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Abstract
The integration of collaborative robots into industrial environments has improved productivity but also highlights challenges
in operator safety and ergonomics. This paper presents an integrated framework that combines advanced visual perception,
continuous ergonomic monitoring, and adaptive Behaviour Tree (BT) decision-making. We adopt a supervisory human-robot
collaboration paradigm in which the robot provides temporary, ergonomics-driven assistance only when real-time OWAS
assessment indicates hazardous conditions (classes 3-4) and returns execution to the operator as risk subsides, preserving
human primacy (97.4% human-led operations in our study). Our modular, scalable approach synthesizes deep learning
models, advanced tracking, and dynamic ergonomic assessment. Experimental validation in controlled laboratory settingswith
industrial-grade sensing and simulation-in-the-loop actuation demonstrates strong performance across multiple dimensions:
the perceptionmodule achieves 72.4%mAP@50:95; grasp-intention recognition reaches 92.5%; ergonomic risks are classified
with 0.081s mean pose-monitoring latency (95% CI [0.072, 0.093]); and BT policies trigger robotic interventions with
0.07 s decision-layer latency (tick-to-trigger)—approximately 56% faster than a representative prior HRC controller under
comparable tasks—while the integrated end-to-end response averages 0.452s (95% CI [0.283, 0.622]) while maintaining
auditable, deterministic safety logic. This comprehensive solution provides a robust platform for enhancing human-robot
collaboration in industrial environments by prioritizing ergonomic safety, operational efficiency, and real-time adaptability.

Keywords Human-robot collaboration · Real-time ergonomics · Visual perception · Adaptive decision-making ·
Intention recognition · Integrated safety framework

1 Introduction

Industrial automation has revolutionized manufacturing pro-
cesses and enabled the integration of collaborative robotic
systems, allowing robots and human operators to work
together and enhancing the productivity and adaptability
of production lines. This paradigm, termed Human-Robot
Collaboration (HRC), has shown considerable productivity
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enhancements while also presenting intricate issues concern-
ing safety, ergonomics, and flexibility in dynamic operational
situations [1].

Recent perspectives in industrial HRI emphasize that
safety, performance, and worker well-being must be jointly
optimized within Industry 5.0 paradigms, highlighting the
central role of human factors and cognitive ergonomics in
collaborative cells [2]. In parallel, newexperimental evidence
shows that collaboration level measurably affects postural
stability and biomechanical load during standing tasks, moti-
vating adaptive systems that allocate roles based on real-time
human state [3].

The prevention of Work-Related Musculoskeletal Disor-
ders (WMSD) [4], which can arise due to incorrect postures
or repetitive strain, is one of the most relevant issues. These
disorders not only compromise the health of operators,
but also negatively affect company productivity, increasing
operating costs. As demonstrated by extensive studies on
muscle fatigue inwork environments [5], these issues require
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comprehensivemonitoring solutions that can adapt to dynamic
working conditions and provide timely interventions. Tradi-
tional methodologies such as the Ovako Working Posture
Analysis System (OWAS) and Rapid Entire Body Assess-
ment (REBA) offer useful tools for identifying ergonomic
risks, but are inadequate for the continuous monitoring
required in today’s complex industrial environments.

We adopt a supervisory HRC paradigm in which the robot
provides temporary, ergonomics-driven assistance when
real-time OWAS assessment indicates hazardous conditions
(classes 3-4), and returns execution to the operator as risk
subsides. Human task primacy is thus preserved, with human
state used as an implicit control signal for Behaviour Tree
gating and role handover/resumption.

To the best of our knowledge, no existing framework in the
literature synergistically integrates advanced technologies
such as visual detection, continuous ergonomic monitor-
ing, and adaptive decision-making through Behaviour Trees
(BT) for collaborative industrial settings. Current approaches
address these challenges in isolation or only partially, limit-
ing their practical applicability [6]. This work aims to bridge
this gap by proposing an innovative framework that combines
state-of-the-art technologies to enhance safety, ergonomics,
and efficiency in industrial environments.

The proposed framework, illustrated in Fig. 1, stands out
for its non-invasive nature and its ability to adapt to complex
and dynamic operational scenarios. It integrates advanced
visual detection technologies (YOLO11 with Unscented
Kalman Filter tracking and physical properties calculation,
and OpenPose with 3D perspective projection) for compre-
hensive posture and object recognition, an action recognition
module using temporal analysis for movement pattern inter-
pretation, a modular decision-making system based on BTs
with conditional and composite nodes for dynamic human-
robot role allocation and ergonomic-based intervention, and
continuous OWAS-based ergonomic assessment methods to
prevent WMSD and other physical risk situations. This inte-
gration approach addresses the safety challenges highlighted
in industrial collaboration studies [1], while providing the
adaptability required for varied manufacturing tasks and
the non-invasiveness that traditional sensor-based systems
[7] often lack. This unified approach enables continuous
monitoring and optimization of human-robot interactions,
enhancing both safety and overall productivity.

The remainder of this paper is organized as follows:
Section 2.8 reviews the current state of research in human-
robot collaboration, identifying key limitations and gaps
that motivate our integrated approach. Section 3 presents a
comprehensive description of the proposed framework archi-
tecture, detailing the interaction between visual perception,
ergonomic assessment, and adaptive decision-making mod-
ules. Section 4 reports experimental validation results across
multiple scenarios, demonstrating system performance and

comparative analysis. Section 5 addresses ethical consider-
ations, privacy implications, and workforce impact of the
proposed monitoring system. Finally, Section 6 summarizes
key contributions and outlines directions for future research
and industrial deployment.

2 RelatedWork

In recent years, the field of human-robot collaboration has
seen significant developments in several areas, such as visual
perception, ergonomic evaluation and decision-makingmod-
els to ensure safe and efficient robotic intervention. As
highlighted by Villani et al. [6], these advancements have
created new possibilities for intuitive and safe human-robot
interactions in industrial settings, yet the integration of these
technologies remains a significant challenge. Despite these
advances, current solutions often suffer from limited inte-
gration of available technologies or take a static approach
to ergonomics and safety. The need for more dynamic and
adaptive approaches has been emphasized in multiple stud-
ies on work-related musculoskeletal disorders [4, 5], which
identify real-time monitoring and adaptation as key factors
in preventing occupational injuries.

2.1 Visual Perception and Object Detection

Visual perception constitutes the foundational layer of
human-robot collaborative systems, determining the qual-
ity of all subsequent processing stages. The evolution
of object detection methodologies reveals a critical tran-
sition from accuracy-prioritizing two-stage detectors to
efficiency-oriented single-stage architectures designed for
time-sensitive applications. Early two-stage detection meth-
ods, such as R-CNN [9] and Fast R-CNN [10], achieved
high accuracy but were computationally inefficient. Faster
R-CNN [10] introduced region proposal networks to reduce
computational requirements; however, their latency remains
relatively high, limiting real-time application potential in
industrial contexts (see Table 1).

Single-stage detection frameworks, initiated by theYOLO
architecture [11], significantly reduced latency by formu-
lating detection as a regression problem. Subsequent itera-
tions addressed specific limitations: YOLOv2 [12] improved
localization accuracy, YOLOv3 [13] enhanced multi-scale
detection, and YOLOv4 [14] optimized performance across
platforms. More recently, YOLOv8 incorporated segmenta-
tion capabilities (YOLO-seg), enabling more detailed scene
understanding critical for industrial tasks. YOLOv9 intro-
duced advanced attention mechanisms improving feature
representation, whereas YOLOv10 prioritized latency opti-
mization, compromising segmentation capabilities.YOLO11
balanced these trade-offs, offering enhanced segmentation
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Fig. 1 Supervisory human-robot collaboration framework. Perception
modules (blue) integrate YOLO11 object detection, OpenPose 3D pose
tracking, andSlowOnly action recognition. Ergonomic assessment (pur-
ple) performs continuousOWAS risk classification. TheBehaviour Tree
controller (orange) implements policy gates based on OWAS thresholds

(≥ 3), human action sequences, and parcel weight. Solid arrows indi-
cate data flow; dashed lines represent supervisory feedback. The system
maintains human primacy (green) with conditional robot assistance
(red) triggered by ergonomic risk, enabling dynamic role allocation
while preserving human decision-making authority

performance and low latency, making it highly suitable for
real-time HRC applications. Recent developments include
YOLO12; however, our comparison indicates only marginal
accuracy gains offset by higher computational requirements
[8], as detailed in Table 1.

