
Academic Editor: Anastasios

Doulamis

Received: 24 June 2026

Revised: 3 August 2026

Accepted: 18 August 2026

Published: 10 September 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Evolution of a Real-Time Markerless Kinematic Posture-Assessment
System: From Multi-Participant Monitoring to Depth-Aware
Angular Assessment
Jon Echeverria * and Olga C. Santos *

PhyUM Research Center, Department of Artificial Intelligence, School of Computer Science,
Universidad Nacional de Educación a Distancia (UNED), 28040 Madrid, Spain
* Correspondence: jecheverria@dia.uned.es (J.E.); ocsantos@dia.uned.es (O.C.S.)

Abstract

Markerless human-motion assessment has become increasingly relevant in domains such
as psychomotor learning, rehabilitation, sports training, and collaborative educational
environments. While recent pose-estimation frameworks provide reliable skeletal recon-
struction, translating these data into interpretable posture assessment remains challenging,
particularly under varying participant-to-sensor distances and in multi-participant settings.
This paper presents the technological evolution from KUMITRON, a system originally
developed for synchronized multi-participant monitoring and interaction analysis in psy-
chomotor activities, to COLLVIT, a prototype implementing configurable depth-aware
joint-angle posture assessment. This evolution encompasses RGB-D integration, con-
figurable angular templates, depth-informed adaptive tolerance mechanisms, temporal
stabilization strategies, interpretable posture assessment, and multi-participant processing
capabilities. The paper distinguishes between the architectures defined at the patent level,
their implementation through the KUMITRON and COLLVIT prototypes, and capabilities
that remain targets for future implementation and validation. Rather than reporting a
controlled experimental evaluation, the contribution of this work lies in documenting the
technological evolution from KUMITRON to COLLVIT, the rationale behind the patent-
based design decisions, the implementation of the current prototype, and directions for
its future development and validation. The resulting framework provides a flexible foun-
dation for future research on markerless kinematic posture assessment in educational,
rehabilitation, and other psychomotor application domains.

Keywords: markerless kinematic posture assessment; computer vision; pose estimation;
RGB-D sensing; psychomotor learning; collaborative learning; rehabilitation; adaptive
tolerance; patents; KUMITRON; COLLVIT

1. Introduction
Human movement analysis is relevant to numerous real-world activities, including

sports, rehabilitation, physical education, and psychomotor learning. Motor activity in-
volves different aspects that may need to be assessed, such as the quality of technical
execution, postural alignment, temporal coordination, and the interaction among par-
ticipants. These aspects are important for determining whether a movement has been
successfully performed or whether further practice is needed. Traditionally, movement
assessment has relied on expert observation by instructors, coaches, therapists, or educators.
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Although expert observation remains common practice, new technologies are increasingly
being incorporated to support this assessment process. Such technologies can help address
limitations related to subjectivity, temporal resolution, repeatability, and the difficulty of
simultaneously monitoring multiple participants during dynamic motor activities.

Emerging technologies such as computer vision, wearable sensors, inertial measure-
ment units, physiological sensors, and artificial intelligence (AI) techniques have created
new opportunities for automated human-movement analysis. These technologies enable
the monitoring and tracking of one or more individuals through the analysis of their
movements from various data sources, providing kinematic, physiological, and contextual
information that can be processed to identify postures, detect movement patterns, estimate
effort, and provide feedback during or after an activity. However, many existing approaches
focus primarily on individual movement and single-person postural performance. This
limits their applicability to interactive motor activities, where one participant’s move-
ment may influence another’s response and where feedback must be synchronized across
multiple users. In martial arts, rehabilitation exercises, technical training, choreography,
or collaborative physical activities, systems may need not only to detect body positions
but also to interpret temporal sequences, compare performance with reference patterns,
manage multiple participants, and provide meaningful feedback in real time. Therefore, it
seems evident that, in addition to estimating an individual’s pose, it is necessary to analyze
movement sequences involving more than one participant simultaneously.

The first architecture proposed in our previous work, described in a published
patent [1], addressed the analysis of motor activity involving multiple participants by
combining computer vision with physiological and inertial sensors. It supported syn-
chronized multimodal data acquisition and the analysis of action–reaction relationships
between participants. This patented architecture provided the technological foundation for
KUMITRON [2,3], an AI-supported system developed for psychomotor learning in paired
karate practice. In this context, KUMITRON was used to analyze the activity taking place
on the tatami and to model interaction dynamics in karate kumite (i.e., paired practice or
sparring involving an opponent).

KUMITRON was mainly developed between 2020 and 2022 as an early exploration of
AI-supported modeling of multi-participant psychomotor activities [4]. Given the techno-
logical stage of the work at the time, these developments did not yet incorporate RGB-D
(Red-Green-Blue plus Depth) sensing or the depth-informed assessment capabilities subse-
quently explored in the second architecture. In particular, approaches relying primarily on
two-dimensional visual information and predefined angular or template-based criteria (e.g.,
expert posture patterns) are sensitive to perspective distortion, camera distance, partial
occlusions, and temporary loss of key body points (e.g., body joints). These challenges be-
come more demanding in multi-participant settings, where simultaneous image processing
increases computational requirements and may hinder real-time feedback.

To address these limitations, our subsequent research explored technological advance-
ments that could improve the analysis of participants performing motor activities. The
second architecture, described in a patent application currently under examination [5],
introduces a real-time markerless kinematic posture-assessment approach based on RGB-
D acquisition, two-dimensional pose estimation, 2D/3D fusion, joint-angle calculation,
dynamic adjustment of angular tolerance, kinematic posture validation, and individual
memory of valid postures. In this architecture, each detected key body point is assigned a
depth value to generate three-dimensional coordinates. Then, joint angles are calculated
from these coordinates and compared with parameterized kinematic ranges. At the patent-
design level, the effective angular tolerance can depend on the distance between the sensor
and the joint being evaluated. As detailed later in the paper, the current COLLVIT proto-
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type implements a simplified frame-level depth mechanism. This approach is intended to
provide a spatially informed assessment that may reduce sensitivity to variations associated
with perspective and participant-to-sensor distance, although its effect on accuracy requires
future empirical validation.

This second solution builds on our previous work extending multi-participant psy-
chomotor analysis toward neural-network-based posture classification and the analysis
of group activity in paired karate practice [6]. Beyond the technical evolution, its devel-
opment was motivated by pedagogical perspectives from computer-supported collabo-
rative learning (CSCL), including sociocultural perspectives such as Vygotsky’s zone of
proximal development [7,8]. In this paper, however, these educational perspectives pro-
vide motivation for technological development and hypotheses for future research rather
than experimentally validated learning outcomes. The second architecture provides the
technological foundation for COLLVIT, which implements the depth-informed kinematic
posture-assessment stage of the technological evolution described in this work.

Thus, this paper presents the evolution of a patent-based technological framework
for real-time markerless kinematic posture assessment, comprising two successive archi-
tectures and their implementation through KUMITRON and COLLVIT. Hereafter, this
evolving technological framework is referred to as the KUMITRON–COLLVIT frame-
work. The contribution is twofold. First, the paper analyzes the technological progression
from synchronized multi-participant motor-activity monitoring and interaction analysis
toward configurable, depth-informed joint-angle posture assessment intended to account
for projection-induced geometric uncertainty without modifying the underlying pose-
estimation pipeline. Second, it examines how this evolution provides a foundation for
future applications in sports training, rehabilitation-oriented monitoring, technical instruc-
tion, and collaborative psychomotor learning.

Accordingly, this work should be interpreted as a patent-based technical system-
evolution study rather than as a controlled empirical validation study. Throughout the
paper, we distinguish between patent-level architectural contributions, implemented pro-
totype capabilities, evidence from previous developments, and aspects requiring future
empirical validation.

1.1. Related Work

Accurate pose estimation and reliable assessment mechanisms are critical for real-time
markerless kinematic posture-assessment systems to determine whether the observed
movements meet task-specific execution criteria. However, reliable posture assessment
remains challenging under variations in participant-to-sensor distance, perspective distor-
tion, occlusion, and multi-participant settings, particularly when fixed angular thresholds
are used.

Combat sports and martial arts provide a suitable domain for investigating these
challenges, as they involve both structured movement execution and action–reaction dy-
namics. This section reviews the main technical areas relevant to the evolution of the
KUMITRON–COLLVIT technological framework examined in this work, including marker-
less movement analysis, psychomotor feedback, multi-person assessment, RGB-D sensing,
uncertainty-aware assessment, and interpretability in movement assessment.

1.1.1. Markerless Pose Estimation and Joint-Angle-Based Movement Assessment

Traditional human movement analysis has often relied on expensive and restrictive lab
equipment. Recent advances in AI-based computer vision provide markerless alternatives
that enable skeletal reconstruction and the calculation of kinematic variables, such as joint
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angles [9,10]. Such systems have been applied in areas including fitness, physical therapy,
and real-time feedback [11–13].

These systems, however, remain sensitive to environmental conditions, occlusions,
and the camera viewpoint. Inaccuracies in landmark localizations can propagate to joint-
angle calculations and, consequently, to posture assessment and the feedback derived from
it. These limitations highlight the need for mechanisms that can account for variability in
real-time markerless movement assessment [14].

These challenges motivate the technological evolution examined in this work. Within
the KUMITRON–COLLVIT framework, the initial developments addressed synchronized
multi-participant movement monitoring and interaction analysis, whereas subsequent
developments introduced depth-informed kinematic posture assessment and adaptive
angular tolerance mechanisms to address variability in sensing conditions.

1.1.2. AI-Supported Feedback in Psychomotor Learning

For movement analysis to directly support psychomotor learning, the information
derived from it needs to be transformed into meaningful feedback for learners, instructors,
coaches, therapists, or other stakeholders. Intelligent systems that use AI in conjunction
with extended reality (XR), pose estimation, user modeling, feedback design, and instruc-
tional planning can support the learning of complex psychomotor skills [15]. Feedback can
be visual, auditory, haptic, verbal, kinesthetic, or multimodal, and can be delivered at dif-
ferent times relative to the execution of the movement (i.e., while performing, immediately
following, or after the session) [16].

AI-supported feedback has also been investigated in rehabilitation and adapted sports.
These systems can support individualized monitoring, longitudinal assessment, adaptive
task difficulty, progress tracking, and multiple forms of feedback (e.g., via video display,
audio output, tactile stimulation, etc.) [17,18].

However, regardless of how the feedback is created or presented, its value depends
on the quality of the movement data upon which it is based. Instability in pose estimation
resulting from occlusions, camera viewpoint changes, variations in lighting conditions,
missing landmarks, or uncertainty in depth estimation can propagate to movement as-
sessment and, consequently, to the feedback generated from it. This problem is further
complicated in multi-participant settings, where feedback must be correctly associated with
each participant and synchronized with the participant’s specific movement sequences.

Within the KUMITRON–COLLVIT framework, the evolution of the assessment capa-
bilities provides a basis for AI-supported psychomotor feedback. KUMITRON primarily
addressed synchronized analysis of paired activities, whereas COLLVIT provides inter-
pretable depth-informed joint-angle assessment that can serve as a basis for designing
future feedback strategies.

1.1.3. Martial Arts, Combat Sports, and AI-Based Movement Assessment

By combining technical execution, biomechanics, anticipation, timing, distance man-
agement, and interaction with opponents, karate and other combat sports provide a rich
environment for AI-supported psychomotor learning systems. While isolated techniques
primarily depend on the accuracy of individual execution, performance in martial arts
and combat sports additionally relies on defensive responses, tactical adaptation, and
action–reaction dynamics.

Recent studies have applied computer vision, pose estimation, wearable sensors, and
deep learning to karate and combat sports analysis. Many of these systems focus on kata
(a predefined sequence of defense and attack techniques executed against one or more
imaginary opponents), isolated techniques, movement classification, performance scoring,
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or the distinction between correct and incorrect executions [19–22]. Prior research on
KUMITRON explored computer-vision-based approaches both (i) to support the training
of action–reaction dynamics [23] and (ii) to use pose estimation for modeling psychomotor
performance during paired karate practice, extending the focus from individual kata-based
assessment toward the analysis of interaction between two participants [3]. Further research
on real kumite has also shown the relevance of detecting the onset of body-part movements
before an attack, as these early movement cues can support attack anticipation and reinforce
the need for temporal analysis of interactive motor actions [24].

Similar challenges are present in other combat sports. In jiu-jitsu, close body con-
tact creates occlusion and complex spatial configurations, which require pose-tracking
strategies to classify combat positions and support automatic scoring [25]. In wushu, pose
estimation combined with dynamic time warping has been used to compare participants’
movements with professional references and identify body segments responsible for in-
correct execution [26]. Wearable sensors have also been used in combat sports to quantify
movement-related variables such as acceleration, velocity, orientation, impact parameters,
and joint-related features [27].

In this context, the KUMITRON–COLLVIT framework extends the focus beyond the
classification of isolated techniques, evolving from interaction-aware multi-participant
movement analysis toward configurable, depth-informed kinematic posture assessment in
interactive martial arts settings.

1.1.4. Multi-Person Pose Estimation and Real-Time Markerless Motion Capture

Multi-participant psychomotor activities, including some combat-sport and reha-
bilitation settings, require the estimation of keypoints for multiple participants while
preserving their identities despite occlusions. Pose estimation is usually classified by di-
mensionality (2D or 3D) and number of participants [28]. Current approaches for working
with multiple people (i.e., top-down or bottom-up approaches) can struggle when bodies
overlap or interact at close range. Markerless real-time capture introduces additional
challenges, including identity association, consistency over time, and latency outside con-
trolled environments [29]. Multi-view systems can improve 3D reconstruction, but they
also require greater computational resources and more complex calibration [30]. Hence, in
multi-participant learning settings, technical failures such as missing keypoints or identity
switches can propagate to movement assessment and compromise the reliability of the
feedback derived from it.

Within this context, the KUMITRON–COLLVIT framework encompasses complemen-
tary aspects of multi-person movement assessment. KUMITRON addressed synchronized
motor activity and reciprocal actions, whereas COLLVIT introduces depth-informed joint-
angle assessment, 2D/3D fusion, and adaptive angular tolerance. Rather than aiming
primarily at full 3D reconstruction, the technological evolution focuses on deriving inter-
pretable kinematic assessment information from markerless pose data that can support
future feedback strategies in multi-participant settings.

1.1.5. Depth-Aware Tolerance Adaptation and Uncertainty in 3D Kinematic
Posture Assessment

RGB-D sensing and 3D pose estimation enable anatomically defined landmarks to
be represented in three-dimensional space, allowing kinematic variables, such as joint
positions and joint angles, to be estimated rather than only from two-dimensional image
projections. Accordingly, systems incorporating depth sensors and/or 3D pose estimators
can support spatially informed movement analysis across applications such as gait analysis
and human–machine interaction [31–33].
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Although depth sensing may provide additional spatial information, errors in land-
mark identification can still affect joint-angle computation. Because many systems use fixed
angular tolerances, posture-assessment decisions may be affected by geometric uncertainty:
valid executions may be rejected when capture conditions increase angular deviation, while
incorrect executions may be accepted when tolerance ranges are too broad.

Research has shown that RGB-based systems may show lower reliability for param-
eters that depend on movement along the depth dimension [34]. More broadly, 3D pose
sequences can represent both the spatial structure and temporal dynamics of movement [35].
Thus, providing kinematically interpretable feedback under variable sensing conditions
requires explicit mechanisms for handling uncertainty.

