation 3). Positive values correspond to palmar
flexion; negative values to dorsal extension.

Ofex wr = arcsin(ef . np) . 3)
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(a) Elbow flexion/extension.

(b) Shoulder abduction.

(c) Shoulder flexion/extension. (d) Wrist flexion/extension.

Figure 2: Geometric definition of the four joint angles computed. Highlighted elements indicate the points, vectors and reference planes involved.

Table 5: Validation results for the best-performing session of each joint angle.

Joint angle Bias (°) MAE (°) RMSE (°) r LOA (°)
Elbow flex/ext (L) +18.9 18.9 21.2 0.98 [-0.2, 38.0]
Shoulder abduction (L) +7.8 8.3 114 0.98 [-8.4, 24.0]
Shoulder flexion (L) +15.4 17.4 20.7 094 [-12.0, 42.7]
Wrist flex/ext (L) -7.0 21.2 294 0.22 [-63.1, 49.1]

L: left upper limb.

4. Analysis of results

Table 5 summarises the accuracy metrics obtained for each
joint angle during its best-performing session, i.e., the session
recorded from the optimal viewing plane for that movement.
The first three joint angles achieved a Pearson correlation co-
efficient of » > 0.94 against the OptiTrack reference system,
confirming that the smartphone-based pipeline reliably cap-
tures the temporal dynamics of upper-limb motion. Shoul-
der abduction yielded the strongest agreement: a systematic
bias of +7.8, MAE of 8.3°, RMSE of 11.4° and 95% lim-
its of agreement (LOA) of [-8.4° 24.0°]. Elbow flexion/ex-
tension produced a larger systematic overestimation (+18.9°,
RMSE = 21.2°) and LOA span (38.2°), though the correlation
remained high (r = 0.98).

Shoulder flexion showed the lowest correlation (r = 0.94),
abias of +15.4°, and LOA range of 54.7°. The LOA relative to
shoulder abduction likely reflects a larger systematic offset in
this movement rather than increased random variability, con-
sistent with the high correlation coefficient retained despite the
elevated bias. Beyond viewpoint selection, part of the resid-
ual error observed across these joint angles is attributable to
anatomical mismatches between the landmark definitions of
the two systems rather than to estimation inaccuracy per se.

Figure 3 shows the time-series comparison between the
reference OptiTrack signal and the smartphone-derived es-
timate for each of the four joint angles during their corre-
sponding best-performing session. It should be noted in Fig-
ure 3(a) that the bias is not perfectly constant throughout the
time series. Certain intervals—particularly between 1.6s—2s,
2.1s-2.5s and 3.7s—4s— correspond to abrupt changes in arm
orientation relative to the camera, introducing transient depth
ambiguity. This suggests that the systematic offset is partly
conditioned by the selected viewpoint.

On the other hand, wrist flexion/extension yielded sub-
stantially weaker results than other joint angles: r = 0.22,
MAE = 21.2°, RMSE = 29.4°, and the widest LOA span of
all movements (112.2°), indicating that the pipeline fails to
track this movement reliably. The poor agreement is reflected
in the time-series signal, where the smartphone-derived esti-

mate does not follow the reference waveform. A landmark-
level analysis reveals the origin of this failure. The X and Y
components of the relevant landmarks track reasonably well,
but the depth component (Z) breaks down entirely, yielding
near-zero or negative correlations (r = —0.09 for the elbow,
r = 0.32 for the wrist). This landmark mismatch is further
confirmed at the level of the vector used in the angle compu-
tation: the unit normal to the hand plane—constructed from
the longitudinal and transverse vectors—. It differs by 0.5 rad
(= 28.6°) between systems, which represents a large deviation
for a unit vector constrained to the surface of a sphere. As
both systems define hand geometry using anatomically incon-
sistent points, the resulting vectors diverge independently of
camera placement, and this discrepancy cannot be recovered
within a single-camera framework using a full-body pose es-
timator. A dedicated hand pose estimator such as MediaPipe
Hands would supply anatomically consistent distal landmarks
and is therefore identified as the most promising avenue for
improving estimation.

5. Conclusions

This pilot study demonstrates that, when the smartphone
camera is placed at the optimal viewing plane for a given joint
movement, the proposed markerless pipeline achieves clini-
cally meaningful tracking of upper-limb kinematics. Shoulder
abduction achieved an MAE of 8.3°, elbow flexion/extension
had a systematic bias of +18.9°, and shoulder flexion obtained
a MAE of 17.4°. These joints exceeded the r > 0.94 threshold,
confirming that the pipeline captures the underlying move-
ment pattern reliably. However, the LOA spans alongside the
systematic biases observed indicate that the dominant source
of error is a fixed, systematic offset rather than random noise.
The remaining challenge, therefore, lies in how the optimal
viewing plane is identified automatically in practice. That
problem could be addressed in future work through system-
atic strategies such as sweeping the camera through candidate
viewpoints or training a data-driven model to predict the most
informative. Wrist flexion, by contrast, revealed the limits of
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elbow flex_ext L
bias=+18.0° MAE=18.9° RMSE=212° r=0.98

175 - — optiTrack
 — MediaPipe

Time (s)

(a) Elbow flexion/extension session.

shoulder_flexion L
bias=+154° MAE=17.4° RMSE=20.7° r=0.94

~ — optiTrack
100 MediaPipe

Angle (%)

‘Time (s)

(c) Shoulder flexion session.

shoulder_abduction L
blas=+7.8" MAE=8.3° RMSEZ11.4° r=098

100 _— — optiTrack
Mediapipe

Time (s)

(b) Shoulder abduction session.

wrist flex_ext L

bias=-7.0° MAE=212" RMSE=29.4° r=0.22

‘Time (s)

(d) Wrist flexion session.

Figure 3: Joint angle time series for the best-performing session of each movement.

full-body pose estimation for distal joints: the structural in-
consistency between landmark definitions across systems pro-
duces plane-normal errors of ~ 28.6° that are irrecoverable
within this framework, and replacing the full-body estimator
with a dedicated hand pose model is identified as the neces-
sary next step.
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