Alternative architectures like EfficientDet [15] explored
compound scaling to efficiently balance model complex-
ity and detection accuracy, achieving good speed but lacking
native segmentation capabilities. Mask R-CNN [16] exten-
ded Faster R-CNN by incorporating instance segmentation,

providing high accuracy but at significant computational
costs and latency unsuitable for real-time scenarios (Table 1).

Detection performance degradation under real-world indus-
trial conditions such as occlusions and variable lighting was
demonstrated by Dodge and Karam [17], and Michaelis et
al. [18]. Our experimental validation confirms YOLO11’s
robustness in variable industrial environments, and its com-
putational efficiency provides practical advantages overmore
recent alternatives such asYOLO12 for resource-constrained
HRC deployments.

123



    5 Page 4 of 22 Journal of Intelligent & Robotic Systems            (2026) 112:5 

Table 1 Representative object-detection architectures on COCO

Model Params (M) FLOP (G) mAPval 50:95 (%) Latency (ms) Segmentation

YOLOv8-X 68.2 257.8 53.9 16.86 Yes (YOLO-seg)

YOLOv9e 58.1 192.5 55.6 N/A Yes (YOLO-seg)

YOLOv10-X 29.5 160.4 54.4 10.70 No

YOLO11-X 56.9 194.9 54.7 11.30 Yes (YOLO-seg)

YOLO12-X 59.1 199.0 55.2 11.79 Yes (YOLO-seg)

EfficientDet (D3) 21.5 46.0 45.4 3.82 No

Faster R-CNN 41.3 87.5 49.8 6.38 No

Mask R-CNN 44.5 170.0 52.0 12.8 Yes

The table summarizes parameters, FLOPs, mAP, latency, and segmentation support across YOLO (v8-v12), two-stage detectors, and hybrid models.
YOLO11-X exhibits lower computational load than YOLO12-X (194.9 vs 199.0 GFLOPs) with comparable accuracy (54.7% vs 55.2% mAP),
supporting its selection for resource-constrained HRC deployment [8]

2.2 Real-Time Tracking

Real-time tracking is crucial to ensure safety and fluidity in
human-robot interactions. The Speed and Separation Moni-
toring (SSM)method proposed byMarvel et al. [19]monitors
the speed and distance between human and robot to prevent
collisions, but the lack of integration with advanced visual
perception technologies limits its fluidity in complex envi-
ronments . In contrast, Simple Online and Realtime Tracking
(SORT) [20] offers amore responsive solution, usingKalman
filtering [21] for rapid detection coupling, but suffers from
reduced performance in the presence of occlusions or non-
linearmovements, which are common challenges in dynamic
industrial environments.

More recent developments, such as DeepSORT and
ByteTrack [22], improve robustness under occlusion con-
ditions. Our proposed approach integrates YOLO11 with
an Unscented Kalman Filter (UKF) [23], extending tradi-
tionalKalmanfilter principles to effectivelymanage complex
human movements typical of industrial environments.

2.3 Pose Detection and Action Recognition

Human pose and action recognition is essential for improving
safety and efficiency in human-robot collaborations. While
OpenPose [24] offers powerful pose estimation capabilities,
its integrationwith ergonomic analysis systems remains chal-
lenging, as noted in human-robot collaboration surveys [6].
Although OpenPose [24] is widely used for real-time human
joint detection, it does not offer dynamic ergonomic evalua-
tion or decision-making based on classified actions.

Contemporary advances in monocular 3D human pose
estimation demonstrate mature pipelines for vision-based
posture analysis [25], validating the feasibility of non-
invasive monitoring in industrial settings. Our framework
leverages these capabilities by integrating continuous 3D
pose estimation with temporal action recognition, enabling

comprehensivemovement analysis for safety and ergonomics
applications.

In our previous work [26], we demonstrated that the
SlowOnly network offers better performance in recognising
slow, repetitive movements common in industrial settings
than models such as SlowFast [27] and I3D [28].

Lasota et al. [29], in an extensive survey of safety method-
ologies in human-robot interactions, highlight the impor-
tance of human action recognition for collision avoidance.
However, most approaches are based on two-dimensional
models, which do not adequately address the temporal and
spatial complexity of human actions. Our framework, which
integrates OpenPose 3D and SlowOnly, offers a more robust
and efficient three-dimensional analysis to improve safety
and ergonomics.

Cherubini et al. [30] explore collision avoidance in pro-
duction scenarios, but do not integrate a three-dimensional
system for action recognition, nor neural networks optimised
for temporal recognition. In contrast, our approach exploits
SlowOnly to accurately recognise human actions, improving
the management of physical interactions in real time. This
attention to temporal patterns in human movement aligns
with the safety priorities outlined in collaborative manufac-
turing studies [1, 6], which identify action prediction as a key
component of proactive safety systems. Peternel et al. [31]
propose a system for the management of muscle fatigue dur-
ing human-robot collaborations, but do not exploit networks
optimised for the detection of complex and repetitive move-
ments. Our framework fills this gap, improving ergonomic
adaptation and robotic response through more sophisticated
action recognition capabilities that can detect subtle move-
ment patterns associated with fatigue and ergonomic risk [5].

2.4 Dynamic Role Allocation with Behaviour Trees

Dynamic role allocation is essential for efficient collabora-
tion, especially in industrial settings characterized by rapidly
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changing conditions. Traditional methods, such as proba-
bilistic models based on human demonstrations proposed by
Rozo et al. [32], often exhibit limitations in adapting flexibly
to dynamic environments. Similarly, Finite State Machines
(FSMs) face scalability challenges due to rapidly increasing
complexity [33], and Markov Decision Processes (MDPs)
[34] often require extensive computational resources, limit-
ing their practical application in real-time adaptive scenarios.

Empirical investigations into collaborative work roles
demonstrate measurable impacts on cognitive ergonomics,
recommending allocation strategies that balance task demands
with operator cognitive-physical state [35]. Our BT architec-
ture operationalizes these insights through policies driven
by real-time human state assessment (pose/action/OWAS),
enabling quantifiable role adaptation.

To overcome these limitations, our framework employs
Behaviour Trees (BT) [36], which provide a modular, hierar-
chical, and adaptable decision-making structure. Behaviour
Trees facilitate rapid adaptation of robotic tasks by con-
tinuously monitoring operational conditions. Compared to
probabilistic models, FSMs, and MDPs, BTs significantly
simplify the integration of multiple real-time input streams,
enhancing responsiveness and adaptability.

Recent advancements in unified architectures for dynamic
role allocation [37] underline the importance of such adapt-
able frameworks. Merlo et al. [38] have also proposed
ergonomic-driven role allocation aimed at reducing muscu-
loskeletal fatigue. Our work further develops this concept by
integrating continuous ergonomic monitoring, significantly
improving overall safety, flexibility, and operational respon-
siveness in dynamically evolving industrial environments
[29].

2.5 Learning-Based Controllers for HRC
and Comparative Rationale

Learning-based control is widely used in HRC through rein-
forcement learning (RL) and imitation learning from demon-
stration (IL/LfD). Comprehensive surveys report strong
task performance but also practical hurdles for industrial
deployment—sample inefficiency, reward design sensitiv-
ity, sim-to-real transfer, and safety verification concerns
[39–41]. In collaborative settings, IL has enabled close-
contact assistance from human demonstrations [42], while
RL has explored safety-aware interaction for industrial cells
[43, 44], including mutual adaptation in shared autonomy
[45]. In contrast, Behaviour Trees (BTs) provide modular-
ity, explicit safety gating, and predictable bounded-latency
execution [36]. In our application, BT conditions encode
ergonomic thresholds and perception-confidence checks that
deterministically trigger safe fallbackswith sub-100ms-class
bounded latency (empirically characterized in Section 4).
BTs and learning are complementary: learned skills can

populate leaf nodes while the BT orchestrates decision flow
and fallbacks, preserving interpretability [46]. Given the
requirements for real-time ergonomic monitoring in safety-
critical industrial deployment, our framework prioritizes
BT-based decision-making for its transparency, modularity,
and deterministic behaviour, while recognizing the potential
for future hybrid architectures.