The concept of depth-aware tolerance adaptation involves using depth not only for
three-dimensional reconstruction, but also as contextual information for accounting for
measurement uncertainty. This approach moves away from purely static threshold values
toward tolerance logic that can account for variable sensing conditions. At the design
level, uncertainty-aware approaches may consider factors such as sensor-to-joint distance,
keypoint confidence, and other uncertainty indicators. However, in the current COLLVIT
implementation, confidence values are used for keypoint filtering rather than as direct
weights in the angular-tolerance function.

Accordingly, the depth-aware tolerance approach described in this work should be
viewed as a design and implementation strategy for addressing depth-related uncertainty,
not as an empirical demonstration of improved performance. This distinction is important
because this paper describes design and implementation evolution rather than a validated
uncertainty model. The evolution represented by the KUMITRON–COLLVIT framework
should therefore be understood as a technological progression from synchronized multi-
participant movement monitoring toward depth-informed angular-template assessment
under variable sensing conditions.

1.1.6. Interpretability in Movement Assessment

In addition to technical performance, AI systems supporting movement assessment
should provide interpretable assessment information. Deep-learning-based black-box
approaches may be insufficient for educational and rehabilitation uses when stakeholders
need to understand which body part, joint, or movement component contributed to an
incorrect execution [36]. End-to-end classifiers may provide global labels, but these labels
are often insufficiently informative for instructional feedback.

Assessment through joint angles provides an example of how an assessment strategy
can produce transparent results. Computed joint angles can be compared with predefined
acceptable ranges, allowing the assessment to identify which joint or joints fall outside the
configured range. The resulting assessment information can therefore be directly related
to the kinematic variables being evaluated, providing a basis for feedback that identifies
which aspects of the execution deviate from the configured reference. This rule-based
assessment layer is consistent with principles of interpretability, as the relationship between
the computed kinematic variables, configured thresholds, and resulting assessment can be
explicitly traced [37].

Interpretability in multi-participant settings requires the system to distinguish be-
tween participants and attribute posture errors to the appropriate individual. Within the
KUMITRON–COLLVIT framework, KUMITRON focused on synchronized movement and
interaction analysis, whereas COLLVIT introduces an explicit rule-based assessment layer
based on joint-angle assessment and configurable posture templates, allowing assessment
outcomes to be traced to configured kinematic criteria. Participant handling and temporal
processing further support the association of assessment information with detected indi-
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viduals. In addition, the current implementation uses frame-level depth information to
adapt angular tolerance, providing a simplified depth-informed mechanism for accounting
for variations along the depth axis. However, these technical mechanisms alone do not
demonstrate the pedagogical effectiveness of the resulting assessments, which must be
established through further empirical evaluation.

1.2. Related Patents and Technological Gap

In addition to the scientific and technical literature reviewed above, patent documents
provide a complementary perspective for positioning the KUMITRON–COLLVIT frame-
work with respect to existing technological solutions. This subsection therefore examines
representative patent documents related to the main technological components of the
framework. It first describes the patent search and screening strategy, then organizes the
retained documents according to relevant technological areas and finally compares these
solutions with the successive developments represented by KUMITRON and COLLVIT
to identify the technological gap addressed by the patent-based evolution examined in
this work.

1.2.1. Patent Search Strategy

A structured patent search was conducted to contextualize the technological evolution
represented by the KUMITRON–COLLVIT framework with respect to representative patent
documents related to markerless pose estimation, RGB-D/depth-based movement analysis,
multi-person human-motion assessment, rehabilitation feedback, sport/fitness/martial
arts training, and adaptive thresholds or uncertainty compensation.

The search was primarily conducted using Google Patents. Six thematic search blocks
were defined: (A) pose estimation, joint-angle assessment, and feedback; (B) RGB-D/depth-
camera-based joint-angle and posture assessment; (C) multi-person or multi-user pose
estimation; (D) rehabilitation or physical therapy feedback; (E) sport, fitness, and martial
arts movement assessment; and (F) adaptive tolerance, dynamic thresholds, or uncertainty
compensation. Because the objective was to support a structured technological comparison
rather than to conduct a freedom-to-operate analysis or an exhaustive patent-landscape
review, only the first 50 records returned for each search block were screened.

The searches returned highly variable results. The resulting search and screening
information for the six thematic blocks is summarized in Table 1. Documents could be
retained in more than one thematic block; therefore, block-level counts are not additive.
Broad searches, particularly those related to sport, fitness, martial arts, rehabilitation,
and multi-user pose estimation, retrieved many documents concerning robotics, industrial
automation, object pose estimation, AR/VR interfaces, generic user interfaces, or non-motor
feedback. Therefore, patent documents were retained only when they explicitly involved
human movement assessment, posture correction, joint-angle analysis, skeleton tracking,
rehabilitation training, sport/fitness/martial arts movement assessment, multi-person
exercise analysis, or feedback-oriented motor training. No geographical or jurisdictional
restrictions were applied during the search or screening process.

WIPO Patentscope and Espacenet were used as selective verification sources for
bibliographic or patent-family information for the most relevant retained documents. The
resulting patent search should therefore be interpreted as a representative technological
review intended to support technological positioning, not as a comprehensive patentability,
validity, or freedom-to-operate analysis.
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Table 1. Patent search strategy and screening summary.

Search Block Search String Summary Results
Returned

Results
Screened Main Inclusion Focus Documents

Retained

A. Pose estimation + joint
angle + feedback

Pose estimation/human pose
estimation + joint angle/posture
assessment/movement assessment + feed-
back/training/rehabilitation

1399 50

Human pose estimation,
joint-angle/posture
assessment, and feed-
back/training/rehabilitation

8

B. RGB-D/depth
camera + joint angle

RGB-D/depth camera/Kinect/
RealSense + pose estimation/skeleton
tracking + joint angle/movement
analysis/posture assessment

494 50
Depth/RGB-D sensing and
human movement/posture
assessment

2

C. Multi-person/multi-user
pose estimation

Multi-person/multi-user/multiple
participants + pose estimation/motion
analysis + feedback/activity
recognition/posture assessment

2507 50
Multi-person or multi-user
human pose/motion/
activity analysis

2

D. Rehabilitation/physical
therapy + feedback

Rehabilitation/physical therapy/exercise
therapy/motor rehabilitation + pose
estimation/depth camera/joint
angle/skeleton tracking + feed-
back/correction/assessment

5788 50

Rehabilitation, therapy,
posture correction,
joint-angle analysis,
skeleton tracking, or
movement feedback

6

E. Sport/fitness/martial arts

Sport training/fitness/martial
arts/karate/kumite/combat
sports/wushu + pose estimation/motion
recognition/movement
assessment/posture assessment

14,856 50

Sport, fitness, martial arts,
posture correction,
movement assessment, and
motor fitness testing

8

F. Adaptive
tolerance/dynamic
threshold/uncertainty

Adaptive tolerance/dynamic
threshold/adaptive threshold/uncertainty
compensation/error compensation + joint
angle/posture assessment/pose
estimation/movement assessment

3084 50

Adaptive/dynamic
thresholds, uncertainty
compensation, error
compensation, or adaptive
control in movement/
posture assessment

3

1.2.2. Prior Patent Work and Technological Grouping

The review of prior patent work identified several groups of technological develop-
ments related to movement analysis, posture assessment, rehabilitation feedback, multi-
user interaction, and template-based movement evaluation.

A first group of patents focuses on movement analysis using sensor-based or camera-
based acquisition. These inventions use wearable sensors, inertial measurement units,
physiological measures, cameras, or combinations of these devices to acquire video streams,
motion signals, or body-related data and provide users with performance-relevant infor-
mation [38–40]. These systems are relevant because they demonstrate the use of automatic
acquisition pipelines for movement monitoring and performance feedback. However, they
are generally designed to assess individual movement execution rather than collaborative
or paired motor activity.

A second group includes camera-based and sensor-based systems designed to support
rehabilitation, physical therapy, and posture correction [41–43]. These inventions are
closer to COLLVIT because they address automatic assessment, corrective feedback, and
movement-quality analysis in therapeutic or corrective contexts. Nevertheless, they are
also primarily oriented toward individual rehabilitation tasks, physical therapy guidance,
or posture correction. They do not usually include explicit representations of collaborative
learning, paired interaction, or action–reaction relationships between participants.

A third group includes inventions related to joint-point detection, three-dimensional
posture estimation based on depth information, color-depth feature combination, skeleton
reconstruction, and posture evaluation [44,45]. These inventions are particularly relevant
to COLLVIT because they show the importance of incorporating spatial information and
joint-level representations into movement assessment. However, their main focus is usu-
ally individual posture estimation, skeleton reconstruction, recovery tracking, or generic
posture correction. Within this group, depth information is generally used to improve
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reconstruction or spatial representation, rather than being explicitly used to dynamically
adapt angular-validation tolerances according to sensor-to-joint distance.

A fourth group includes inventions addressing multi-user, multi-entity, or dynamic
movement analysis [46–48]. These systems acknowledge that movement analysis becomes
more complex when several individuals or entities move simultaneously. This group is rel-
evant to KUMITRON because KUMITRON specifically addresses multi-participant motor
activity analysis. However, the synchronization of typified movement identification and
the modelling of action–reaction relationships between participants in interactive practice,
such as karate kumite, represent a distinctive aspect of KUMITRON when compared with
more generic multi-user or multi-entity tracking systems.

A fifth group includes inventions based on movement templates, recurrent movement
patterns, posture guidelines, or skeleton-based recognition [49–51]. These approaches
compare movement signals, captured posture images, skeletal configurations, or joint-
angle trajectories against predefined reference patterns or standard movements. They are
technically relevant to the technological evolution examined in this work because reference
movement representations are relevant to KUMITRON, whereas configurable angular
templates constitute a specific component of COLLVIT’s posture-assessment approach.
However, template-based systems can lose stability when capture distance, viewpoint,
occlusion, body morphology, or execution variability change. This limitation is directly
related to the motivation for COLLVIT’s depth-aware angular-validation approach.

Taken together, these prior patent groups cover important technological components,
including motion capture, wearable sensing, camera-based movement analysis, rehabil-
itation feedback, posture correction, depth-based reconstruction, joint-angle calculation,
movement-template comparison, and multi-user movement analysis. However, these
components are often addressed separately or combined for technological purposes that
differ from those examined in the present work, motivating the more detailed patent-based
technological comparison presented below.

1.2.3. Patent-Based Technological Comparison

The patent documents retained through the structured search were further exam-
ined to compare their technical characteristics with those of the KUMITRON–COLLVIT
framework. As summarized in Table 2, the comparison focused on the technological
dimensions most relevant to the evolution examined in this work, including movement
sensing and assessment, rehabilitation and posture correction, depth-based 3D analy-
sis, multi-participant processing, template-based assessment, and adaptive-threshold or
uncertainty-compensation mechanisms. The following groups synthesize the main similar-
ities and differences identified across the retained documents. Because individual patent
documents could satisfy the inclusion criteria of more than one search block, the numbers
of documents retained across blocks are not additive. After removing overlaps and con-
solidating the screened records, 16 representative patent documents were retained for the
comparative analysis presented in Table 2.

A first group includes systems for markerless or sensor-based movement analysis
using cameras, wearable sensors, inertial measurement units, or multimodal sensing. These
systems are relevant because they provide mechanisms for capturing movement data,
estimating skeletal configurations, or extracting joint-related variables. However, they are
usually focused on individual movement monitoring or performance assessment.
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Table 2. Representative patent documents retained for technological comparison.

Patent/Publication
Number Title Main Domain Relevant Technical Features

Relevance to the
KUMITRON–COLLVIT
Framework

Main Distinction from the Present Work

CN121919786A [52]

A method, system, and
storage medium for
comparing and scoring
standard movements

Movement
scoring/rehabilitation

Compares measured
joint-angle trajectory sequences
with standard joint-angle
trajectory templates using
dynamic time warping

Highly relevant to
angular-template comparison

Focuses on trajectory-template scoring rather
than depth-aware adaptive angular tolerance
in real-time markerless posture assessment

CN121686571A [53]
A method and system for
deadlift posture detection
based on mobile video

Fitness/deadlift
posture detection

Uses trunk-angle and
knee-joint-angle threshold
ranges for posture detection

Relevant to fixed-threshold
angular posture validation

Uses fixed threshold ranges; no explicit
depth-aware tolerance adaptation

CN121281141A [54]
Physical training posture
correction method based on
machine vision

Physical training
posture correction

Machine-vision-based posture
correction with
angular-deviation assessment

Highly relevant to posture
correction and visual
movement assessment

Uses multi-view RGB-D posture assessment
and personalized adaptation of
standard-parameter tolerances based on
historical training data, but does not describe
depth-dependent angular-tolerance adaptation
based on sensor-to-joint distance.

CN121868837A [55] An interactive martial arts
immersive teaching system

Martial arts
immersive teaching

Uses joint angles, angular
velocities, and angular
accelerations for martial
arts teaching

Relevant to the KUMITRON
application domain

Focuses on coupling respiratory-phase
estimation with biomechanical simulation and
immersive feedback for martial-arts teaching,
rather than on multi-participant
action–reaction analysis or depth-dependent
angular-tolerance adaptation for markerless
posture validation.

CN121858916A [56]
A method and quantitative
evaluation system for verifying
the structure of Tai Chi

Tai Chi/martial arts
movement evaluation

Refers to depth camera for
skeletal-joint capture

Relevant to martial
arts/body-structure
assessment

Focuses on martial arts quantitative evaluation;
the screened document does not clearly
describe the combination of multi-participant
analysis and depth-aware adaptive
angular assessment

CN121839020A [57]
Intelligent rehabilitation
training system and method
for lower limb dyskinesia

Lower limb rehabilitation

Human body modelling,
skeleton tracking, motion
recognition, and
numerical extraction

Relevant to the rehabilitation
application domain
considered for COLLVIT

Rehabilitation-oriented; does not specifically
describe depth-aware adaptive angular
tolerance for posture assessment

CN121812169A [58]

A sports injury risk screening
system based on motion
capture and
biomechanical analysis

Sports injury risk screening
Uses a depth camera to acquire
3D motion data during
standard movements

Relevant to
RGB-D/depth-based
movement assessment

Risk screening orientation rather than real-time
depth-aware angular posture assessment with
adaptive tolerance

CN121904837A [59]
Rehabilitation training action
evaluation method based on
computer vision

Rehabilitation
action evaluation

Computer-vision-based
rehabilitation movement
assessment with visual
pose-estimation model

Relevant to rehabilitation and
pose-estimation assessment

Does not clearly address adaptive angular
tolerance based on depth uncertainty
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Table 2. Cont.