2.6 Real-Time Ergonomic Assessment

Traditional ergonomic assessment techniques, such asOWAS
[47], RULA [48], REBA [49] and the NIOSH Lifting Equa-
tion [50], are based on manual observations and post-hoc
analyses, and are unsuitable for continuous and dynamic
monitoring of modern industrial environments. These meth-
ods have been systematically compared for their effective-
ness in identifying potential work-related musculoskeletal
disorders [51]. More recent studies, such as that of Ferraguti
et al. [52] have proposed a solution to automate ergonomic
assessment in HRC collaborations, but such approaches do
not always succeed in continuously monitoring the physical
condition of operators.

Lightweight Vision Transformer architectures achieve
frame-level ergonomic classification at industrial-compatible
latencies without explicit skeleton reconstruction [53]. Our
framework extends beyond classification by integrating con-
tinuous OWAS analysis with immediate Behaviour Tree
interventions, creating a closed-loop system for real-time
ergonomic risk mitigation.

Our approach overcomes these limitations by integrat-
ing dynamic ergonomic analysis with advanced computer
vision technologies such as OpenPose, enabling continu-
ous monitoring of postures in real time [54]. This real-time
analysis capability addresses a fundamental gap identified in
traditional ergonomic evaluation methods [47, 50], which
typically require manual observation and cannot adapt to
rapidly changing work conditions. This approach not only
prevents injuries related to incorrect postures as cataloged in
traditional ergonomic assessment methods [48, 49], but also
enables an immediate adaptive response, improving safety
and reducing operator muscle fatigue through interventions
that align with established ergonomic principles [51].

2.7 Constraints ofWearable Sensor Methodologies
and Benefits of Computer Vision

Several studies have explored the use of wearable sensors
to monitor ergonomic risk and assess operators’ movements
in work contexts. For example, Santopaolo et al. [55] used
inertial sensors and machine learning to classify biomechan-
ical risks related to lifting, while Donisi et al. [56] combined
wearable sensors with the NIOSH Lifting Equation to pro-
vide a detailed assessment of ergonomic risks in lifting tasks.

123



    5 Page 6 of 22 Journal of Intelligent & Robotic Systems            (2026) 112:5 

Conforti et al. [7] have developed a systembased onwearable
sensors to monitor operators’ movements, demonstrating the
effectiveness of these systems for collecting detailed posture
and movement data.

Despite their accuracy, wearable sensor-based approaches
have significant limitations. Sensors may be invasive, inter-
fering with operators’ movements and requiring ongoing
management for charging, calibration, and maintenance.
Moreover, such systems can increase operational costs, espe-
cially in large-scale industrial environments where every
worker must be equipped with physical devices.

Comprehensive evaluations of wearable technologies in
industrial ergonomics corroborate persistent deployment
challenges despite sensing-accuracy advantages [57–59].
Field implementations consistently report operator-acceptance
issues, maintenance/calibration overhead, and scalability
constraints. In our study, a non-invasive computer-vision
pipeline enabled continuous,multi-workstation posturemon-
itoring without per-operator hardware, aligning with indus-
trial deployment constraints.

In contrast, our framework based on artificial vision offers
a non-invasive solution for continuous ergonomic assess-
ment. Using technologies such as YOLO11 [60] for object
detection and OpenPose for human posture analysis, the sys-
tem monitors operators’ posture and movements in real-time
without requiring the use of physical devices. This approach
builds upon established object detection principles [11]while
overcoming the limitations of traditionalmonitoring systems,
providing a scalable solution that can be deployed across
multiple workstations without additional hardware costs per
operator. This allows amore natural assessment of ergonomic
conditions, dynamically adapting to changes in operators’
movements.

In addition, computer vision allows for scalable cover-
age in complex environments, monitoring multiple operators
and robots simultaneously without the need for additional
sensors. The system can identify incorrect postures or risky
movements and intervene in real-time, reducing the risk of
repetitivemotion or incorrect posture-related injuries, as con-
firmed by previous studies on musculoskeletal disorders [5,
50].

In summary, although wearable sensors offer high accu-
racy, our computer vision-based approach has significant
advantages in terms of flexibility, non-invasiveness and scal-
ability, making it particularly suitable for dynamic industrial
settings where real-time ergonomic assessment is required.
This approach aligns with the evolution of industrial safety
paradigms [1, 6] toward more integrated and adaptable solu-
tions that can accommodate the full range of human-robot
collaborative scenarios while minimizing disruption to exist-
ing workflows.

The landscape of recent ergonomics-centricHRC research
demonstrates this diversification through contributions span-
ning real-time posture optimization via RULA [61], torque
minimization during tool operations [62], dynamic role
allocation with task-dependent indices [38], and preference-
aware optimization frameworks [63]. While these works
advance the state of the art in ergonomic enhancement,
they typically report domain-specific improvements rather
than integrated perception-decision-actuation latency met-
rics. Given this heterogeneity in evaluation approaches, we
adopt Tortora et al. [64] as our primary quantitative base-
line,which provides themost directly comparable end-to-end
response time metric (0.16s) for lifting/transport scenarios
analogous to our validation context.

2.8 Proposed Framework Improvements

Compared to previous works, particularly those that address
individual aspects of human-robot collaboration [19, 24, 36]
rather than providing an integrated solution, our framework
has the following advantages:

• Continuous Ergonomic Monitoring: Real-time ergono-
mic assessments improve proactive injury prevention by
dynamically identifying high-risk postures and move-
ments.

• Enhanced Action Recognition: Integration of Open-
Pose 3D and SlowOnly enables accurate detection of
subtle and repetitive actions indicative of fatigue or
ergonomic risks.

• Intelligent Task Adaptation: Utilizing Behaviour Trees
facilitates adaptable robot interventions based on real-
time conditions, optimizing safety and efficiency.

3 Proposed Framework Architecture

The proposed framework, illustrated in Fig. 2, combines
advanced computer vision techniques, human action recog-
nition, and ergonomic evaluation, enabling synergy between
human operator and robot in collaborative environments.
This architecture enables continuous monitoring of opera-
tors’ physical conditions, with an adaptive decision-making
system managing dynamic task allocation between human
and robot via a BT.

The modular design of our framework allows for compo-
nent-level improvements and adaptation to various indus-
trial contexts without requiring complete system redesign,
addressing a key limitation of monolithic approaches iden-
tified in previous research [6]. Integration between differ-
ent technologies, such as computer vision and ergonomic
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Fig. 2 System architecture overview. Five-layer structure: sensor input
(Layer 1: 2× Intel RealSense D435 RGB-D cameras + 1× Log-
itech C270 RGB webcam), AI perception modules (Layer 2), OWAS
ergonomic assessment (Layer 3), Behaviour Tree decision engine

(Layer 4), and collaborative execution (Layer 5). OWAS-based allo-
cation assigns classes 1-2 to human-led operations and classes 3-4 to
robot-led interventions while maintaining human primacy

evaluation systems, is essential to improving operations
safety and efficiency. The following subsections analyze each
keymodule, explaining how they interact with each other and
contribute to the overall operation of the framework.

3.1 Object Detection and TrackingModule

This module is responsible for detecting, tracking, and
calculating the physical characteristics of objects in the
environment, providing essential data for both the decision-
making system and ergonomic evaluation.

3.1.1 Object Detection with YOLO11

For object detection and segmentation mask generation,
YOLO11 is employed to provide spatial and semantic infor-
mation essential for safe human-robot collaboration. For each
detected instance, the output vector is

y = (x, y, w, h, c,p,m),

where (x, y) denotes the bounding-box center, (w, h) its
dimensions, c the detection confidence, p the class-probability
vector, and m the binary segmentation mask.

Training optimizes a standard multi-task objective that
balances localization, objectness, classification, and segmen-
tation:

Ltotal = Lbox + λconfLconf + λclsLcls + λsegLseg.

Here, Lbox penalizes localization error, Lconf models object-
ness, Lcls addresses class prediction, and Lseg measures
mask accuracy; λconf, λcls, and λseg weight the correspond-
ing terms. Consistent with canonical YOLO11 formulations,
default loss composition andweights are usedwithout heuris-
tic reweighting or task-specific tuning; training is end-to-end
via backpropagation to favor reproducibility and maintain
interoperability with downstream modules.

This formulation supports accurate instance separation
in cluttered layouts and under partial occlusions, providing
stable inputs to the subsequent tracking and ergonomic-
evaluation pipelines.
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3.1.2 Physical Property Calculation for Ergonomic
Assessment

Using the data provided by YOLO11, the system performs
the parallel calculation of the area, volume, and volumetric
weight of objects, which are key inputs for ergonomic eval-
uation using the OWAS methodology.

Area The area of the object in the 2D projection is calculated
as:

Aobject = w · h

wherew and h are the width and height of the bounding box.

Volume The volume of the object is estimated by multi-
plying the area by the average depth Dobject detected in the
bounding box:

Vobject = Aobject · (Dmax − Dobject)

where Dmax represents the maximum distance and Dobject is
the average depth detected by Intel RealSense D435 camera.

Volumetric Weight Once the volume is estimated, the volu-
metric weight, Pvol, is calculated by dividing the volume by
a standard conversion factor:

Pvol = Vobject
conversion factor

where conversion factor is a standard value of 6000 used in
logistics companies to calculate volumetric weight.

This input is critical to the calculation of the OWAS score,
where the weight of objects handled by operators is one of
the key factors in assessing ergonomic risk.

3.1.3 Unscented Kalman Filter for Movement Tracking

In parallel with calculating the physical properties of objects,
the UKF is used to track the positions and movements of
objects and operators’ hands in real time. The UKF is par-
ticularly suitable for handling nonlinear dynamics typical of
complex movements in industrial environments.

Tracking is handled through a state vector x ∈ R
30 that

includes the positions, velocities, and orientations of objects

and hands:

x =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

pparcel
vparcel
qparcel

phand_left
vhand_left
qhand_left
phand_right
vhand_right
qhand_right

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

Here, p ∈ R
3 denotes the position in 3D space, v ∈ R

3

the linear velocity in 3D space, and q ∈ R
4 the orientation

expressed in quaternions to avoid the ambiguities that arise
in the use of Euler angles. This unified 30-dimensional state
preserves cross-correlations betweenparcel andhands during
close manipulation, supporting identity consistency through
brief occlusions typical of collaborative tasks. Relative to
independent filters, the coupled formulation centralizes data
association and confidence management across perception
streams, simplifying integration with the decision layer.

The state update is conducted through a transition function
f : R30 → R

30 that predicts the evolution of the variables
over time. This function takes into account the linear and
rotational dynamics of the systemand is expressed as follows:

f(x) =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

pparcel + vparcel · dt
vparcel

qparcel + 1
2qparcel ⊗ �(ωparcel) · dt

phand_left + vhand_left · dt
vhand_left

qhand_left + 1
2qhand_left ⊗ �(ωhand_left) · dt

phand_right + vhand_right · dt
vhand_right

qhand_right + 1
2qhand_right ⊗ �(ωhand_right) · dt

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

In this formulation:

• p ∈ R
3 is the updated position as a function of linear

velocity v and time interval dt ∈ R
+,

• v ∈ R
3 represents velocity, held constant within the

update interval dt . This choice is justified by the high
update rate of the system (30 Hz), which makes speed
changes between two consecutive updates negligible,

• q ∈ R
4 represents the updated orientation using the

quaternion product ⊗ with the angular velocity ω ∈ R
3

and time interval dt ,
• � : R3 → R

4 is a function that converts angular velocity
into quaternion derivative format.
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The predicted estimate of the state, after updating, is given
by the transition function:

x̂k+1 = f(xk)

where x̂k+1 ∈ R
30 represents the predicted state at time step

k + 1, and xk ∈ R
30 is the current state at time step k.

State Correction After estimating the future state with the
transition function, the UKF compares this estimate with
actual observations obtained from depth sensors, such as the
Intel RealSense D435 camera. The measurement function
h : R30 → R

21 maps the estimated state onto observables,
i.e., the position and orientation of objects and hands:

h(x) =

⎡
⎢⎢⎢⎢⎢⎢⎣

pparcel
qparcel

phand_left
qhand_left
phand_right
qhand_right

⎤
⎥⎥⎥⎥⎥⎥⎦

The measurement vector zk ∈ R
21 consists of the direct

observations of positions and orientations, excluding veloc-
ities which are not directly measurable. The measurement
predicted at time k, ẑk ∈ R

21 is obtained by applying the
measurement function to the state predicted at time k:

ẑk = h(x̂k)

Subsequently, the new actual observations zk are com-
pared with those predicted estimates. The error between the
predicted estimate ẑk and the actual observations zk is used
to update and correct the estimated state, via the Kalman gain
K ∈ R

30×21. The final correction of the state xk+1 is made
with the following equation:

xk+1 = x̂k+1 + K (zk − ẑk)

The Kalman gain K is computed internally by the UKF
algorithm and optimally weights the relative importance of
the model prediction versus the newmeasurements, based on
their respective uncertainties.

Covariance Matrices The stability and accuracy of the sys-
tem strongly depend on a proper definition of the covariance
matrices. The process noise covariance matrix Q ∈ R

30×30

represents the uncertainty in the system model, while the
observation noisematrixR ∈ R

21×21 handles the uncertainty
associated with sensor measurements:

Q=diag([100, . . . , 100]) and R=diag([0.01, . . . , 0.01])

The initial state covariance matrix P ∈ R
30×30, defined as

a scaled identity matrix, also plays a key role in the accuracy

of the first estimates:

P = 0.01 · I30

where I30 ∈ R
30×30 is the identity matrix of dimension 30.

The UKF uses Merwe scaled sigma points with standard
parameterization (α = 10−3, β = 2.0, κ = 0) to capture
nonlinearities, with numerical regularization ensuring sta-
bility. The correct selection of these parameters is essential
to ensure that the UKF system maintains stability and accu-
racy even in the presence of uncertainties in the process or
measurements, minimizing estimation error throughout the
entire operational cycle.

This joint tracking approach provides temporally con-
sistent motion estimates that support reliable hand-parcel
association for intention recognition and reduce spurious
safety interventions caused by transient detection failures.

3.2 3D Human Pose TrackingModule

The 3D Human Pose Tracking Module is responsible for
detecting and analyzing the operator’s posture in real-time,
providing crucial data for ergonomic evaluation.

3.2.1 Pose Detection with OpenPose

OpenPose detects the joints of the human body in 3D using
a perspective projection [65]. Each i-th joint is represented
by the coordinates (x, y, z) and a confidence score c:

J = {(xi , yi , zi , ci )} , i = 1, 2, . . . , N

The collected data are subsequently analyzed by the
SlowOnly module.

3.3 Action RecognitionModule

The Action Recognition Module analyzes the operator’s
movements over time to identify specific actions andpatterns,
contributing to both ergonomic assessment and decision-
making.