Patent/Publication
Number Title Main Domain Relevant Technical Features

Relevance to the
KUMITRON–COLLVIT
Framework

Main Distinction from the Present Work

CN121904845A [60]

Bodybuilding action
recognition, counting, and
quality assessment method
based on machine vision

Exercise recognition/
counting/quality assessment

Machine-vision-based exercise
recognition, counting, quality
assessment, and visual
skeleton feedback

Relevant to feedback and
joint-angle thresholding

Uses standard threshold-based quality
assessment rather than depth-aware
tolerance adaptation

CN121861719A [61]

Push-up training
multi-person test result data
identification method
and system

Multi-person push-up testing
Simultaneous image
acquisition of multiple users
during push-up training cycles

Highly relevant to
multi-person
exercise assessment

Multi-person testing/scoring, but does not
clearly combine multi-participant assessment
with configurable angular templates and
depth-aware tolerance adaptation

CN121982644A [62]

Human track prediction
method and
monitoring system for
human–computer interaction

Multiview human tracking

Real-time 3D reconstruction of
multiple human joint points,
velocities, and angular speeds
from multiview images

Relevant to multi-person
3D tracking

Tracking/prediction focus rather than
template-based posture assessment

CN121862308A [63]
Personalized exercise
training evaluation method
based on multimodal data

Personalized
exercise evaluation

Calculates joint-angle change
sequences and aligns them
with angular
velocity/acceleration from
inertial data

Relevant to multimodal
movement evaluation

Focuses on multimodal temporal evaluation;
depth-aware markerless adaptive angular
validation is not clearly described.

CN121839147A [64]
Multimode hierarchical
fusion network-based motion
function multidimensional
evaluation method

Multimodal
rehabilitation evaluation

Uses inertial measurement
units, surface
electromyography,
electroencephalography, vision,
and multimodal fusion for
rehabilitation evaluation

Relevant to multimodal
rehabilitation assessment

Multimodal clinical evaluation rather than
depth-aware markerless angular-template
assessment with adaptive tolerance

CN121946517A [65]
Variable impedance control
method for wrist
rehabilitation training robot

Wrist rehabilitation robot

Uses dynamic safety threshold
and self-adaptive rate
threshold in rehabilitation
robot control

Relevant to dynamic
thresholds in rehabilitation

Adaptive thresholds are used for robot-control
safety, not depth-aware markerless
angular tolerance

CN121893289A [66]

Design method of
human-fuzzy-decision-fused
lower limb exoskeleton
human–machine system

Lower limb exoskeleton
Uses uncertainty compensation
in a human–machine/
exoskeleton context

Relevant to
uncertainty compensation

Robotic-control uncertainty rather than
depth-related uncertainty in markerless human
posture assessment

CN121960630A [67]

An embodied intelligent
architecture and an
environmentally adaptive
learning system

Adaptive AI/robot learning
Uses dynamic threshold based
on historical
reconstruction errors

Relevant to generic
dynamic-threshold
mechanisms

Generic dynamic thresholding, not human
joint-angle posture validation
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A second group includes rehabilitation, physical therapy, and posture-correction
systems. These inventions commonly provide automated guidance, corrective feedback,
difficulty adjustment, or movement-quality assessment. Although they are relevant to
COLLVIT because they address motor rehabilitation and movement evaluation, they are
generally oriented toward individual therapy or device control rather than real-time multi-
participant movement assessment.

A third group includes RGB-D, depth-camera, stereo-vision, and 3D posture-
evaluation systems. These systems are especially relevant to COLLVIT because they
demonstrate the value of spatial information, depth sensing, and three-dimensional skeletal
reconstruction for human movement assessment. However, within the screened documents,
depth information is generally used for reconstruction, tracking, risk screening, or move-
ment evaluation rather than being explicitly used to dynamically adapt angular-validation
tolerances according to sensor-to-joint distance.

A fourth group includes multi-person or multi-user movement-analysis systems.
These technologies are relevant to KUMITRON because they address the additional com-
plexity of detecting or evaluating more than one user. However, most of these systems
focus on detection, tracking, testing, or monitoring and do not explicitly model paired
action–reaction relationships.

A fifth group includes template-based posture or movement-assessment systems.
These approaches compare captured joint angles, skeletal configurations, movement tra-
jectories, or posture images against reference templates or standard movements. They are
technically relevant to the KUMITRON–COLLVIT framework because they illustrate the use
of reference movement representations and, more specifically, the template-based posture-
assessment approach implemented in COLLVIT. However, template-based approaches are
sensitive to distance, viewpoint, occlusion, morphology, and execution variability when
they do not include mechanisms to adjust validation tolerance.

Finally, a smaller group includes adaptive-threshold, dynamic-threshold, or uncertainty-
compensation mechanisms. These mechanisms are relevant to COLLVIT because they show
that adaptive thresholds and uncertainty compensation are established design strategies.
Nevertheless, in the screened documents, such mechanisms were primarily used for robot
control, safety constraints, reconstruction-error filtering, exoskeleton impedance control,
or generic adaptive systems rather than for depth-aware angular-tolerance adaptation in
markerless human posture assessment.

Overall, the retained patent documents demonstrate that the individual technolog-
ical components relevant to the KUMITRON–COLLVIT framework—including marker-
less movement analysis, depth sensing, joint-angle assessment, multi-person processing,
template-based evaluation, and adaptive thresholding—are represented in existing techno-
logical solutions. However, the comparison also shows that these components are generally
applied independently or combined for purposes that differ from the technological evolu-
tion examined in this work. These findings provide the basis for identifying the specific
technological gap addressed by the KUMITRON–COLLVIT framework, as discussed in the
following subsection.

1.2.4. Technological Gap with Respect to the KUMITRON–COLLVIT Framework

As summarized in Tables 1 and 2, the reviewed patent documents cover several
components related to the present work, including motion capture, wearable sensing,
rehabilitation feedback, posture evaluation, depth-based reconstruction, joint-angle cal-
culation, movement-template comparison, multi-user movement analysis, and adaptive
thresholding. However, these elements are generally addressed separately or combined for
technological purposes that differ from those of the KUMITRON–COLLVIT framework. KU-
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MITRON and COLLVIT should therefore not be interpreted as claiming novelty in generic
pose estimation, skeleton tracking, RGB-D sensing, or joint-angle computation alone.

Instead, the technological contribution lies in the patent-based evolution from multi-
participant markerless motor-activity analysis toward configurable angular-template vali-
dation, RGB-D/depth-aware kinematic posture assessment, and adaptive tolerance mecha-
nisms intended to account for depth-related uncertainty. The first architecture contributes
the multi-participant and interactive dimension through synchronous identification of
typified movements and action–reaction modelling between participants, which were
subsequently explored through KUMITRON in paired karate practice. The subsequent
architecture, which provides the basis for COLLVIT, introduces RGB-D acquisition, 2D/3D
fusion, joint-angle calculation, configurable angular templates, depth-aware tolerance
adaptation, and participant-specific valid-posture memory.

Within the screened patent documents, no single retained document was found that
clearly combines all these elements into an integrated architecture for multi-participant,
real-time, markerless kinematic posture assessment. At the same time, this paper does not
claim that COLLVIT has already demonstrated superior robustness, accuracy, or learning
effectiveness. The current implementation should be interpreted as a technical prototype im-
plementing the second architecture. Controlled benchmarking and empirical validation are
required to determine whether depth-informed adaptive tolerance improves measurement
stability, feedback quality, or educational outcomes in real learning scenarios.

1.3. Pedagogical Implications for Collaborative Psychomotor Learning

Technical limitations in movement assessment may affect the quality and interpretabil-
ity of the feedback available to support psychomotor learning and peer interaction. From
a sociocultural perspective, learning is mediated by tools, peers, and expert guidance,
aligning with Vygotsky’s zone of proximal development, where learners progress through
appropriate external support [68,69]. From this perspective, collaborative motor learning
can extend beyond individual repetition to incorporate observation, mutual regulation,
and peer feedback in situated environments [70,71].

Within this theoretical perspective, the KUMITRON–COLLVIT framework provides a
technical foundation for exploring feedback strategies in collaborative psychomotor learn-
ing. KUMITRON models action–reaction relationships in paired practice, such as karate,
while COLLVIT introduces depth-informed, joint-angle-based posture assessment based
on configurable angular templates. Importantly, the assessment information produced
by these technological capabilities does not itself constitute collaborative feedback; rather,
feedback remains a pedagogical design decision concerning how movement information is
represented, delivered, and used to support interaction between learners.

At this stage, the pedagogical implications of these technical capabilities should be
regarded as hypotheses for future research rather than as demonstrated learning effects.
Further empirical studies are necessary to evaluate whether feedback strategies built upon
these assessment capabilities effectively support learner comprehension, peer regulation,
and instructional decision-making.

2. Materials and Methods
This section describes the design rationale underlying the two successive patent-based

architectures and their implementation through the KUMITRON and COLLVIT prototypes.
The first architecture addresses synchronized multi-participant motor-activity monitoring,
multimodal sensing, movement identification, and action–reaction modelling, and provides
the technological basis for KUMITRON. The second architecture extends this technological
development toward depth-informed, joint-angle-based kinematic posture assessment,
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incorporating RGB-D sensing, 2D/3D fusion, configurable angular templates, adaptive
angular tolerance, and posture-stability mechanisms, and provides the technological basis
for COLLVIT. The following subsections distinguish between the architectural design de-
fined at the patent level and the corresponding prototype implementations. Together, these
successive architectures and their implementations constitute the technological evolution
described in this paper as the KUMITRON–COLLVIT framework.

2.1. Architecture for Multi-Participant Motor Activity Analysis

The first architecture was designed to provide synchronized analysis of multiple par-
ticipants’ motor activity data [1]. It supported both independent and interactive movement,
enabling synchronized analysis of both individual performance and interactions between
participants. The architecture was therefore specifically suited to motor practices involving
individual and paired activity, such as combat sports, in which participants may perform
movements independently or in interaction with one another.

One of the most important design decisions underlying this architecture was the
integration of heterogeneous data streams within a common processing flow. These data
streams could include images acquired from one or more cameras together with inertial,
physiological and contextual measurements. The resulting multimodal data were provided
to a processor for joint analysis of movement initiation, identification of potential motor
actions, and comparison with predefined reference models. At the architectural level,
complementary sensor data could be used to constrain the set of candidate movements prior
to and/or during the processing of visual information, thereby reducing the movement-
recognition search space.

The architecture was designed to support interactive psychomotor practices by ex-
plicitly considering temporal relationships between participants. The patent defines an
approach in which motor activity is analyzed as sequences of predefined movements
performed by each participant, as well as action–reaction interactions between partici-
pants. Thus, it supports the identification of not only a movement performed by one
participant but also the expected response of another participant to that movement, based
on previously defined pairs or sequences of movements. This architecture provided the
technological foundation for KUMITRON, which implemented these concepts primarily
for the synchronized analysis of paired motor activity during kumite (sparring) between
two karate participants. The resulting approach therefore extends the focus from the
recognition of individual movements toward the analysis of synchronized and interactive
motor activity.

2.1.1. System Components

The first patent-based architecture integrates sensing components, visual acquisition
devices, communication units, a central processing unit, repositories of reference informa-
tion, and feedback interfaces. The sensing components include inertial sensors, such as
accelerometers and gyroscopes, and physiological sensors, such as heart rate, temperature,
respiration, or other biometric sensors. These sensors are intended to capture physical
and physiological variables associated with the execution of motor actions. In addition,
contextual sensors may be incorporated into the environment, for example, to measure
external variables such as room conditions, floor pressure, or spatial information.

The architecture incorporates one or more cameras. In one embodiment, the cameras
may be installed on drones in order to follow each participant while maintaining a stable
distance and viewing angle. In another embodiment, the system may use fixed cameras to
monitor the practice area. The patent describes both possibilities, indicating that the camera
stream is used to acquire image sequences of the participants and to detect changes in body
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joints between consecutive images. This visual information is combined with the measured
sensor values to identify the start of a movement and to determine its compatibility with
a “typified movement”, a patent-specific concept referring to a predefined motor action
represented through reference information.

The architecture also includes wireless units associated with the participants and,
when necessary, with contextual sensors. These units periodically transmit the measured
values to the processing unit. The processing unit, described as a computer in the patent,
receives the video streams and sensor messages, synchronizes them over time, and per-
forms the multimodal analysis. The system also includes repositories containing reference
information, such as pattern images, expected physical-variable ranges, previous partici-
pant data, and typified movements. These repositories allow the system to compare the
current execution with predefined or previously stored motor patterns.

Finally, the architecture includes feedback and visualization components. The pro-
cessed information may be shown on a screen for the instructor, participants, or audience,
and it may also be transmitted directly to participants through actuators. The patent ex-
plicitly contemplates visual, auditory, or tactile feedback, allowing the system to provide
immediate recommendations or alerts derived from the movement analysis. These feed-
back and visualization components extend the architecture beyond movement monitoring
by enabling the resulting information to be used for purposes such as learning support,
performance analysis, injury prevention, and strategy development during motor practice.

2.1.2. Synchronized Movement Identification

The first patent-based architecture considers movement identification as a synchro-
nized multimodal process. Video and sensor data are processed jointly within a common
temporal structure rather than as independent information streams. At each time interval,
the processing unit receives images from the camera system and measured values from
inertial, physiological, and contextual sensors. Temporal synchronization allows changes
visible in the participant’s body to be correlated with the physical variables measured at
the same instant, supporting the identification of typified movements compatible with the
multimodal evidence.

Movement identification begins with the determination of the point in time at which
the participant initiates the movement. Successive images of each participant are analyzed
to identify body joints and detect changes between consecutive images, thereby indicating
the onset of a potential motor action before the action is completed. The patent specifically
identifies early movement-onset detection as relevant to interactive motor activities, since
detecting movement initiation before it is readily perceived can support anticipation of an-
other participant’s subsequent action. For example, in karate kumite, recognizing the early
phases of an opponent’s attack could enable an instructor or the system to provide strategic
advice regarding a likely counterattack before the ongoing interaction is completed.

After detecting movement onset, the collected data can be compared with a repository
of typified movements. Typified movements are represented in the patent through pattern
image sequences and expected ranges for physical variables such as inertial measurements,
physiological variables, contextual information, and/or other sensor-derived values. Thus,
the architecture does not rely solely on visual information for movement identification.
Instead, synchronized sensor values can be used to constrain or confirm the set of candidate
typified movements compatible with the observed data. By reducing the set of candi-
date movements compatible with the sensor data, the architecture is intended to support
faster and more precise movement identification while reducing the computational load
associated with image processing.

https://doi.org/10.3390/inventions11050094

https://doi.org/10.3390/inventions11050094


Inventions 2026, 11, 94 16 of 46

The patent illustrates this multimodal characterization through the example of a side
kick. The corresponding typified movement may be represented by a sequence of body
postures in the image stream, while complementary sensor information may characterize
features such as backward body inclination, a change in floor pressure from two feet to one,
and a period of held breath. By combining these sources of evidence, candidate movements
that are incompatible with the observed sensor data can be discarded, reducing the search
space for movement identification. This illustrates the role of multimodal information in
the architecture for interpreting motor activity in real time.

Movement identification is performed for all participants. Accordingly, the architec-
ture supports the synchronized identification, at each time interval and for each participant,
of a typified movement compatible with both the detected movement onset and the cor-
responding sensor measurements. This participant-specific yet temporally synchronized
analysis provides the basis for subsequently examining relationships between the move-
ments performed by different participants. The identified movements can subsequently be
associated with each participant within the same temporal frame, enabling simultaneous
monitoring while preserving the correspondence between participants and their respective
sensor and image data. The resulting information can then be used for visualization, an-
notation, or feedback through the visual, auditory, or tactile interfaces contemplated by
the architecture.