3.3.1 Temporal Analysis with SlowOnly

The SlowOnly model, a specialized three-dimensional con-
volutional network (3D ConvNet), analyzes the slow, repeti-
tivemovements of operators. The input is a sequence of video
frames Fin, sampled at regular temporal intervals:

Fin = [
It , It+�t , It+2�t , . . . , It+T�t

]
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Where:

• It ∈ R
H×W×C represents the video frame at time t , with

H being the height, W the width, and C the number of
channels of the frame

• �t ∈ R
+ is the temporal sampling interval between con-

secutive frames
• T ∈ N is the total number of frames in the sequence

Three-dimensional convolution applied to this sequence
extracts both spatial and temporal features:

Fout = Conv3D(Fin, K , S)

Where:

• Fout ∈ R
H ′×W ′×D×N is the output feature tensor

• K ∈ R
kh×kw×kt×C×N represents the 3D convolutional

kernels
• S ∈ N

3 denotes the stride parameters (sh, sw, st )

The temporal features extracted by SlowOnly are then for-
warded to the Ergonomic Assessment Module for evaluation
of the operator’s movements using the OWAS methodology.

3.4 Ergonomic Assessment Module

The Ergonomic Assessment Module integrates data from
the previous modules to evaluate the operator’s posture and
working conditions according to established ergonomic stan-
dards.

3.4.1 OvakoWorking Posture Analysis System

The OvakoWorking Posture Analysis System (OWAS) clas-
sifies operators’ postures into risk categories, allowing the
system to monitor and intervene when postures are detected
that could lead to musculoskeletal injuries.

Figure 3 illustrates the OWAS evaluation matrix used in
our framework. This standardized tool provides a systematic
approach to assessing ergonomic risks through a color-coded

Fig. 3 OWAS (Ovako Working Posture Analysis System) evaluation
matrix. The left section displays the coding system for back (1-4), arms
(1-3), legs (1-7), and load (1-3) postures. The right section presents the
action category matrix with color-coded risk levels (green: no action

required; yellow: corrective actions required in the near future; orange:
corrective actions should be done as soon as possible; red: corrective
actions for improvement required immediately) based on combinations
of back, arms, legs, and load values
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matrix that indicates different levels of necessary intervention
based on various posture combinations.

Classification of Postures The classification of operator pos-
tures, as shown in Fig. 3, is based on a systematic coding
system that evaluates four key body segments:

1. Posture of the back (1-4):

• (1) Straight
• (2) Bent
• (3) Twisted
• (4) Bent and twisted

2. Posture of the arms (1-3):

• (1) Both arms below shoulder level
• (2) One arm at or above shoulder level
• (3) Both arms at or above shoulder level

3. Position of legs (1-7):

• (1) Sitting
• (2) Standing on two straight legs
• (3) Standing on one straight leg
• (4) Standing or squatting on two bent legs
• (5) Standing or squatting on one bent leg
• (6) Kneeling
• (7) Walking

4. Weight lifted (1-3):

• (1) Less than or equal to 10 kg
• (2) Greater than 10 kg and less than or equal to 20 kg
• (3) Greater than 20 kg

The OWAS evaluation process combines these four codes
to determine a risk level using the standardized evaluation
matrix shown in Fig. 3. This matrix cross-references specific
combinations of postures and load to assign one of four action
categories:

• Action Category 1: No action required - normal posture
without harmful effect on the musculoskeletal system.

• Action Category 2: Corrective actions required in the
near future - posture has some harmful effect on the mus-
culoskeletal system.

• ActionCategory 3: Corrective actions should be done as
soon as possible - posture has a distinctly harmful effect
on the musculoskeletal system.

• Action Category 4: Corrective actions for improvement
required immediately - posture has an extremely harmful
effect on the musculoskeletal system.

OWASScore Calculation While the standardOWASmethod-
ology determines the action category directly through the
evaluation matrix, our implementation calculates a contin-
uous weighted score to enable more nuanced ergonomic
assessment. The formula for calculating thisweightedOWAS
score is:

Powas = α · Pback + β · Parm + γ · Pleg + δ · Pweight

where:

• Pback, Parm, Pleg, Pweight are the numerical codes assigned
to each postural category (ranging from 1-4, 1-3, 1-7, and
1-3 respectively)

• α, β, γ , δ are weighting coefficients that modulate the
relative contribution of each postural factor

The weighting coefficients (α, β, γ , δ) are derived from
ergonomic research on work-related musculoskeletal disor-
ders. In the original OWASmethodology [47], these weights
reflect the relative impact of different body segments on over-
all postural strain. The exact values are calibrated based on:

• The prevalence of disorders in different body regions in
industrial settings

• The biomechanical load associated with each posture
type

• The time sustainability of various postures before dis-
comfort onset

• The recovery time needed after maintaining specific pos-
tures

In our implementation, the primary intervention deci-
sions rely directly on the standard OWAS evaluation matrix
(Fig. 3), which determines action categories through vali-
dated lookup tables rather than explicit numerical compu-
tation. While the weighted score formula is presented for
completeness and could enable future optimization studies,
our current system uses thematrix-based classification for all
intervention decisions, ensuring compliance with the estab-
lished OWAS methodology.

The calculated weighted score is then mapped to the four
action categories using threshold values that align with the
OWAS evaluation matrix shown in Fig. 3. This approach
allows our system to continuously monitor ergonomic risk
levels and trigger appropriate interventions when hazardous
postures are detected.

Framework Integration of Ergonomic Assessment The
OWASmethodology is integrated directly into the framework
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tomonitor operators’ posture in real time, establishing a com-
putational pathway between sensor data and ergonomic risk
assessment. The integration process consists of the following
steps:

1. Skeletal data acquisition: OpenPose detects the 3D
coordinates and confidence scores of key body joints,
while SlowOnly analyzes temporal movement patterns
to identify sustained postures.

2. Posture mapping: The acquired skeletal data is mapped
to the corresponding OWAS coding system (back, arms,
legs), while load parameters are derived from the volu-
metric calculations performed by the Visual Perception
Module.

3. OWAS score computation: The weighted score is cal-
culated using the formula previously described, with
the calibrated coefficients reflecting the biomechanical
impact of each postural component.

4. Dynamic intervention: When the computed ergonomic
risk exceeds the predefined thresholds corresponding to
OWAS action categories, the system initiates appropriate
intervention strategies to mitigate the identified hazards.

This approach transforms the traditional manual OWAS
assessment into an automated, continuousmonitoring system
capable of detecting ergonomic hazards in real-time indus-
trial scenarios.

3.5 Decision-Making with Behaviour Trees

Within the proposed framework, dynamic role allocation
between human operator and robot is managed through a
BT. This decision structure allows the system to adapt robotic
behaviour based on operational conditions, operator actions,
and real-time sensory inputs. Unlike traditional approaches,
such as finite-state diagrams or Markovian decision mod-
els, the BT offers greater flexibility and modularity, which
is particularly relevant in dynamic industrial settings where
human-robot collaboration requires fast and accurate deci-
sions.

3.5.1 Structure and Execution of the Behaviour Tree

The BT implemented in the framework is hierarchically
structured and composed of different types of nodes:

• Action Nodes: They perform concrete operations, such
as “grabbing an object” or “moving to a destination”.
These nodes allow the robot to perform the required
actions based on the detected conditions.

• Conditional Nodes: They evaluate whether or not the
action can proceed by monitoring parameters such

as operator biomechanical fatigue or completion of a
sequence of human movements. For example, a condi-
tional node might check whether the lifted package has
an acceptable weight for handling.

• Composite Nodes: These nodes combine multiple actions
and conditions, creating complex logic flows. Composite
nodes used include:

– Sequence: Nodes are executed in sequential order
until all actions are completed correctly. If a node
fails, execution stops.

– Fallback: Nodes are executed sequentially until one
succeeds. This node type is particularly useful for
handling alternative situations where the primary
action is unavailable or fails.

As illustrated in Fig. 4, the BT structure begins with a ROOT
Fallback node at the top level, which provides the initial
decision-making capability. This root node connects to a
Main Sequence node that orchestrates the operational flow.
From the Main Sequence, the tree branches into five parallel
nodes that constitute the core decision-making components:

• Go Homing (Action): Verifies that the robot is in the cor-
rect starting position before initiating operations.

• Check Human Sequence Completed (Condition): Evalu-
ates whether the operator has completed their intended
sequence of movements.