Overall, synchronized movement identification in the first patent-based architecture
can be summarized as a three-stage process: i) detecting movement onset through changes
between consecutive images; ii) constraining candidate typified movements using synchro-
nized sensor data; and iii) identifying, for each participant and within a common temporal
frame, the typified movement compatible with the available multimodal evidence.

2.1.3. Action–Reaction Modeling

The architectural design supports the analysis of a participant’s movement in relation
to the movements of other participants. In this respect, the architecture can consider
the potential influence of a participant’s movements on another participant. The action–
reaction modeling defined in the patent represents these relationships through associations
between typified movements performed by different participants. Observed movements
can therefore be related to predefined combinations of movements that represent recurring
sequences of interactions between participants.

In this architecture, each participant’s movement is initially identified as part of a
time-synchronized frame. Once the movements of the participants have been identified
within this time frame, they can then be related to pre-existing associations between typified
movements. These associations may reflect, for example, an offensive move followed by
a defensive move, an offensive move followed by a counterattack, or other movement
combinations represented during paired motor activity. Hence, the architecture supports
the analysis of not just what each participant is doing at a particular point in time, but also
how each participant’s movements relate to the movements of others across time.

This aspect is especially pertinent to martial arts-based practices such as karate ku-
mite. In this context, the relevant unit of analysis is not simply an individual stance or
technique, but the temporal relationship between the offensive and defensive actions of the
participants. For example, a lateral kick may be represented as a sequence of postures and
associated sensor measurements while also being related to a predefined defensive reaction
by the opponent. Thus, by recording and analyzing such action–reaction relationships,
the architecture provides a basis for interpreting interactive motor behavior rather than
treating each participant as a separate source of movement information.
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Additionally, the patented architecture enables the incorporation of past participant
data into the analytical process. Consequently, a participant’s current movement can be
compared with prior instances of that same movement performed by that same participant
as well as with one or more reference patterns stored in the repository. This capability
provides a basis for longitudinal comparison of motor performance. From a learning per-
spective, such information may be relevant because psychomotor learning and performance
in interactive activities involve not only the execution of individual motor actions but also
the ability to respond appropriately to the actions of other participants.

Furthermore, action–reaction modeling can also constrain the movement-identification
search space. Once a movement has been identified for one participant, predefined action–
reaction associations can be used to restrict the set of candidate movements considered
for another participant. Movements that are incompatible with the expected interaction
can therefore be excluded or deprioritized, reducing the candidate space and supporting
real-time processing.

These action–reaction principles were also explored through KUMITRON in paired
karate practice, including movement anticipation and interaction-aware feedback [23],
as described in Section 2.2. Overall, action–reaction modeling introduces an interaction-
aware representation of motor activity that extends beyond traditional independent single-
participant movement identification.

While the first architecture primarily addressed synchronized multimodal movement
identification and action–reaction relationships between participants, it did not address
depth-informed joint-angle-based posture assessment or depth-dependent angular tol-
erance. These capabilities became the focus of the subsequent patent-based architecture
described in Section 2.3, representing a further stage in the technological evolution of the
KUMITRON–COLLVIT framework.

2.2. KUMITRON Implementation

KUMITRON [2] was developed as the first prototype implementing the multi-
participant motor activity analysis architecture described in Section 2.1. Its initial ap-
plication focused on karate kumite, integrating synchronized video acquisition, inertial
and physiological sensing, movement analysis, and feedback-related information within a
common training environment. The name KUMITRON combines “kumite” with “drone,”
reflecting the original concept of using aerial video acquisition to monitor paired karate prac-
tice. This initial concept was inspired by previous work exploring drone-based monitoring
of human movement in martial arts practice [72]. During the subsequent development of
KUMITRON, conventional cameras were found to provide a more practical solution for the
intended indoor training scenarios, and the visual-acquisition setup evolved accordingly.

Figure 1 provides a functional synthesis of the processing workflow that guided
the development and subsequent evolution of KUMITRON, integrating concepts orig-
inating in the first patent-based architecture with capabilities incorporated in later
implementation stages.

KUMITRON implemented the first architecture through a real-time monitoring work-
flow for karate kumite that combined synchronized video data with wearable inertial and
physiological signals, enabling instructors to monitor movement-related indicators during
kumite practice sessions and use this information to support movement interpretation and
instructor-mediated feedback regarding combat strategy and opponent movement antici-
pation [2]. Movement anticipation was one of the earliest specific applications explored
within this technological line. A subsequent study investigated whether computer-vision
processing could facilitate the anticipation of an opponent’s attack by highlighting early
movement cues [23].
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Figure 1. Functional synthesis of the processing workflow guiding the development and evolution
of KUMITRON, combining technological concepts from patent ES 2 890 715 B2 [1] with capabilities
incorporated in subsequent implementation stages: (1) capture of participant activity; (2) acquisition
of video and sensor streams; (3) processing of synchronized evidence; (4) movement and interaction
analysis; and (5) generation of feedback-related information.

Through this paired monitoring approach, KUMITRON explored the practical use of
interaction-related information for movement anticipation and tactical interpretation during
karate kumite [23]. Rather than treating each participant independently, the prototype
provided synchronized information about both participants that could be used by the
instructor to interpret their movements in relation to the ongoing interaction.

The KUMITRON interface integrated these heterogeneous sources of information to
support live observation and analysis of karate combats. As illustrated in Figure 2, the
interface brought together video streams, physiological and inertial information, movement-
related indicators, and computer-vision outputs incorporated across successive develop-
ment stages, providing the instructor with a synchronized view of the participants’ activity
during kumite practice.

KUMITRON’s overall system design followed the four-stage SMDD model of intelli-
gent psychomotor systems introduced in [73]: sensing movement, modeling movement,
designing feedback, and delivering feedback. At the sensing level, the first KUMITRON pro-
totype gathered data using an Arduino MKR WiFi 1010 board (Arduino S.r.l., Monza, Italy),
an AZDelivery GY-521 MPU-6050 inertial sensor (AZ-Delivery Vertriebs GmbH, Deggen-
dorf, Germany), a MakerHawk MAX30102 heart-rate sensor (MakerHawk, Dongguan,
China) worn by each participant. In a subsequent hardware iteration, the Arduino-based
setup was replaced by an M5Stick device (M5Stack Technology Co., Ltd., Shenzhen, China),
providing a more compact platform for participant sensing and data transmission. The
visual information was initially obtained using the camera of a DJI Tello drone (SZ DJI Tech-
nology Co., Ltd., Shenzhen, China). Subsequently, an Angetube 862Pro webcam (Angetube,
Shenzhen, China) was also used. The acquired data streams were synchronized in real time
to enable multimodal analysis at the modeling level.

The signals generated by the sensing devices were sent via wireless communication
to a responsive application. Therein, those signals were displayed to instructors who
monitored the participants during the kumite session, using the interface in Figure 2. The
synchronized information provided the instructor (sensei) with complementary information
for interpreting the ongoing interaction and determining when guidance or feedback was
appropriate. KUMITRON comprised two software modules: a training module and a web
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module. The training module was responsible for receiving and displaying video and
sensor data during a kumite session. The web module supported user account management,
session storage, and visualization of recorded information.

 

Figure 2. KUMITRON application interface during a karate kumite session, illustrating the in-
tegration of video streams (top center), physiological and inertial information (on the left), and
movement sequences (bottom right). The three images at the top represent three stages of video
processing: the original video stream (left); the output of the OpenCV Track Motion filter (center),
in which rectangular boxes highlight image regions where movement is detected between frames,
making early body-motion cues visible for the punch-anticipation approach evaluated in [23]; and
the output of OpenPose-based pose estimation (right), which reflects a subsequent pose-estimation-
based development [3] in which anatomical keypoints (represented as numbers) and skeletal con-
nections (represented as colored lines) were used to derive joint-angle features for posture and
movement modelling.

Initially, computer vision was implemented using JavaCV/OpenCV motion-detection
algorithms (version OpenCV 4.4.0-1.5.4). The motion-detection algorithm highlighted
image regions in which movement was detected between frames, making early body-
motion cues visible before an attack was completed. This approach was experimentally
explored for punch anticipation in a two-participant user study [23], as discussed in
Section 3.

Inertial data were used to construct a real-time position and orientation vector for each
participant. By displaying the vectors of both participants simultaneously, KUMITRON
provided the instructor with information about their relative movement directions, such
as whether a participant was advancing toward or retreating from the opponent. For
instance, one participant may have been deemed defensive and moving backward, while
another participant was offensive and moving forward, thus enabling instructors to rec-
ognize potential tactical advantages/strategies and offer strategy-related feedback. This
information complemented the computer-vision-based anticipation cues and could inform
tactical interpretation and instructor-mediated feedback [23].

During the initial stages of KUMITRON development, feedback was primarily pro-
vided through a human-in-the-loop approach. A Wizard of Oz technique was used: the
sensei evaluated the information collected by the system regarding both participants and
verbally provided feedback to the participants. Verbal comments, together with associ-
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ated system parameters, were recorded so that they could subsequently be analyzed to
elicit explicit feedback rules. This approach was intended to ground subsequent feedback
automation in pedagogically meaningful rules derived from expert instruction.

KUMITRON was also conceptualized to support future automation of feedback. Under
this design, once sensed information matched modelled movement information according
to predetermined rules, corresponding recommendations could be generated automatically
by the system without need for human intervention. Envisioned feedback modalities
included auditory feedback (e.g., voice instructions concerning strategies for combat),
visual feedback (e.g., video, filtered video utilizing computer vision techniques, sensor
data, and directional-movement vectors), and multimodal feedback modes for real-time
guidance or post-kumite review.

At a later stage of the research, KUMITRON incorporated pose-based movement
modelling using OpenPose v1.7.0 (CMU Perceptual Computing Lab). Anatomical keypoints
from video were grouped into 26 triplets from which joint-angle features were computed
and used as inputs to movement-classification algorithms. The study focused on predefined
Ippon Kihon kumite attack and defense postures and compared different data-mining
algorithms for their classification. This represented an important transitional phase from
general movement monitoring toward structured psychomotor performance modelling [3].

Across these successive developments, KUMITRON provided a technological testbed
for synchronized multimodal monitoring of paired karate activity, movement-direction
analysis, computer-vision-supported anticipation, instructor-mediated feedback, and, sub-
sequently, pose-based modeling of predefined karate movements. However, the pose-based
stage remained predominantly two-dimensional and relied on image-derived keypoints
and joint-angle features. The work in [3] explicitly identified the need to progress toward
complete movement sequences and noted that applying 3D pose estimation would require
depth-capable cameras. Subsequent research extended this line toward the analysis of
psychomotor group activity using neural-network-based movement modelling, further
emphasizing the need to represent coordinated activity involving more than one partici-
pant [6]. Together, these developments exposed open technical challenges related to spatial
representation, sensing variability, and multi-participant posture assessment, contributing
to the subsequent exploration of depth-informed kinematic posture assessment within the
KUMITRON–COLLVIT technological framework.

2.3. Architecture for Depth-Aware Adaptive Markerless Kinematic Posture Assessment

The second architecture, described in the patent application currently under exami-
nation [5], was designed to address key limitations observed in template-based and pre-
dominantly two-dimensional posture-validation systems. While KUMITRON established
the basis for synchronized multi-participant motor activity analysis, the predominantly
two-dimensional pose-based developments associated with KUMITRON were subject to
limitations associated with camera viewpoint, perspective distortion, participant-to-camera
distance, occlusion, and keypoint-detection instability. These limitations become critical
when kinematic assessment must be performed in real time because small landmark errors
can propagate into joint-angle estimation and produce inconsistent validation decisions.

To overcome these constraints, the second architecture introduces a real-time marker-
less kinematic posture assessment system based on RGB-D acquisition, 2D pose estimation,
2D/3D fusion, joint-angle computation, adaptive angular tolerance, kinematic posture vali-
dation, and posture-stability mechanisms. The architecture is designed for single-person
operation and can be extended to multi-person operation through participant management
and stabilization mechanisms. Its objective is not only to reconstruct a skeleton, but to
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determine whether a detected posture conforms to configured angular-template criteria
under variable sensing conditions.

At a functional level, the system includes four main units: (i) a capture unit, (ii) a
2D pose-estimation unit, (iii) a 2D/3D fusion unit, and (iv) a kinematic assessment unit.
The capture unit acquires RGB images and depth data. The 2D pose-estimation unit
detects body keypoints in RGB frames. The 2D/3D fusion unit assigns depth to each
detected 2D keypoint and generates 3D landmark coordinates. The kinematic assessment
unit computes joint angles, compares observations against parameterized angular ranges,
applies adaptive tolerance criteria, assesses conformity with angular templates, and emits
results for visualization and subsequent feedback generation.

A key design principle is the explicit separation between pose estimation and kine-
matic posture validation. The pose-estimation layer detects keypoints; the kinematic
assessment layer interprets them through angles, validation rules, adaptive tolerances, and
posture templates. This separation enables updates to templates, decision rules, tolerance
parameters, and validation criteria without retraining the underlying keypoint-detection
model. Consequently, new postures or movement patterns can be introduced by configur-
ing angular-template criteria rather than rebuilding the neural network.

The main technical contribution of this architectural approach is depth-aware angular
tolerance. Instead of relying only on fixed thresholds, the architecture allows validation
strictness to be adjusted using depth information associated with the participant or the
evaluated joints. At the architectural level, the effective angular tolerance may be defined
globally or on a joint-specific basis through a compensation function that depends on
the distance to the sensor. This provides a mechanism for incorporating depth-related
geometric uncertainty into the posture-validation decision boundary.

The architecture also supports confidence-aware preprocessing and validation. When
the pose-estimation module provides keypoint confidence values, low-confidence land-
marks may be filtered, down-weighted during 2D/3D fusion, or incorporated into the
validation process. These mechanisms are intended to mitigate the influence of unreliable
detections caused, for example, by occlusion or noisy keypoint localization. However,
in the current COLLVIT implementation (detailed in Section 2.4), confidence is used for
keypoint filtering rather than for confidence-dependent tolerance adaptation.

Another relevant mechanism is posture-stability control across frames. The architec-
ture associates each participant with an individual valid-posture memory that can preserve
the most recent valid state when temporary keypoint loss or detection instability occurs. In
multi-person scenarios, this participant-specific memory can be combined with participant-
management mechanisms to support temporal continuity and reduce ambiguity between
simultaneously detected individuals.

The second architecture also defines optional modules for temporal sequencing, multi-
person management, metric computation, persistence, angular-template generation, and
AI-based parameter adjustment. The sequencing module validates progression through
predefined scripts (e.g., kata, rehabilitation routines, choreography, and guided technical
drills). The template-generation module can automatically generate reusable templates
from 3D skeletal data, including joint-angle ranges, acceptance tolerances, orientation
metadata, and minimum validation criteria, enabling reuse without retraining the pose-
estimation model. The architectural diagram is depicted in Figure 3.

This second architecture provides the technical basis for moving from interactive
movement recognition toward depth-informed kinematic posture assessment. It is imple-
mented through the COLLVIT prototype, described in Section 2.4, which operationalizes
these architectural principles through RGB-D fusion, angular-template-based assessment,
depth-aware tolerance adaptation, configurable posture templates, and participant-specific
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stabilization mechanisms. Within the KUMITRON–COLLVIT framework, this second
architecture therefore represents a shift from the interaction-oriented multi-participant
monitoring addressed by the first architecture toward configurable, depth-informed kine-
matic posture assessment. The resulting assessment information can subsequently inform
the design of interpretable feedback strategies in individual and multi-participant psy-
chomotor learning scenarios.