• Check Biomechanics Fatigue (Condition): Monitors oper-
ator biomechanical fatigue based on ergonomic data
collected in real time.

• Check Parcel Weight (Condition): Evaluates whether the
weight of the package falls within acceptable parameters
for handling.

• Action Sequence Fallback: A composite fallback node
that determines the appropriate action path based on the
outcome of preceding conditions.

The execution process begins at the ROOT Fallback node
and proceeds through theMain Sequence. Based on the eval-
uation of the conditional nodes, the tree implements two
primary execution pathways:

• The first pathway through the No Walk With Parcel
Sequence directs robot-led actions when the operator’s
ergonomic condition indicates risk. This sequence leads
to actions includingMove To Parcel,Move Arm toGrasp,
Correct Grip, Grasp Parcel, Lift Parcel, Move to Con-
tainer, and Release Parcel.

• The second pathway through the Walk With Parcel
Sequencemanages human-led operations with robot sup-
port when ergonomic conditions are favorable. This
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Fig. 4 Behaviour Tree for dynamic role allocation. ROOT fallback
branches to parallel condition nodes evaluating human sequence com-
pletion, biomechanics fatigue, and parcel weight. Action Sequence

directs to human-led (Walk With Parcel) or robot-led (No Walk With
Parcel) operations. Edge colors distinguish robot (blue) from human
(purple) action flows

includesmonitoring throughExecuteHumanActions and
providing assistance as needed.

When theOWASassessment indicates elevated ergonomic
risk (for example, due to improper posture or fatigue detected
via theCheckBiomechanics Fatigue node), theBTprioritizes
robot intervention. Conversely, if the ergonomic assessment
indicates favorable conditions for human operation, the tree
allows for human-led execution with robot monitoring. This
dynamic allocation ensures optimal workload distribution
based on real-time ergonomic conditions.

Industrial robustness requires systematic handling of per-
ception uncertainties and sensor degradation. The framework
addresses these challenges through confidence-aware con-
ditional nodes that monitor pose estimation quality and
trigger safe fallbacks when degradation occurs, such as dur-
ing prolonged occlusions or adverse lighting conditions. The

integrated UKF provides temporal consistency by maintain-
ing hand and parcel trajectories through brief detection gaps,
while sustained confidence loss automatically activates safe
operational modes until reliable observations recover. This
layered approach ensures continuous operation while pre-
venting actions based on unreliable sensory input, though
quantitative characterization of confidence thresholds and
recovery dynamics represents important future work for
deployment-grade robustness.

3.5.2 Advantages of the Behaviour Tree Approach

Beyond generic modularity, the implemented BT provides
deployment-oriented benefits within this framework.

• Deterministic safety logic: Conditional nodes evalu-
ate OWAS-based ergonomic thresholds and perception-
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confidence checks at each tick, triggering immediate
fallbacks when risk or uncertainty rises. This explicit,
threshold-driven gating supports the rapid decision-
making capabilities evidenced in Section 4.

• Perception-aware continuity: BT conditions leverage
temporally consistent estimates from the unified UKF
state (see Section 3.1.3), which maintains hand-parcel
association through brief detection gaps. This design
reduces spurious safety interventions caused by transient
perception failures.

• Conflict-free multimodal integration: Pose, action,
object, and load assessment streams (Sections 3.1 to 3.4)
are combined through structured conditional flows rather
than additional arbitration heuristics. This architectural
choice maintains interpretable decision logic while sup-
porting system responsiveness.

• Industrial deployment readiness: Because transitions
are driven by explicit conditions with clear decision
paths, the system remains auditable and amenable to
debugging during operation, facilitating integration in
regulated industrial environments without relying on
opaque policies.

4 Experiments and Results

To evaluate the overall effectiveness of the proposed frame-
work in human-robot collaboration, experiments were de-
signed and conducted in a controlled laboratory environ-
ment and in simulation. The laboratory experiments repli-
cated realistic operational scenarios, focusing on ergonomic
monitoring, action detection, visual perception, and overall
integration of the framework components. In parallel, the
Behaviour Tree (BT)-based decision-making module was
tested in simulation to analyze its dynamic and adaptiveman-
agement capability in a wide range of complex scenarios that
are difficult to replicate in the laboratory.

4.1 Experimental Setup

All experiments were conducted using a standardized hard-
ware and software infrastructure to ensure consistency across
different test scenarios:

4.1.1 Hardware Components

1. Visual Sensing: Two Intel RealSense D435 depth cam-
eras were deployed for object detection/tracking and
human pose estimation respectively. An additional Log-
itech C270webcamwas used for capturing video streams
for action recognition analysis.

2. Robotic System: The experiments utilized a collabora-
tive robotic arm (Universal Robots UR16e) mounted on

the Summit XL mobile platform, configured to respond
to commands from the decision-making system.

3. Computing Resources: The framework operated on
a distributed network comprising four workstations in
a ROS-based master-slave configuration. Three work-
stations were dedicated to vision processing, equipped
with different GPUs (NVIDIA GTX 970, NVIDIA GTX
1080Ti, andNVIDIARTXA3000) to handle various per-
ception tasks. The fourth workstation was the onboard
computer of the mobile platform, which managed robot
control operations.

4.1.2 Software Framework

The system ran on Ubuntu 20.04 with ROS Noetic pro-
viding the communication infrastructure between compo-
nents. The YOLO11 detection module, OpenPose tracking,
and SlowOnly action recognition algorithms were deployed
across the vision processing nodes according to their compu-
tational requirements. Neural network models were initially
trained offline, while experiment execution utilized the dis-
tributed GPU setup for real-time inference.

This heterogeneous computing architecture was designed
to maintain system responsiveness while processing mul-
tiple data streams, enabling the ergonomic assessment and
decision-making modules to operate effectively in dynamic
conditions.

4.2 Experiment: Grasping Action Detection
andVolumetricWeight Estimation with Variable
Size Parcels

In this preliminary phase of the framework, the main objec-
tives were the recognition of grasping intention and esti-
mation of volumetric weight of parcels of varying sizes.
The dataset used included 15,160 images annotated with
the Segment AnythingModel (SAM), ensuring accurate seg-
mentation of hands and parcels into diverse configurations.
Images were divided into training (80%), validation (10%)
and testing (10%), ensuring a balanced distribution for robust
evaluation.

Four segmentationmodelswere analyzed:YOLOv8x-seg,
YOLOv9e-seg, YOLO11x-seg, and YOLOv12x-seg, trained
with the same configuration parameters and evaluated on two
main classes, “parcel” and “hand”.

For grasping intention recognition, 40 trials were con-
ducted on dynamic sequences, combining the segmentation
model with the Unscented Kalman Filter (UKF). For volu-
metric estimation, 4 parcels of varying sizes and shapes were
tested, each in 10 trials for a total of 40 measurements. The
estimated volumetric weights, obtained from the segmented
masks and depth data provided by the Intel RealSense D435
sensor, were compared with the actual weights.
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Table 2 Comparative analysis of object detection performance across
YOLO model generations (Box metrics, validation on best.pt)

Model Architecture mAP@50 (%) mAP@50:95 (%)

YOLOv8x-seg 77.6 72.0

YOLOv9e-seg 77.7 72.4

YOLO11x-seg 77.8 72.4

YOLOv12x-seg 77.0 71.6

Note: Mean Average Precision metrics at IoU threshold of 0.5
(mAP@50) and across multiple IoU thresholds from 0.5 to 0.95
(mAP@50:95) demonstrate the comparative performance trajectory
across model generations. Best results are highlighted in bold. All val-
ues are Box metrics; mask (“m...”) metrics are not reported

The performance of the segmentation models was evalu-
ated using mAP@50 (mean Average Precision with an IoU
threshold of 0.5) and mAP@50:95 (mean Average Precision
averaged over multiple IoU thresholds from 0.5 to 0.95 with
a step size of 0.05). Precision, defined as the ratio of true
positives to the sum of true positives and false positives, and
recall, defined as the ratio of true positives to the sum of
true positives and false negatives, were calculated for class-
specific analysis alongside mAP values.