Figure 3. Architectural diagram corresponding to the patent application currently under examination [5].

2.3.1. RGB-D Acquisition and 2D/3D Fusion

The second architecture uses two complementary streams: RGB images and depth
data. RGB provides the input for 2D pose detection, while depth provides the spatial
component required for 3D kinematic assessment. The processing chain starts with 2D
keypoint detection on RGB frames using a pose-estimation model. Detected landmarks
can subsequently be processed according to confidence and validity criteria before 2D/3D
fusion and kinematic posture assessment.

After 2D detection, fusion is performed by assigning a depth value to each valid
keypoint. At the architectural level, depth may be obtained from an RGB-D camera or
other depth-sensing technologies, such as time-of-flight, stereo, or LiDAR sensors, and may
alternatively be inferred from RGB images using monocular depth estimation. The resulting
depth information is spatially aligned with the RGB image before being associated with the
corresponding 2D keypoints. This fusion process produces a set of 3D keypoints (x, y, z)
used to compute 3D joint angles. This 3D landmark representation provides the spatial
basis for the depth-aware angular-tolerance model described in the following subsection.

2.3.2. Theoretical Basis of Depth-Aware Angular Tolerance

The depth-aware angular tolerance model is based on the relationship between per-
spective projection, depth-dependent spatial uncertainty, and joint-angle validation. In
a camera-based capture system, a 3D point P = [X, Y, Z]T is projected onto the image
plane [74] according to the pinhole camera model:

x = fx

(
X
Z

)
+ cx, y = fy

(
Y
Z

)
+ cy

where x and y are the image coordinates, fx and fy are the focal lengths expressed in pixel
units, cx and cy define the principal point, and Z represents the depth of the point with
respect to the camera. This formulation shows that image measurements are inherently
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depth-dependent: the same physical displacement in 3D space produces different projected
displacements depending on the distance between the body point and the camera.

Within the second architecture, RGB keypoints are extended into 3D by associating
each valid 2D keypoint with a depth value z. A simplified back-projection model can be
expressed as

X =
(x − cx)z

fx
, Y =

(
y − cy

)
z

fy
, Z = z

Thus, each anatomical keypoint is represented as a 3D point:

P = [X, Y, Z]T

Once the anatomical keypoints have been represented in 3D space, joint angles can be
computed from triplets of body landmarks [75]. For a joint j defined by three keypoints, pa,
pb, and pc, the two body-segment vectors are

v1 = pa − pb, v2 = pc − pb

The observed joint angle θj is then calculated as

θj = arccos
(

v1·v2

∥v1∥∥v2∥

)
This angle-based formulation is useful because it preserves kinematic interpretability

at the articulation level and is aligned with standard clinical kinematic descriptions [76].
However, the estimated 3D keypoints are affected by uncertainty. This uncertainty may
be produced by RGB keypoint localization error, depth noise, RGB-D misalignment, oc-
clusion, motion blur, partial body visibility, or reduced spatial resolution at larger capture
distances [77]. Therefore, the issue should not be understood only as sensor error, but
also as a geometric effect associated with perspective projection and depth-dependent
spatial sampling.

This uncertainty propagates to angular validation. If a body segment has length Lj and
the estimated keypoints have an effective spatial uncertainty ∆p(z), the induced angular
uncertainty can, as a first-order approximation, be related to the spatial uncertainty as

∆θj(z) ≈
∆p(z)

Lj

If effective spatial uncertainty increases with depth within the operating range of the
sensing configuration, the corresponding angular uncertainty may also increase as the
participant moves farther from the sensor:

z2 > z1, ∆p(z2) > ∆p(z1) ⇒ ∆θj(z2) > ∆θj(z1)

This relationship motivates the use of depth-aware rather than exclusively fixed angu-
lar thresholds under variable capture conditions. A tolerance that is appropriate at close
range may be too strict when the participant is farther from the sensor because the observed
angular deviation may include a larger geometric uncertainty component. Conversely,
using an excessively broad fixed tolerance for all distances may reduce validation precision
at close range [78].

For this reason, kinematic posture validation can be expressed using an effective
tolerance rather than a fully static threshold:

|θj − θref,j| ≤ τj(z)
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where θj is the observed joint angle, θref,j is the reference or expected angle for joint j, and
τj(z) is the active angular tolerance used during validation.

A general joint-specific formulation of depth-aware tolerance can be written as

τj(z) = τbase,j + fj(z)

where τbase,j is the base tolerance for joint j and fj(z) is a depth-dependent compensation
function. This formulation represents a general form of the architectural model, in which
each joint may have a specific compensation behavior according to its kinematic role,
segment length, expected range of motion, and sensitivity to depth-related uncertainty.

In this theoretical formulation, fj(z) should be a non-negative and monotonically
increasing function of depth:

f j(z) ≥ 0,
∂ f j(z)

∂z
≥ 0

This condition ensures that tolerance is not reduced below the base tolerance and that
the compensation increases only when depth-related uncertainty is expected to increase.
Different mathematical forms may be used depending on the sensor, task, and empirical
calibration process. For example, a linear model can be expressed as

fj(z) = kj(z − z0), z > z0

where z0 is a reference depth and kj controls the compensation rate for joint j.
A quadratic model can be expressed as

f j(z) = k j(z − z0)
2, z > z0

This formulation may be useful when uncertainty grows nonlinearly with distance.
A bounded piecewise model can also be defined as

f j(z) =


0, z ≤ z0

k j(z − z0), z0 < z < zmax

fmax,j, z ≥ zmax

This last formulation is especially relevant for real-time kinematic posture validation
because it allows compensation to increase with depth while preventing unbounded
tolerance expansion.

2.3.3. Valid-Posture Memory and Multi-Person Stabilization

The second architecture incorporates temporal continuity mechanisms intended to
stabilize posture assessment when temporary degradations affect keypoint detection. Such
degradations may arise from occlusion, motion blur, participant overlap, partial detection
failure, or other transient sensing conditions. Without continuity mechanisms, temporary
keypoint loss may lead to abrupt changes in posture-assessment outputs.

At the architectural level, valid-posture memory provides a temporal continuity
mechanism by associating each participant with the most recently validated posture. When
the current observation cannot be reliably validated because of temporary keypoint loss
or detection instability, the previous valid state may be retained to preserve short-term
continuity. This mechanism should be understood as a stabilization strategy rather than as
a temporal prediction model or as evidence of improved classification accuracy.

For multi-person scenarios, valid-posture memory can be combined with participant-
management mechanisms so that posture states and assessment criteria are maintained
separately for simultaneously detected individuals. The architecture also allows participant-
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specific profiles to be associated with different angular templates or posture-validation
rules, supporting scenarios in which participants perform different roles or are assessed
according to different configured criteria.

The architecture further supports orientation and lateralization criteria as part of
posture validation. These criteria can use anatomical landmarks and geometric consistency
rules to distinguish postures that may exhibit similar joint-angle configurations but differ
in the expected body side, profile, or orientation.

2.3.4. Configurable Posture Templates and Sequence Evaluation

Another relevant contribution of the second architecture is the reuse of posture tem-
plates without retraining the pose-estimation model. In many posture-recognition systems,
adding a new posture requires collecting new data and retraining the neural model. In
the second architecture, pose estimation and kinematic posture validation are separated,
so new postures can be configured through template parameters while keeping the same
keypoint detector.

In the architecture, the pose-estimation layer provides body keypoints, and the kine-
matic assessment layer validates them using configurable posture definitions (reference
angle ranges, active-angle sets, tolerance percentages, profile constraints, and minimum
valid-angle criteria). This allows new postures to be incorporated by updating configuration
and template data rather than modifying the pose-estimation model weights.

Angular templates in the second architecture are configurable reference structures
used to assess whether an observed posture conforms to predefined joint-angle criteria.
They should not be interpreted as universal representations of biomechanical correctness.
Instead, they encode task-specific, population-specific, and context-dependent posture
criteria. Depending on the application, template criteria may be configured from domain-
expert specifications, reference examples, or demonstration data.

Unlike a fixed posture classifier, this approach supports the configuration of new
posture definitions at the template layer. When the relevant angular ranges and validation
criteria are specified, the same pose-estimation pipeline can be retained, while kinematic
assessment rules are modified through configuration.

The architecture also supports guided sequence evaluation. Multiple templates can be
arranged as ordered expected states, and the sequence logic can validate progression and
completion over time. This enables the representation of structured movement sequences,
such as kata-like drills or other scripted psychomotor activities.

2.4. COLLVIT Implementation

COLLVIT implements the second architecture and focuses on real-time kinematic
posture assessment using 2D and RGB-D processing configurations. The name COLLVIT
combines the notions of collaboration and Vygotskian learning, reflecting the pedagogical
motivation underlying its development. In particular, the system was conceived as a
technological basis for exploring feedback strategies in collaborative psychomotor learning,
where movement-assessment information can support interaction, peer regulation, and
guided learning. However, COLLVIT’s current implementation, which is described in this
paper for the first time, focuses on the technical assessment layer; the design and evaluation
of collaborative feedback strategies constitute a subsequent pedagogical layer and an area
for further research.

The development of COLLVIT retains SMDD as the conceptual basis already adopted
in the KUMITRON research line, while extending primarily its sensing and modeling stages.
RGB-D acquisition and 2D/3D kinematic processing enrich the movement information
captured and modeled by the system, while configurable posture assessment transforms
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this information into interpretable assessment results that can subsequently inform the
later SMDD stages of designing and delivering feedback.

Whereas the KUMITRON implementation of the first architecture was developed
primarily between 2020 and 2022 and has been documented across several previous publi-
cations [2,3], COLLVIT represents a subsequent implementation stage of the framework.
Earlier work reported intermediate developments toward 3D and group-based psychomo-
tor assessment [6], while the present paper provides the first integrated technical description
of the current COLLVIT prototype. Accordingly, this section distinguishes explicitly be-
tween capabilities currently implemented in COLLVIT and broader capabilities defined at
the architectural level.

2.4.1. Implementation Scope and Processing Pipeline

Consistent with the second architecture, COLLVIT maintains a functional separation
between pose estimation and kinematic posture validation. The pose-estimation component
uses the Ultralytics YOLO11n-pose model to detect body keypoints from RGB images, while
the kinematic assessment component evaluates those identified keypoints by calculating
joint angles, applying constraints based on the configured participant profile, applying
tolerance parameters, and evaluating posture according to predefined rules or templates.
Because these two components are functionally separate, validation criteria can be adapted
without having to retrain the underlying pose-estimation model.

In the 3D processing pipeline, RGB and depth data are processed through successive
stages before kinematic posture validation. COLLVIT detects 2D keypoints in RGB frames,
applies filtering to invalidate low-confidence or invalid keypoints, and then associates each
valid keypoint with a depth value sampled from a local region of interest (ROI). Once the
2D and depth information have been fused, a 3D coordinate (X, Y, Z) is obtained for each
valid keypoint, which is then used to compute 3D joint angles and evaluate posture.

In the current implementation, depth is sampled from a 5 × 5-pixel region centred
on each keypoint, and the median of finite depth values greater than zero is assigned to
that keypoint. If no valid depth samples are available within the local window, no reliable
real-depth value is assigned.

When a real depth stream is unavailable, the individual 3D classifier can generate
a synthetic z-axis approximation to preserve software operation. This fallback does not
provide metric depth and is therefore not equivalent to RGB-D-based 3D assessment.

2.4.2. Depth-Aware Tolerance and Posture Validation

In the current COLLVIT implementation, tolerance adaptation is applied in the in-
dividual 3D pipeline using a frame-level mean depth. Instead of computing a specific
compensation function for each joint, the system applies a global scaling factor to the
configured 3D base tolerance. This provides a computationally lightweight approximation
of the depth-aware tolerance principle defined by the second architecture.

Specifically, the current implementation computes d using np.nanmean(depth) over the
available depth frame when finite values are present. Thus, d is a frame-level depth mean
rather than a participant-specific or joint-specific depth estimate. The current computation
does not explicitly exclude depth values less than or equal to zero before calculating
this mean.

The effective percentage tolerance is computed as

Teff (d) = T3D,base d · α(d)
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where d is the frame-level mean depth, T3D,base is the configured base percentage tol-
erance for individual 3D posture assessment, and α(d) is a bounded depth-dependent
scaling factor.

In the current implementation, α(d) is defined as

α(d) = 1 + min(0.5, max(0,0.3(d − 1.0)))

Therefore, the implemented effective tolerance can be written as

Teff (d) = T3D,base · [1 + min(0.5,max(0,0.3(d − 1.0)))]

The resulting Teff (d) therefore represents a percentage rather than an angular margin
in degrees; this effective percentage is subsequently converted into the angular margin
applied to the posture-template range, subject to the minimum padding of 2◦.

This formulation preserves the base 3D percentage tolerance for depths at or below
1.0 m. When the frame-level mean depth is greater than 1.0 m, the tolerance increases
gradually with distance. The increase is capped at 0.5, meaning that the effective tolerance
can reach at most 1.5 times the configured base tolerance. This prevents unbounded
tolerance expansion.

The numerical factors used in this formulation are configurable engineering param-
eters rather than empirically calibrated biomechanical or sensor-error parameters. The
reference depth of 1.0 m, linear scaling coefficient of 0.30, and maximum scaling factor of
1.50 were selected to provide bounded depth-dependent adaptation. These values have not
yet been established through formal sensor-calibration or measurement-error studies and
should therefore be configured according to the RGB-D sensor, acquisition environment,
movement characteristics, and operational range.

The tolerance parameter is applied differently depending on the processing mode. In
individual 2D and individual 3D modes, the configured tolerance percentage is applied
as an additional margin over the angular range defined in the posture template, with a
minimum padding of 2◦. In individual 3D mode, the base tolerance is first adjusted using
the depth-aware global scaling factor described above. In group 3D mode, the configured
tolerance percentage is instead applied around the midpoint of the template angular range.
Thus, the tolerance parameter is mode-dependent and should be interpreted according to
the corresponding posture-assessment logic.

Joint-angle-based kinematic posture assessment is then performed by comparing the
observed joint angles with the configured template ranges using the mode-specific angular
margin derived from the active tolerance percentage. Joint-level checks are subsequently
aggregated into posture-level decisions through the configured minimum-valid-angle
criteria. This maintains an interpretable relationship between joint-level angular criteria
and posture-level assessment decisions.

Accordingly, the current implementation represents a frame-level global approxima-
tion of the more general depth-dependent compensation model defined by the architecture;
joint-specific depth compensation is not currently implemented. Moreover, this depth-
dependent tolerance scaling is currently applied only in the individual 3D pipeline. In
group 3D mode, depth is used to compute 3D joint angles, but posture validation uses the
configured group tolerance rather than the individual 3D depth-scaling function.

2.4.3. Multi-Person Handling, Temporal Stabilization, and Template Configuration

In group mode, detected participants are ordered according to their horizontal position
in the image and assigned from left to right to participant slots. Predefined participant
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profiles can be associated with these slots, allowing different angular templates or posture-
validation rules to be applied to different participants.