For volumetric weight estimation, percentage errors were
calculated using the formula:

Ep = |Pv,st − Pv,re|
Pv,re

× 100

where Pv,st and Pv,re represent estimated and actual volu-
metric weights, respectively.

As shown in Table 2, YOLO11x-seg achieved the high-
est mAP@50 of 77.8% and tied for best mAP@50:95 of
72.4% with YOLOv9e-seg. YOLOv8x-seg achieved 77.6%
mAP@50 and 72.0%mAP@50:95. YOLOv12x-seg, despite
being themost recent architecture, achieved77.0%mAP@50
and 71.6% mAP@50:95, showing marginally lower perfor-
mance compared to YOLO11x-seg.

Table 3 reveals class-specific performance differences.
For parcel detection, YOLOv9e-seg achieved the highest
mAP@50:95 of 86.9%, closely followed by YOLO11x-seg
(86.8%) and YOLOv8x-seg (86.7%), while YOLOv12x-seg
achieved 86.1%. For hand detection, YOLO11x-seg demon-
strated superior performance with 58.0% mAP@50:95 and
the highest recall of 61.1%, while precision ties with
YOLOv8x-seg at 89.8%;YOLOv9e-seg andYOLOv12x-seg
achieved 57.9% and 57.1% mAP@50:95, respectively.

The observed hand detection recall of 61.1% across all
models represents a technical limitation that warrants dis-
cussion. This constraint stems from the inherent challenges
of hand detection in industrial scenarios: high variability in
hand poses during object manipulation, frequent occlusions
when hands interact with parcels, and the relatively small
size of hand features compared to parcels in the dataset.
While YOLO11x-seg achieved the best hand recall of 61.1%,
this limitation could potentially affect system responsiveness
in scenarios requiring immediate hand detection. However,
the framework mitigates this through multiple temporal inte-
gration mechanisms: the UKF maintains hand trajectories
at 30 Hz (Section 3.1.3), the ergonomic assessment oper-
ates at 14.99 Hz with inter-arrival 0.066s latency (Fig. 10),
and SlowOnly analyzes 8-frame windows. These combined
mechanisms enable 92.5% grasping intention recognition
accuracy despite the moderate frame-level recall, demon-
strating that temporal integration effectively compensates for
instantaneous detection limitations.

For grasping intention recognition, the system correctly
identified grasping in 37 cases out of 40, with an overall
accuracy of 92.5%. The associated 95% Wilson confidence
interval is [80.1%, 97.4%] (Fig. 5), corroborating the relia-
bility of intention gating for downstream decisions.

The overall mean percent error for volumetric weight esti-
mation over all trials was calculated as 17.58%, with greater
variability observed in the extreme size parcels, attributable
to the sensor’s limitations in terms of spatial resolution and
surface reflectivity. BecauseOWASuses discrete load classes

Table 3 Class-specific
performance (Box metrics,
validation on best.pt)

Class Metrics YOLOv8x-seg YOLOv9e-seg YOLO11x-seg YOLOv12x-seg

Parcel Precision (%) 88.0 85.6 84.0 85.6

Recall (%) 79.3 80.9 81.1 79.2

mAP@50 (%) 89.4 89.4 89.3 88.8

mAP@50:95 (%) 86.7 86.9 86.8 86.1

Hand Precision (%) 89.8 89.6 89.8 89.1

Recall (%) 59.9 60.9 61.1 59.3

mAP@50 (%) 65.7 66.1 66.3 65.3

mAP@50:95 (%) 57.3 57.9 58.0 57.1

Boxmetrics parsed from validation logs (first P/R/mAP block after Instances); mask metrics are not used.
Best per row in bold (ties bolded). For hand detection, YOLO11x-seg attains the best recall (61.1%) and
mAP@50:95 (58.0%), while precision ties with YOLOv8x-seg (89.8%)

123



    5 Page 16 of 22 Journal of Intelligent & Robotic Systems            (2026) 112:5 

Fig. 5 Grasp-intention accuracy (37/40) with 95% Wilson CI [80.1%,
97.4%] — grasping experiment

(≤ 10 kg, 10–20 kg, > 20 kg), within-class errors do not
alter theBTpolicy; only boundary-crossingmisestimates can
change the load code used by the controller.

In conclusion, the comprehensive comparison across four
YOLO architectures confirmed that YOLO11x-seg repre-
sents the optimal solution for this HRC application context.
While YOLOv12x-seg incorporates the latest architectural
improvements, our experimental validation demonstrates
that YOLO11x-seg achieves superior accuracy for the spe-
cific demands of human-robot collaboration scenarios, par-
ticularly excelling in the critical task of hand detection. The
marginally lower performance of YOLOv12x-seg (71.6% vs
72.4% mAP@50:95) supports the selection of YOLO11x-
seg for resource-constrained industrial deployment scenarios
where both accuracy and computational efficiency are essen-
tial.

4.3 Experiment: Ergonomic Monitoring, Risk
Classification and Robotic Intervention via
Behaviour Tree

The objective of this experiment is to evaluate the frame-
work’s ability to monitor operator postures in real time,
classify ergonomic risk, and manage task transfer to the
robot in the presence of critical conditions. This experiment
validates the complete integrated framework for human-
robot collaboration, demonstrating coordinated operation of
all system components from perception through decision-
making to robotic intervention. During testing, the operator
performed movements typical of an industrial environment,
such as bending and lifting, while the systemmonitored pos-
ture using OpenPose and classified ergonomic risk using the
OWAS method.

When medium-high-risk (OWAS class 3) or high-risk
(OWASclass 4) postureswere detected, or volumetricweight
in excess of allowable limits, the system generated a biome-

Fig. 6 Median OWAS class over time (13s window) — ergonomic
experiment: class 2 predominates with brief peaks to class 4

chanical fatigue message. This message was processed by
a BT, which combined ergonomic data, action recognition
results, and volumetric weight values to determine whether
robotic intervention should be activated. This approach
ensuredmodular and responsive decisionmaking, allowing a
smooth transition between the operator and the robot (Fig. 6).

Theperformanceof this experimentwas evaluated through
several metrics: the distribution of postures across OWAS
risk classes (1–4), system update rate (Hz) and latency (sec-
onds) for pose monitoring, response time (seconds) to risky
situations, and time trend analysis of posture risk levels. To
strengthen statistical rigor, we report 95%Wilson confidence
intervals for class proportions and 95% CIs for latency esti-
mates, linked to Figs. 7, 8 and 9.

The data collected during the experiment showed that
12.8% of the postures belonged to OWAS class 1 (no risk),
84.6% to class 2 (moderate risk), no postures were classified
in OWAS class 3 (medium-high risk), and 2.6% belonged to
class 4 (high risk), as shown in Fig. 7. These results confirm
the system’s ability to distinguish between ergonomically
safe and hazardous postures, demonstrating the effectiveness
of the framework in monitoring and classifying risk. Com-
pared to the approach based on OpenPose by Lin et al. [66],

Fig. 7 OWAS class distribution with 95% Wilson CIs over a 13s win-
dow (N=195): class 1 = 12.8% [8.84, 18.24], class 2 = 84.6% [78.89,
89.01], class 3 = 0.0% [0.00, 1.93], class 4 = 2.6% [1.10, 5.86]
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Fig. 8 OWAS class distribution over the full run (N=5597) with 95%
Wilson CIs: class 1 = 25.8% [24.67, 26.96], class 2 = 72.95% [71.77,
74.10], class 3 = 0.91% [0.69, 1.20], class 4 = 0.34% [0.22, 0.53]

our system demonstrates significantly higher precision in
ergonomic evaluation. The classification of high-risk pos-
tures (OWAS class 4) stands at 2.6%, reducing the frequency
of class-4 labels compared to the 10.4% reported in the com-
parative work. In the same window, human-led operation
(OWAS classes 1–2) accounts for 97.4%, with ergonomics-
driven assistance (classes 3–4) at 2.6%; over the full session
these shares are 98.8% and 1.25%, respectively (Fig. 8).