This mechanism constitutes ordered slot assignment rather than persistent identity
tracking or re-identification. Consequently, participant identities may be exchanged when
individuals cross positions, overlap, become occluded, leave and re-enter the capture area,
or otherwise alter their relative horizontal ordering. The current implementation should
therefore not be interpreted as providing persistent identity tracking in unconstrained
multi-person interactions.

Temporal stabilization mechanisms differ across operating modes. Frame-stride in-
ference reuse is applied according to the mode-specific configuration, while group mode
additionally stores the last valid posture associated with each ordered participant slot and
may reuse it when the current posture is classified as unknown. In the current configuration,
the individual 3D mode uses a frame stride of 1, whereas group 3D processing enforces a
minimum stride of 2, resulting in an effective frame stride of 2. This valid-posture memory
is intended to reduce abrupt output changes caused by transient keypoint loss or unstable
detections, but retention of a previous state should not be interpreted as evidence that the
posture remains correctly executed in the current frame.

Profile inference uses facial landmarks, including the ears and nose, while configurable
knee-side checks provide additional orientation constraints, including a 3D-assisted fallback
in the 3D classifiers. These mechanisms are used to distinguish configurations that may
exhibit similar angular relationships but differ in the expected side, profile, or orientation.

In the current prototype, angular templates are implemented as configurable parame-
ters and may specify reference angular ranges per joint, profile or orientation constraints,
posture-specific knee-forward rules, active-angle subsets for the different operating modes,
minimum-valid-angle criteria, and tolerance values. Template persistence is supported
through posture-data and runtime-configuration files, including custom posture storage
for 2D and 3D modes.

The templates used in the current prototype were not derived from a statistically
validated template-generation procedure. COLLVIT therefore evaluates conformity with
configured angular templates rather than universal biomechanical correctness.

COLLVIT also implements sequence-aware assessment for predefined movement
sequences. In the current implementation, the expected sequence is represented as an
ordered list of posture states. During execution, the posture produced by the kinematic
assessment layer is compared with the posture expected at the current sequence step.
When the assessed posture satisfies the expected state, the sequence controller marks the
step as completed and advances to the next expected posture. If the current posture is
invalid, unknown, missing, or does not match the expected state, the sequence does not
advance, and the current step remains active until a valid matching posture is identified.
The sequence can also be reset from the interface. This sequence-aware functionality is
implemented in both individual and group variants.

The same criterion-based progression principle is used in individual and group se-
quence variants. In individual mode, one sequence detector is used and the sequence
type is initialized from the detected profile. In group mode, separate sequence detec-
tors are maintained for the ordered participant slots, with the first slot configured for
the attack sequence and the second slot configured for the defense sequence. Figure 4
illustrates the current COLLVIT prototype interface in the individual karate assessment
mode, integrating markerless pose tracking, joint-angle information, posture assessment,
and system-level metrics.
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Figure 4. Prototype interface of COLLVIT for individual-based kinematic posture assessment in
karate. The interface displays the menu options on the left, markerless skeleton tracking for one
participant in the center, and posture assessment, angular information, and system-level metrics
on the right. Green lines indicate body segments and joints that satisfy the configured posture
criteria, whereas red lines indicate segments associated with angular deviations outside the accepted
tolerance range. Yellow dots represent detected anatomical keypoints. The figure illustrates the
implemented user-interface components and should not be interpreted as empirical validation of
system performance.

2.4.4. Technical Configuration and Implementation Boundaries

In this paper, real-time refers to live-stream processing during system operation rather
than to a formally benchmarked latency or frame-rate guarantee.

To improve reproducibility and clarify the current software implementation, Table 3
summarizes the main technical parameters of the COLLVIT prototype. Parameters that were
not fixed or not systematically benchmarked in the current study are explicitly reported as
configuration-dependent or pending future measurement rather than inferred.

Table 3. Technical configuration of the current COLLVIT prototype.

Implementation Aspect Current COLLVIT Prototype Status

RGB-D input
Real RGB-D input is supported through an Intel RealSense D435 camera (Intel Corporation, Santa Clara, CA,
USA) using pyrealsense2 (version 2.56.5.9235). If no real depth stream is available, the individual 3D classifier can
generate a synthetic z-axis fallback only to preserve software continuity.

RGB and depth resolution The RealSense source first attempts 424 × 240 at 15 FPS. If this profile fails, it attempts 640 × 480 at 30 FPS. The
depth stream follows the same attempted profiles as the RGB stream.

Frame rate
Camera acquisition profiles are configured as 15 or 30 FPS, depending on the selected RealSense profile. The
software property is currently set to 30.0 after initialization; therefore, measured end-to-end FPS should still be
reported through future benchmarking.

Sensor-to-participant distance Variable in the current prototype. No systematic operating-distance calibration is implemented or reported.

Depth-to-color alignment Depth frames are aligned to the RGB/color stream using the Intel RealSense SDK 2.0 (version 2.56.5). Formal
intrinsic/extrinsic calibration reporting and RGB-D registration-error evaluation remain future work.

Pose-estimation model Ultralytics YOLO pose model (Ultralytics, version 8.3.153) using models/yolo11n-pose.pt.

YOLO inference size 416 px in 2D mode; 384 px in individual 3D mode and group 3D mode.

Inference device Configured to use CUDA 12.3 on cuda:0 when available, with CPU fallback if CUDA inference fails or CUDA
is unavailable.

Half precision Enabled when CUDA is available and disabled automatically when falling back to CPU.
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Table 3. Cont.

Implementation Aspect Current COLLVIT Prototype Status

Confidence threshold 0.5. keypoints with confidence ≤ 0.5 are invalidated before angle computation.

Invalid 2D keypoint handling Keypoints are invalidated when confidence ≤ 0.5, x ≤ 1, y ≤ 1 or coordinates are non-finite.

Depth window size 5 × 5 pixels around each keypoint, corresponding to a radius of 2 pixels.

Depth assignment strategy For each valid 2D keypoint, depth is sampled from the local 5 × 5 region and assigned using the median of finite
depth samples greater than 0.

Invalid or missing
depth values

Non-finite values and values ≤ 0 are discarded for keypoint-level depth assignment. If no valid depth samples
exist in the local window, no reliable real depth is assigned to that keypoint.

Mean depth used for
tolerance scaling

In the individual 3D pipeline, tolerance scaling uses np.nanmean(depth) over the available depth frame when
finite values exist. This is a frame-level depth mean, not participant-specific and not joint-specific. The current
computation does not explicitly filter depth values ≤ 0 before computing the mean.

Depth-aware tolerance scaling Implemented only in the individual 3D pipeline as Teff (d) = T3D,base × [1 + min(0.5, max(0, 0.3(d − 1.0)))].

Base angular tolerance
2D mode: 15% additional margin over the template angular range (minimum padding: 2◦); individual 3D mode:
10% additional margin over the template angular range (minimum padding: 2◦), adjusted by depth-aware global
scaling; group 3D mode: 15% around the midpoint of the template angular range.

Minimum valid angles Seven valid angles are required in 2D, individual 3D, group 2D, and group 3D configurations.

Active angles Left elbow, right elbow, left knee, right knee, left hip, right hip, left shoulder, right shoulder.

3D angle computation 3D angles are computed from keypoint triplets after extending 2D keypoints with z values from the depth frame.
The calculation uses vector dot product, vector norms, clipping to [−1, 1], arccosine, and conversion to degrees.

Joint-specific
depth compensation

Patent/design-level or future formulation. It is not implemented as independent per-joint tolerance compensation
in the current prototype.

Confidence-weighted
tolerance Not implemented. Confidence is currently used for keypoint filtering, not as a direct tolerance-weighting factor.

Synthetic z-axis fallback Used only as a fallback approximation when real depth is unavailable. It is generated from normalized keypoint
vertical coordinates and is not equivalent to real RGB-D-based 3D validation.

Group 3D behavior Group 3D computes 3D angles using depth per keypoint and uses the configured group 3D tolerance. It does not
apply the individual 3D alpha(d) tolerance-scaling function.

Temporal stabilization

Temporal stabilization is intended to reduce abrupt output changes caused by transient detection instability.
Frame-stride inference reuse is applied according to the mode-specific configuration, while group mode
additionally stores the last valid posture per ordered participant slot and may reuse it when the current
classification becomes “unknown.”

Frame stride 2D mode: 2; individual 3D mode: 1; group 3D mode: 2 (effective minimum enforced by the
group-processing logic).

Participant handling in
group mode

Detections are ordered from left to right and can use predefined participant profiles. This is slot assignment, not
persistent identity tracking or reidentification.

Sequence-aware assessment Predefined ordered posture sequences with criterion-based progression; available in individual and group modes.

Software configuration
Python ≥ 3.11, <3.13; NumPy ≥ 2.3.0; OpenCV-Python ≥ 4.11.0.86; Ultralytics ≥ 8.3.153; PyQt6 ≥ 6.6;
Torch ≥ 2.5.1; TorchVision ≥ 0.20.1; TorchAudio ≥ 2.5.1; Joblib ≥ 1.5.1; Pandas ≥ 2.2; Scikit-learn ≥ 1.7, <1.8;
pyrealsense2 ≥ 2.56.5.9235; CUDA 12.3.

Hardware configuration Intel RealSense D435 RGB-D camera (Intel Corporation, Santa Clara, CA, USA) and a laptop equipped with an
NVIDIA GeForce RTX 3050 6 GB GPU (NVIDIA Corporation, Santa Clara, CA, USA).

Latency Not systematically benchmarked in this paper.

The synthetic z-axis fallback should not be interpreted as equivalent to RGB-D-based
three-dimensional validation. It does not provide metric depth information and therefore
cannot support the same distance-aware tolerance interpretation as real depth data. Its
role is limited to maintaining software compatibility, visualization, or fallback operation
when RGB-D data are unavailable. Consequently, results obtained with the synthetic z-axis
fallback should not be used as evidence of depth-aware validation accuracy.

3. Results
This section presents the main technical results associated with the successive stages

of the KUMITRON–COLLVIT framework. Rather than presenting a new controlled ex-
perimental evaluation, it distinguishes among evidence obtained in previous evaluations
of KUMITRON-related developments, capabilities implemented in the current COLLVIT
prototype, and architectural capabilities that remain to be implemented or empirically vali-
dated. As such, this section explains what has already been implemented, what has been
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evaluated, and what still needs to be validated. Patent-level characteristics are reported as
architectural contributions unless they have also been implemented or evaluated.

Table 4 is included to avoid conflating implemented software functionality with patent-
level or future-development mechanisms. In particular, the current COLLVIT prototype
implements frame-level depth-aware global scaling based on the mean depth of the avail-
able depth frame, whereas joint-specific depth compensation is defined at the architectural
level but is not yet implemented in the current prototype, and confidence-weighted toler-
ance adjustment remains a possible future extension.

Table 4. Architectural, implemented, and future components of the KUMITRON–COLLVIT framework.

Component Patent/Theoretical Architecture Current Implementation Future Work/Validation Need

Multi-participant
motor-activity analysis

Included in the first
patent-based architecture

Implemented in the KUMITRON
prototype through paired karate
activity analysis

More robust identity tracking,
scalability analysis, and
evaluation in larger groups

Action–reaction modelling Included in the first
patent-based architecture

Explored in KUMITRON through
paired movement analysis,
anticipation, and
interaction-related information

Validation in open-ended
interactive scenarios

RGB-D acquisition Included in the second
patent-based architecture

Implemented in the COLLVIT
prototype in 3D
processing pipelines

Extended evaluation across
sensors, distances,
and environments

2D/3D fusion Included in the second
patent-based architecture

Implemented in the COLLVIT
prototype through depth
assignment to detected
2D keypoints

Calibration and RGB-D
registration refinement

Joint-angle-based kinematic
posture assessment

Included in the second
patent-based architecture

Implemented in the COLLVIT
prototype through configurable
angular templates

Validation against reference
measurements or
expert-labelled postures

Frame-level depth-aware
global scaling

Simplified implementation of the
architecture’s depth-dependent
tolerance mechanism

Implemented in the COLLVIT
prototype using frame-level mean
computed from the available
depth frame

Sensitivity analysis, parameter
calibration, and comparison with
non-depth-aware tolerance

Joint-specific depth compensation Included in the second
patent-based architecture

Not implemented as independent
per-joint compensation in the
current prototype

Implementation and empirical
validation of joint-specific
tolerance adaptation

Confidence-dependent
tolerance adjustment Possible future extension

Confidence currently used for
keypoint filtering
before validation

Future confidence-weighted
tolerance function

Valid-posture memory Included in the second
patent-based architecture

Implemented in the prototype as a
temporal stabilization/
fallback mechanism

Evaluation of false persistence,
latency, and recovery after
tracking loss

Sequence-aware assessment Included in the second
patent-based architecture

Implemented in the COLLVIT
prototype through predefined
ordered posture sequences and
criterion-based progression

Empirical evaluation of sequence
progression, error handling, and
applicability to guided
psychomotor tasks

Persistent multi-person
identity tracking

Not a claimed capability of the
current framework

Current implementation uses
ordering/profile assignment, not
full reidentification tracking

Future reidentification and
tracking module

3.1. Capabilities Associated with the First Architecture and KUMITRON

The first stage of the technological evolution established a multimodal architecture
for synchronized analysis of motor activity involving multiple participants. As described
in Section 2.1, this architecture integrated visual, inertial, physiological, and contextual
information to support movement identification and the analysis of temporal relationships
between participants.

A key architectural contribution of this first stage was action–reaction modelling.
This enabled the representation of paired or chained movements, such as attack–defense
relationships, thereby extending the analytical unit beyond individual movement execution
toward temporally related movements performed by different participants.
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KUMITRON operationalized this architecture in a karate training scenario. The
prototype synchronized video, inertial signals, physiological data, and instructor-mediated
feedback during kumite practice. It used visual tracking, Arduino-based wearable sensors,
OpenCV-based movement detection, and a visual interface through which the instructor
could observe the activity and provide real-time guidance. The prototype, therefore,
demonstrated the feasibility of monitoring paired karate practice through synchronized
multimodal data.

The implementation also introduced a first feedback model based on a Wizard of Oz
approach. In this model, the sensei observed the processed information and provided
feedback to the participant through voice instructions. This allowed the system to record re-
lationships between detected parameters, expert interpretation, and instructional feedback,
creating a basis for later rule elicitation and future automation of feedback delivery.

This approach was experimentally explored for punch anticipation in a two-participant
user study [23]. Participants identified the side of an incoming punch more accurately
when viewing the OpenCV-filtered video than when viewing the unfiltered video (82.91%
vs. 64.58% correct predictions), while mean response time was also lower (0.8594 s vs.
0.9253 s). These preliminary results supported the potential of computer-vision filtering
for facilitating movement anticipation, although the small number of participants limits
their generalizability.

A subsequent stage extended KUMITRON from movement monitoring toward pose-
based kinematic modelling. In the study reported in [3], OpenPose was used to extract
anatomical keypoints from karate movements, group them into triplets, calculate joint
angles, and train classifiers for the identification of predefined kihon kumite movements.
This provided evidence that pose-estimation-derived skeletal features and joint angles
could support the modelling and classification of predefined karate postures.

Taken together, the first architecture and KUMITRON established a multimodal cap-
ture and synchronization infrastructure for paired motor activity, introduced real-time
support for interaction-aware karate training, connected visual analysis with wearable
sensing and expert feedback, and opened the path toward pose-based kinematic modelling
through keypoint extraction and angular feature calculation. The subsequent pose-based
developments remained predominantly two-dimensional, however, and [3] identified 3D
pose estimation using depth-capable cameras as a relevant direction for extending the
approach. These developments therefore provided a technological bridge toward the depth-
informed kinematic posture-assessment capabilities addressed by the second architecture
and subsequently implemented through COLLVIT.

3.2. Capabilities Associated with the Second Architecture and COLLVIT

The second stage of the technological evolution introduced a real-time markerless kine-
matic posture-assessment architecture aimed at addressing limitations of fixed-threshold
and predominantly 2D posture assessment. In its current implementation, COLLVIT com-
bines RGB-D acquisition, 2D pose estimation, 2D/3D keypoint fusion, 3D joint-angle
computation, adaptive tolerance logic, configurable angular templates, and multi-person
stabilization mechanisms.

The first capability is the transformation of 2D pose detection into depth-informed 3D
kinematic posture assessment. The system captures RGB and depth streams, detects 2D
keypoints, filters invalid or low-confidence landmarks, assigns depth values to keypoints
through local depth sampling, and builds 3D keypoint representations used for joint-
angle computation. This extends the earlier pose-based developments associated with
KUMITRON toward spatially informed posture assessment.

https://doi.org/10.3390/inventions11050094

https://doi.org/10.3390/inventions11050094


Inventions 2026, 11, 94 33 of 46

The second capability is depth-aware tolerance adaptation. In the current individual
3D implementation, tolerance is adjusted using frame-level mean depth through a bounded
global scaling factor. This mechanism is intended to account for distance-related variation
in geometric uncertainty and keypoint stability. However, it should not be interpreted as
empirical evidence of improved accuracy or robustness over fixed-threshold alternatives.

The third capability is confidence-aware input-quality control. Keypoint confidence is
used mainly during preprocessing, where low-confidence or unreliable points can be fil-
tered before angle computation. This may reduce the risk of unstable kinematic assessment
decisions caused by occlusion, noise, or transient detector failures, but confidence is not yet
used as a direct weighting factor in the tolerance function.

The fourth capability is temporal stabilization. Frame-stride inference reuse is applied
according to the mode-specific configuration. In group mode, the system additionally
maintains participant-slot-specific valid-posture history and may temporarily reuse the
last valid posture when the current classification becomes unstable. These mechanisms
are intended to reduce abrupt output fluctuations, but their effect on false persistence and
detection delay still requires systematic evaluation.

The fifth capability is constrained multi-person processing. In the current COLLVIT
implementation, simultaneous detections are handled through left-to-right participant or-
dering, optional profile assignment in guided activities, and per-slot result processing. This
should be interpreted as constrained participant assignment rather than robust persistent
identity tracking.

The sixth capability is configurable posture assessment without retraining the pose-
estimation model. Posture assessment is driven by angular templates and configurable
criteria, including angle ranges, active-angle sets, tolerance parameters, profile or orien-
tation constraints, and minimum valid-angle rules. This enables extension of the posture
catalogue without modifying the underlying neural pose-estimation model.

The seventh capability is sequence-aware assessment. The current implementation also
includes temporal sequence logic in individual and group variants to verify progression
through expected posture states in guided tasks, such as kata-like drills. This extends
assessment from isolated postures toward ordered psychomotor execution, although its
educational and performance effects remain to be validated.

Taken together, the current COLLVIT prototype provides capabilities for (i) depth-
informed 3D kinematic posture assessment from RGB-D input, (ii) bounded adaptive
tolerance behaviour in individual 3D mode, (iii) confidence-aware keypoint filtering,
(iv) temporal stabilization mechanisms, (v) constrained multi-person processing, (vi) config-
urable angular-template-based assessment, and (vii) sequence-aware assessment. Relative
to the earlier KUMITRON implementation stages, COLLVIT therefore represents a technical
extension from synchronized multimodal interaction monitoring toward depth-informed,
joint-angle-based kinematic posture assessment.

3.3. Comparative Evolution from KUMITRON to COLLVIT

The comparison between KUMITRON and COLLVIT can be summarized as a transi-
tion from synchronized multi-participant movement monitoring toward depth-informed,
joint-angle-based kinematic posture assessment. KUMITRON focused on interactive motor-
activity monitoring in karate kumite by synchronizing video, external sensor data, and
instructor-mediated feedback. COLLVIT represents the subsequent implementation stage,
adding RGB-D processing, 3D joint-angle computation, configurable angular templates,
bounded depth-aware tolerance scaling in individual 3D mode, and temporal stabilization
through mode-dependent frame-stride reuse, complemented in group mode by participant-
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slot-specific valid-posture history. The main differences between both stages are summa-
rized in Table 5.

Table 5. Summary of the main technological differences between KUMITRON and COLLVIT.

Dimension KUMITRON COLLVIT (Current Implementation)

Main objective Monitor paired motor activity and support
strategy-oriented feedback Assess posture with depth-aware kinematic criteria

Core scenario Karate kumite and paired psychomotor interaction Karate-focused psychomotor assessment, with potential
applicability to other training and rehabilitation contexts

Main data sources Video and external multimodal signals, including
inertial, physiological, and contextual data

RGB images, depth frames, 2D keypoints, and 3D
keypoint-derived angles

Main analytical unit Typified movement and
action–reaction relationship

Joint-angle conformity, posture constraints, and
template-based rules

Validation logic Pattern and signal interpretation with
instructor support

Kinematic posture assessment with configurable tolerances
and depth-adaptive global scaling in individual 3D mode

Multi-person handling Synchronized paired monitoring Multi-person detection, ordered participant handling, and
group-mode valid-posture memory

Assessment information
supporting feedback

Anticipation, strategy, movement direction, and
sensor indicators

Posture-assessment information based on angular
conformity, sequence progression, and stabilized outputs

Primary technical motivation Need for synchronized analysis of paired
interactive motor activity

Need to extend predominantly 2D, fixed-threshold posture
assessment toward depth-informed kinematic assessment

Main technological
contribution Interaction-aware multimodal monitoring Depth-informed kinematic posture assessment with

configurable angular-template layer

The first major difference concerns analytical focus. KUMITRON primarily targeted
interactive movement interpretation (e.g., anticipation and tactical cues in paired practice).
COLLVIT emphasizes kinematic posture-assessment based on configurable joint-angle
criteria and depth-informed processing.

A second difference concerns data integration. KUMITRON integrated heterogeneous
multimodal inputs (video plus external inertial/physiological/contextual signals in its
implementation of the first architecture). COLLVIT, in its current implementation, centers
on RGB-D integration for posture assessment: depth is assigned to detected 2D keypoints,
enabling 3D landmark construction and angle-based validation.

A third difference concerns validation logic. KUMITRON relied on typified movement
interpretation and expert-supported analysis. COLLVIT implements explicit kinematic
posture validation based on joint angles and posture constraints. In current software,
tolerance adaptation is depth-aware but implemented as global scaling in individual 3D
mode, rather than as independent joint-specific depth compensation.

A fourth difference concerns the mechanisms introduced to support depth-informed
assessment and temporal continuity. COLLVIT incorporates:

1. Depth-informed 3D angle computation and tolerance adaptation in individual
3D mode.

2. Temporal stabilization through mode-dependent frame-stride reuse, complemented
in group mode by participant-slot-specific valid-posture history.

A fifth difference concerns configurability. KUMITRON emphasized movement inter-
pretation and expert feedback workflows. COLLVIT adds a configurable angular-template
layer allowing new posture definitions through validation parameters (angles, profile
constraints, active-angle sets, minimum criteria, and tolerances) without retraining the
pose-estimation model.

Overall, KUMITRON and COLLVIT should be understood as successive imple-
mentation stages within the same technological framework rather than as competing
or replacement systems. KUMITRON established an interaction-aware monitoring ba-
sis, whereas COLLVIT implements the subsequent architectural shift toward a depth-
informed kinematic posture-assessment layer that can provide assessment information for
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angular-template-based feedback under variable sensing conditions. This layered evolu-
tion connects interaction monitoring, posture assessment, sequencing, and the generation
of assessment information that can support feedback within a broader framework for
collaborative psychomotor learning.

3.4. Evidence of Technological Transfer: From KUMITRON to ReBrain

The technological concepts underlying the first architecture and its implementation
through KUMITRON were subsequently transferred beyond the original karate-training
context through the ReBrain project. ReBrain was developed by Kapres Technology
(https://kapres.es/inteligencia-artificial/ (accessed on 17 August 2026) with funding from
the Spanish Centre for the Development of Industrial Technology (CDTI) and with direct
involvement of the first author of this paper. ReBrain reused concepts from this technologi-
cal line, including computer-vision-based movement tracking, motor activity analysis, and
real-time feedback, adapting them to a rehabilitation-oriented therapy-support scenario
for people recovering from stroke. ReBrain incorporates computer-vision-based analysis,
AI-supported processing, real-time feedback, and data-driven monitoring tools to sup-
port rehabilitation activities and their follow-up. In this application context, the primary
objective shifts from supporting paired psychomotor training in kumite to movement
assessment and longitudinal monitoring in rehabilitation, providing information that can
assist therapists during therapy sessions.

ReBrain provides an example of the transfer of this technological line from karate-
based training to a real-world neuro-rehabilitation context. However, ReBrain should not
be interpreted as clinical evidence of therapeutic effectiveness. Rather, it illustrates how con-
cepts originating from the first architecture and its implementation in KUMITRON could
be adapted from sport-training scenarios to rehabilitation-oriented movement monitoring,
kinematic analysis, feedback generation, and data-driven follow-up.

4. Discussion
The evolution from KUMITRON to COLLVIT reflects a transition from synchronized

multi-participant monitoring toward configurable, depth-informed kinematic posture
assessment. The results presented above document the implemented capabilities of both
technological stages, while also distinguishing them from capabilities specified at the
architectural level and mechanisms that still require empirical validation. This section
discusses the technological significance of this evolution, its potential implications for
collaborative psychomotor learning, the main limitations of the current implementation,
and the future research required to assess robustness, accuracy, assessment stability, and
educational effectiveness.

From an SMDD perspective, the evolution from KUMITRON to COLLVIT can thus
be understood as a technological refinement within a common conceptual basis. Across
the KUMITRON–COLLVIT framework, successive developments progressively enrich the
sensing and modeling stages, providing increasingly rich and interpretable movement
information on which subsequent feedback design and delivery can be based.

An important distinction between the two stages of the KUMITRON–COLLVIT frame-
work concerns their different levels of technical and empirical maturity. The first stage
represents a more mature technological line: the first architecture has been implemented
through KUMITRON, its underlying approaches have been progressively investigated
in several scientific studies, and related technological concepts have subsequently been
transferred to the ReBrain rehabilitation context. By contrast, the second stage is more
recent. Although the second architecture has been formalized in a patent application and
several of its core capabilities have been implemented through COLLVIT, these devel-
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opments have not yet been supported by dedicated peer-reviewed empirical studies or
technological-transfer experiences. Consequently, the evidence reported for the two stages
should not be interpreted as equivalent in maturity: the results associated with COLLVIT
primarily document the current implementation and establish the basis for the systematic
empirical validation and transfer studies required in subsequent work.

4.1. Technological Contribution

The main technical contribution of this work is the definition and implementation
of an evolving patent-based technological framework that connects interaction-aware
multi-participant motor-activity monitoring with configurable, depth-informed kinematic
posture assessment.

First, KUMITRON provides an interaction-aware implementation for monitoring
motor activity involving multiple participants. By synchronizing video and external sensor
data, KUMITRON shifts the analytical focus from isolated individual movement toward
relational action–reaction dynamics between participants.

Second, COLLVIT implements the second architecture, introducing a depth-informed
kinematic layer for posture assessment under variable capture distances. In the current
implementation, 3D joint angles are calculated using depth-enriched keypoints. COLLVIT
also includes adaptive tolerance mechanisms designed to account for distance-related
variability during capture. In the current implementation, these mechanisms are approx-
imated through frame-level depth-aware global scaling, while the joint-specific depth
compensation specified at the architectural level remains to be implemented and empiri-
cally validated. COLLVIT also incorporates temporal continuity mechanisms and separates
pose detection from kinematic assessment. This separation allows angular constraints and
posture templates to be configured independently of the underlying pose-estimation model,
providing a basis for their definition by instructors, therapists, or other domain experts.

Across its two successive stages, the KUMITRON–COLLVIT framework connects
interaction-aware multi-participant monitoring with depth-informed 3D joint-angle assess-
ment and configurable assessment logic. This evolution moves the technological approach
beyond generic movement recognition toward interpretable, template-based kinematic
posture assessment. However, the degree to which these technologies improve robust-
ness, assessment stability, or measurement accuracy must be determined through future
controlled research.

4.2. Potential Educational and Collaborative Implications

Beyond its technological contribution, the KUMITRON–COLLVIT framework may
provide a basis for future research on collaborative psychomotor learning. Psychomotor
skill acquisition often depends not only on individual motor execution, but also on social
interaction, observation, correction, coordination, and contextualized practice.

KUMITRON contributes to this perspective by focusing on paired motor activity
and action–reaction relationships, such as those occurring in karate kumite, rather than
on isolated execution alone. From a sociocultural perspective on learning, the prototype
can be understood as a human-in-the-loop tool that supports, but does not replace, the
pedagogical role of instructors.

COLLVIT extends this direction by providing interpretable depth-informed kinematic
assessment information that can serve as a basis for feedback design. Since the prototype
separates pose estimation from assessment logic, posture templates and assessment criteria
can be configured independently of the underlying pose-estimation model, providing a
basis for their definition by instructors, therapists, or other domain experts. In addition,
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multi-person processing may support per-participant-slot assessment and stabilization in
constrained guided scenarios involving more than one learner.

However, the educational implications of this framework should be treated as hy-
potheses for future investigation rather than as validated learning outcomes. Future studies
should examine whether feedback strategies derived from interpretable kinematic as-
sessment information, shared visualization, and social interaction mechanisms improve
reflection, coordination, peer correction, and psychomotor learning processes.

Beyond these prospective educational uses, the KUMITRON–COLLVIT research line
has also been progressively disseminated beyond specialist research settings. Follow-
ing the corresponding patent filings, KUMITRON- and COLLVIT-related developments
were presented between 2020 and 2026 through demonstrations, talks, videos, question-
naires, and activities for school groups and the general public at educational and science-
communication events, including AULA, Madrid es Ciencia, and Madrid Science Week.
These activities provided opportunities to communicate the role of AI, computer vision, and
kinematic analysis in psychomotor training and movement assessment to non-specialist au-
diences. Although such activities do not constitute evidence of technological performance
or learning effectiveness, they illustrate the broader dissemination and public-engagement
dimension of this research line.

4.3. Future AI-Based Extensions

Although the current COLLVIT prototype already incorporates AI-based pose estima-
tion, future versions could extend the role of AI beyond keypoint detection to complement
the current rule-based and angular-template-based assessment mechanisms. Beyond pose
estimation, kinematic posture assessment currently relies mainly on configurable templates,
predefined tolerance values, confidence-based keypoint filtering, and depth-aware global
scaling. However, future developments could use machine learning models to support
individual calibration, adaptive tolerance learning, uncertainty modelling, and hybrid
rule-based and data-driven assessment.

One possible extension is personalized calibration. Instead of relying only on prede-
fined angular templates and manually configured tolerance values, future models could
learn participant-specific tolerance ranges from repeated executions, expert-labelled exam-
ples, morphology-related variables (i.e., individual biomechanical characteristics), range-of-
motion constraints, and sensor-specific uncertainty profiles. This could allow the system
to adapt angular thresholds to individual users while preserving expert control over the
interpretation of posture conformity.

A second extension is adaptive tolerance learning. Machine learning models could be
trained to estimate the probability that a detected posture conforms to an expert-defined
reference under varying depth, viewpoint, occlusion, confidence, and keypoint-stability
conditions. Such models could help determine when tolerance should be expanded, re-
duced, or kept unchanged. However, these learned tolerance functions would require sys-
tematic calibration, interpretability, and validation against expert assessment and reference
measurements before being used in instructional, sport-training, or rehabilitation contexts.

A third extension is the development of hybrid rule-based and data-driven assess-
ment. In this approach, configurable angular templates would remain interpretable and
available for definition or adjustment by instructors, therapists, or other domain experts,
while learned models could estimate uncertainty, detect atypical movement patterns, or
recommend user-specific tolerance adjustments. This hybrid design could preserve the
transparency of rule-based assessment while improving adaptability to individual users
and variable sensing conditions.
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Finally, AI-based extensions should be evaluated carefully. Future studies should
assess model generalizability across body morphologies, skill levels, cameras, lighting
conditions, movement speeds, and occlusion scenarios. They should also evaluate fairness,
interpretability, expert agreement, false positive and false negative rates, and the extent
to which AI-supported adjustments improve assessment quality and, when incorporated
into pedagogical feedback, contribute to feedback quality or learning outcomes. Therefore,
AI-based calibration and adaptive tolerance learning are presented here as future research
directions, not as capabilities already implemented in the current COLLVIT prototype.

4.4. Limitations

Despite the technological contribution of the KUMITRON–COLLVIT evolution, sev-
eral limitations should be acknowledged. First, the empirical evidence supporting the
framework remains limited and uneven across its two technological stages. Previous stud-
ies provide exploratory evidence for developments associated with KUMITRON, whereas
the more recent COLLVIT implementation has not yet undergone dedicated empirical
evaluation. Broader validation is therefore needed across larger populations, different skill
levels, body morphologies, movement repertoires, and application contexts.

Second, COLLVIT remains dependent on sensing conditions. Its depth-aware opera-
tion relies on RGB and depth quality, and its performance may be affected by occlusion,
distance variation, lighting changes, incomplete depth observations, and keypoint instabil-
ity. Current fusion and filtering strategies are intended to mitigate some of these sources of
uncertainty, but their effect on robustness has not yet been systematically quantified.

A related limitation concerns the synthetic z-axis fallback used when valid depth
information is unavailable. This mechanism can preserve processing continuity, but it does
not provide measured depth information and should therefore not be interpreted as an
alternative to RGB-D-based 3D posture assessment. Its use may also affect assessment
stability when real depth information is intermittently unavailable. The frequency of
fallback activation and its effects on posture-assessment outputs, false positive and false
negative rates, temporal stability, and latency remain to be empirically characterized.

Third, tolerance adaptation is currently implemented in a simplified form. In in-
dividual 3D mode, the current prototype applies bounded global scaling based on the
mean depth of the available depth frame rather than independent joint-specific depth
compensation. This approach does not account for differences in sensor-to-joint distance or
uncertainty across individual joints within the same posture. Moreover, the present study
does not provide a controlled comparison against fixed-threshold 2D or 3D assessment.
Consequently, depth-aware tolerance adaptation should be interpreted as an implemented
strategy for addressing distance-related variation, rather than as empirical evidence of
improved accuracy, robustness, or temporal stability. Joint-specific depth compensation,
which is specified at the architectural level, remains to be implemented and compared with
the current global approach.

Fourth, the numerical parameters of the current depth-aware global scaling function
have not yet been independently calibrated. The reference distance, linear scaling factor,
and the maximum scaling factor currently operate as configurable implementation pa-
rameters rather than empirically derived values validated against an external reference
system. Their sensitivity to participant characteristics, sensing conditions, and camera
configuration therefore remains to be established. Accordingly, these parameters should
be calibrated using a sufficiently large and diverse sample of participants and a variety of
camera configurations.

Fifth, confidence is currently integrated mainly as an input-quality control mechanism
for filtering unreliable keypoints rather than as a confidence-dependent tolerance formula-
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tion. Consequently, confidence information does not yet contribute directly to tolerance
adaptation, leaving room for more advanced uncertainty-aware assessment strategies.

Sixth, temporal stabilization differs across processing modes. Frame-stride reuse is
mode-dependent, while group operation additionally uses participant-slot-specific valid-
posture continuity mechanisms. This asymmetry may produce different stability profiles
across scenarios. Moreover, valid-posture persistence may introduce false persistence or
detection delay when a previous valid posture is retained despite an actual movement
transition. The current implementation does not yet incorporate systematically evaluated
safeguards such as maximum persistence duration, timeout conditions, or confidence-based
reset criteria.

Seventh, multi-person handling remains limited in highly dynamic interactions. The
current implementation relies on left-to-right participant ordering and optional profile
assignment rather than persistent identity tracking or re-identification. Identity continuity
may therefore degrade under severe overlap, crossing trajectories, or rapid out-of-frame
transitions. Current multi-person handling should consequently be interpreted as con-
strained participant assignment rather than robust persistent identity tracking.

Eighth, the validity of joint-angle-based kinematic posture assessment depends on
template design. Although templates can be configured without retraining the pose-
estimation model, their validity depends on expert-defined angular ranges, orientation
constraints, and acceptance criteria adapted to the target activity and population. The
resulting assessment should therefore be interpreted as conformity with a configured
reference template rather than as a universal criterion of movement correctness.

Ninth, technical posture assessment does not by itself establish pedagogical effec-
tiveness. The transformation of assessment information into useful feedback depends on
factors such as timing, granularity, modality, interpretability, and instructional context, and
its effects on psychomotor learning remain to be evaluated. Similarly, the transfer of related
technological concepts to rehabilitation contexts should not be interpreted as evidence of
clinical effectiveness.

Finally, this paper is primarily an evolutionary and architecture-oriented contribution.
Its central purpose is to describe and position the transition from interaction-aware monitor-
ing to depth-informed kinematic posture assessment, rather than to demonstrate superior
performance over alternative approaches. Claims concerning improved robustness, ac-
curacy, or stability should therefore be regarded as design objectives until supported by
controlled comparative evidence.

4.5. Future Work

Future work should combine systematic empirical validation of COLLVIT with fur-
ther technical development and user-centred evaluation of the broader KUMITRON–
COLLVIT framework. Given the different maturity of its two technological stages, the
immediate priority is to validate the capabilities implemented in COLLVIT before draw-
ing conclusions regarding improvements in robustness, accuracy, temporal stability, or
educational effectiveness.

First, COLLVIT should be evaluated through a controlled technical benchmark com-
paring three assessment configurations: fixed-threshold 2D assessment, fixed-threshold 3D
assessment, and depth-adaptive 3D assessment. The benchmark should systematically vary
participant-to-camera distance, camera viewpoint, lighting conditions, degree of occlusion,
movement speed, body orientation, and type of activity. Metrics for comparison may
include mean absolute angular error (MAE), root mean squared error (RMSE), posture-
assessment accuracy, sensitivity, specificity, F1-score, false positive rate, false negative
rate, missing keypoint rate, frame-to-frame output jitter, temporal stability, computational
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latency, and frame rate. Wherever possible, system outputs should be compared against ap-
propriate reference measurements obtained from optical motion capture systems, validated
inertial measurement units (IMUs), calibrated goniometers, or expert-annotated reference
data, depending on the evaluation scenario.

Second, the depth-aware tolerance mechanism requires systematic calibration and sen-
sitivity analysis. Future studies should examine how the reference distance, linear scaling
factor, and maximum scaling factor affect angular error, posture acceptance and rejection,
false positive and false negative rates, and temporal stability across participants and camera
configurations. The current frame-level global scaling approach should also be compared
with the joint-specific depth compensation specified in the second architecture. Such work
could investigate whether joint-specific compensation benefits from incorporating factors
such as sensor-to-joint distance, keypoint confidence, segment characteristics, or joint-
specific uncertainty. In parallel, confidence information could be extended beyond keypoint
filtering to investigate confidence-dependent or uncertainty-aware tolerance adaptation.

Third, temporal stabilization and multi-person handling require dedicated evalua-
tion and further development. The effects of valid-posture persistence and frame-stride
reuse should be quantified in terms of false persistence, detection delay, output stability,
and recovery after missing or unreliable keypoints. Safeguards such as maximum per-
sistence duration, timeout conditions, and confidence-based reset criteria should also be
investigated. For multi-person scenarios, future versions should incorporate and evaluate
persistent identity-tracking or re-identification mechanisms, particularly under participant
overlap, crossing trajectories, occlusion, and temporary out-of-frame transitions. Relevant
measures should include identity-switch rate, tracking loss and recovery, reassociation
success, scalability with increasing numbers of participants, computational latency, and
frame rate.

Fourth, the agreement between COLLVIT assessment and expert judgement should
be evaluated. In sports training or rehabilitation scenarios, system outputs could be com-
pared with assessments provided by coaches, therapists, or domain experts to quantify
agreement and identify joints, postures, or movement conditions for which automated
assessment is less reliable. This research direction is also complementary to related research
from our research group on computer-vision-based physiotherapy assessment, which
explores the transformation of pose-estimation and biomechanical information into higher-
level, clinically interpretable parameters [79]. Both lines emphasize, from complementary
perspectives, the need to connect movement sensing and analysis with domain-specific
assessment criteria and expert interpretation. These studies should also support the empiri-
cal refinement and validation of angular templates, orientation constraints, and acceptance
criteria for specific activities and target populations.

Fifth, user-based studies should assess usability, perceived usefulness, understanding
of assessment information and feedback, and subsequent potential effects on psychomotor
learning or rehabilitation-related outcomes. In karate, for example, participants with dif-
ferent skill levels could perform predetermined kihon kumite sequences while the system
evaluates their execution. In rehabilitation-oriented scenarios, evaluation should take place
under appropriate professional supervision and distinguish technical assessment perfor-
mance from clinical effectiveness. Such studies should investigate not only whether the
system produces sufficiently accurate and stable assessment information, but also whether
learners, instructors, therapists, or other intended users can understand and use that in-
formation appropriately. Collaborative psychomotor learning represents a particularly
relevant research direction. Future studies should investigate whether feedback strategies
derived from the framework’s assessment information can support peer observation and
correction, coordination, synchronization, motivation, shared regulation, or instructor-
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guided decision making. Different feedback modalities and representations, including
visual overlays, color-coded joint indicators, auditory or haptic cues, post-session reports,
and instructor dashboards, could be compared in terms of usability, interpretability, timing,
cognitive demands, and effects on learning processes and outcomes.

Finally, future research should examine personalization, domain transfer, and longi-
tudinal analytics. Building on the AI-based extensions discussed in Section 4.3, adaptive
calibration could account for individual characteristics and movement variability, includ-
ing user-specific joint range limits, fatigue-related changes, repetitive errors, flexibility, or
recurring movement patterns. The framework could also be investigated beyond karate
in domains involving structured psychomotor assessment, such as physical education,
physiotherapy, adapted sport, ergonomics, dance, fitness training, and other forms of
technical skill learning. However, transfer to each domain would require domain-specific
templates, expert validation, and evaluation with the corresponding target population. Lon-
gitudinal collection of posture assessment outputs, angular deviations, temporal sequences,
confidence values, and feedback events could additionally support learning-analytics capa-
bilities for modeling participant progression and examining intervention effects over time.

Together, these research directions would enable the second stage of the KUMITRON–
COLLVIT framework to progress from its current implementation-focused maturity toward
greater empirical validation and application-oriented evidence. Such developments would
provide richer and more interpretable movement information that can subsequently sup-
port the later SMDD stages of designing and delivering feedback, whose pedagogical
effectiveness remains to be empirically evaluated.

5. Conclusions
This paper presented the evolution of a patent-based technological framework for real-

time markerless kinematic posture assessment, comprising two successive architectures
and their implementation through KUMITRON and COLLVIT. The evolution shows how
an initial architecture for synchronized multi-participant motor-activity monitoring was
extended through a second architecture toward configurable, depth-informed kinematic
posture assessment.

The first architecture provided the foundation for monitoring multi-participant ac-
tivities involving coordinated motor activity. The architecture included video acquisition,
inertial sensors, physiological sensors, contextual information, wireless transmission, syn-
chronization of processing, typified movement identification, and feedback delivery. A
distinguishing feature of this architecture was its focus not only on individual actions but
also on action–reaction relationships between participants. KUMITRON implemented this
architecture for karate kumite training. Previous KUMITRON-related studies provided
exploratory evidence that multimodal information could be synchronized and used to
support the analysis of paired motor activity and strategy-oriented feedback.

The second architecture, formalized in a patent application currently under examina-
tion, addresses the limitations of fixed-threshold and primarily two-dimensional posture as-
sessment. COLLVIT implements core capabilities of this second architecture, incorporating
RGB-D acquisition, 2D/3D fusion, joint-angle computation, configurable angular templates,
temporal stabilization, and multi-person processing. In the current implementation, depth
information contributes to 3D joint-angle computation and to bounded global tolerance
scaling based on frame-level mean depth, whereas the joint-specific depth compensation
specified at the architectural level remains to be implemented and empirically validated.

The transition from KUMITRON to COLLVIT, therefore, represents a shift from mul-
timodal movement monitoring toward depth-informed markerless kinematic posture
assessment. KUMITRON represents the interaction-aware multi-participant implementa-
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tion stage, while COLLVIT represents the subsequent depth-informed kinematic posture-
assessment stage. Together, these successive architectures and their implementation consti-
tute a framework in which movement interaction, posture assessment, temporal continuity,
and assessment information supporting feedback can be integrated for collaborative learn-
ing environments.

From a technological perspective, the main novelty lies in the integration of interaction-
aware analysis with depth-aware kinematic posture assessment. From an educational
perspective, the framework may provide a basis for future studies by making movement-
related kinematic information more visible, measurable, and interpretable for participants,
learners, peers, instructors, and therapists. The framework does not aim to replace expert
guidance, but to provide additional assessment information that may support correction,
reflection, progression, and personalized feedback.

Nevertheless, further empirical validation is required. KUMITRON has already been
implemented and explored through prototype development and published studies, whereas
COLLVIT requires systematic testing in real scenarios. Future work should compare depth-
aware dynamic tolerance with fixed-threshold assessment, evaluate agreement with expert
assessment, test the system with users of different skill levels and morphologies, and
analyze its potential effects on psychomotor learning and rehabilitation-related outcomes,
with particular attention to multi-participant scenarios.

In conclusion, the evolution from KUMITRON to COLLVIT defines an extensible
patent-based technological framework that connects interaction-aware multi-participant
monitoring with configurable, depth-informed kinematic posture assessment. Rather
than demonstrating superior performance or learning effectiveness, the present work
establishes the technological basis for future empirical research on robust and personal-
ized posture assessment, interpretable feedback design, and AI-supported collaborative
psychomotor learning.
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