Temporally, the system maintained an effective update
period of 66–68ms in the 13s window (median 0.066s;
Fig. 10). Over the full run the mean OWAS inter-arrival
is 0.081s (95% CI [0.072, 0.093], n=5596), i.e., ∼12.3Hz
(Fig. 11). The framework’s responsiveness extends to criti-
cal condition detection, achieving an average response time
of 0.07 s from risk identification to intervention trigger-
ing (decision layer). This represents a 56% improvement
over the 0.16 s baseline reported by Tortora et al. [64]
under comparable lifting/transport conditions, while main-
taining equivalent intention-recognition accuracy (92.5% vs.
94.3%). For clarity, the 0.07 s figure refers to the deci-
sion layer (BT tick-to-trigger) under controlled conditions.
Log-derived, end-to-end response latency—from the first

Fig. 9 End-to-end response time (OWAS≥ threshold→ fatigue signal)
in the 13s window (n=1)

Fig. 10 Pose-monitoring latency (OWAS inter-arrival) in the samewin-
dow: n=194, mean 0.067s, median 0.066s, 95% CI [0.066, 0.068]

OWAS sample meeting the intervention threshold (class≥3)
to the biomechanical-fatigue message that triggers the BT
branch—averaged 0.452s (95% CI [0.283, 0.622], n=14)
over the full run (Fig. 12); within the 13s window a sin-
gle event measured 0.330s (Fig. 9). These end-to-end values
include perception and ROS synchronization and remain
sub-second in deployment. Such rapid response capabil-
ity is critical in dynamic industrial environments, where
millisecond-scale delays can erode safety margins, support-
ing our choice of BTs for deterministic, bounded-latency
ergonomic gating (Section 2.5).

An analysis of the postures over time windows of four
samples (Fig. 6) revealed that the median of the postures
remained in OWAS class 2 (moderate risk), with temporary
peaks in OWAS class 4 during particularly heavy lifting or
postures held for a long time. This underscores the system’s
ability to accurately detect criticalmoments, providing useful
decision support for operations management.

These measurements demonstrate not only the frame-
work’s efficiency in detecting and analyzing critical condi-
tions, but also its role in supporting seamless operational

Fig. 11 Pose-monitoring latency (OWAS inter-arrival) over the full run:
mean 0.081s (95% CI [0.072, 0.093], n=5596)
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Fig. 12 End-to-end response time over the full run (n=14): median and
IQR shown; see text for mean and 95% CI

transitions. The reduced overall latency, calculated through
integrated pose monitoring and response time metrics,
ensures smooth and responsive task transfer between opera-
tor and robot. This operational readiness, combined with the
system’s capacity to synthesize ergonomic and actionable
data, represents a significant advancement in human-robot
collaborationoptimization.Thedemonstratedmodular archi-
tecture, encompassing perception (YOLO11+UKF), action
recognition (SlowOnly), ergonomic assessment (OWAS),
and adaptive decision-making (BT), inherently supports
adaptation to diverse collaborative scenarios beyond lift-
ing/transport tasks. Extension to assembly, inspection, or
welding applications would leverage this modularity through
systematic component reconfiguration: retraining perception
and action recognition modules for task-specific objects and
behaviours, selecting appropriate ergonomic indices for the
operational context, and adjusting BT decision thresholds
accordingly. While such cross-domain validation represents
valuable future work, the architectural foundations demon-
strated here provide a scalable pathway for broader industrial
deployment.

4.4 Experiment: Recognizing Actions with SlowOnly
Model

This experiment evaluated the framework’s ability to rec-
ognize and classify actions performed by an operator in a
simulated industrial environment by exploiting the SlowOnly
model. The model, based on a ResNet3D network with
SlowOnly architecture and 50-level depth, was pre-trained
on the HRI30 dataset, specifically developed to recognize
actions in human-robot interaction scenarios. During the
experiment, the model was configured to classify three
classes of actions: lifting, carrying, and repositioning pack-
ages.

Video sequences were preprocessed to 8-frame clips, uni-
formly sampled with a time interval of four frames, and

normalized using ImageNet mean values and standard devi-
ations. Each clip was subjected to resizing, center cropping,
and augmentation operations with random color changes
and horizontal flips to improve the robustness of the model.
The optimization process used the AdamW algorithm with
an initial learning rate of 0.001, adjusted through a Cosine
Annealing strategy with warmup for the first 1,000 steps.
Training was conducted on an NVIDIA RTX 3090 GPU,
using a batch size of 16 videos per GPU for 200 epochs, with
the cross-entropy loss function.

The experiment’s performance was assessed through clas-
sification loss during training, top-1 accuracy on the valida-
tion set, comparison with alternative architectures (I3D and
TSM), and model robustness to occlusions and variability.

During the validation phase, the model achieved an
accuracy of 95.83% demonstrating an excellent ability to
generalize over the test data. The behaviour of loss during
training shows rapid initial convergence, with stabilization at
0.129 toward the later epochs. This result reflects the effec-
tiveness of the model setup and training pipeline in gradually
reducing the classification error.

The use of short 8-frame clips proved particularly effective
in capturing action movements without introducing signifi-
cant computational complexity,while integrationwith theBT
ensured that the classified data were exploited for real-time
robotic decisions.

This model and framework configuration was further vali-
dated by the previous evaluation on HRI30, where SlowOnly
was shown to outperform alternative architectures such as
I3D and TSM in action recognition in industrial settings.
Comparative analysis [26] revealed that SlowOnly achieved
a top-1 accuracy of 86.55% compared to 78.43% for I3D and
73.91% for TSM when evaluated on the HRI30 dataset. The
model’s robustness to occlusions and its high accuracy make
it an ideal choice for collaborative human-robot scenarios,
where accurate and timely action recognition is crucial.

Experimental outcomes establish the effectiveness of the
proposed approach, which combines action recognition,
ergonomic analysis, and volumetric evaluation, integrating
them into a modular and responsive decision-making frame-
work. The framework showed a remarkable ability to adapt
to operational variables, providing decisive support for safety
and efficiency in collaborative industrial operations.

5 Ethical, Privacy, andWorkforce
Considerations

This work focuses on ergonomic risk mitigation rather than
worker surveillance. The decision layer operates on posture-
centric abstractions (skeletal joints from OpenPose, action
labels, OWAS risk classes) and on objectmasks fromYOLO-
based perception, rather than on biometric identification. The
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manuscript does not include identifiable images or videos,
and all procedures were conducted under an approved proto-
colwith informed consent (seeDeclarations). Fromaprivacy
standpoint, data used by the decision layer consist of skeletal
coordinates, action recognition outputs, and OWAS-derived
indicators, which limit exposure of personally identifiable
information and constrain use to occupational safety pur-
poses as described in the consent materials. Participants were
informed about the study aims and procedures as part of the
ethics-approved protocol. Potential psychosocial concerns
associated with continuous monitoring are acknowledged
and are mitigated by exclusive safety-oriented processing
and by the use of de-identified posture descriptors. A broader
assessment of long-term organizational impact falls outside
the scope of this technical validation and is identified as a
direction for subsequent field deployments. Governance con-
siderations are informed by collaborative robot safety norms
(ISO 10218 and ISO/TS 15066), occupational health and
safety management (ISO 45001), and AI risk management
frameworks (ISO/IEC 23894) together with architectural
guidance for AI-enabled systems (ISO/IEC 23053), where
applicable to the described posture-centric pipeline.

6 Conclusions and FutureWork

In this work, an innovative framework for human-robot
collaboration was proposed, combining advanced visual
sensing technologies, real-time ergonomic monitoring, and
Behaviour Tree (BT)-based adaptive decision-making. Exper-
imental results show that the system significantly improves
operator safety and efficiency of operations, providing a
scalable and modular solution for complex collaborative
environments.

To the best of our knowledge, this is the first framework
to synergistically integrate advanced visual perception, real-
time ergonomic assessment, and adaptive decision-making
for industrial HRC. Compared with traditional methods
based on static rules or post-hoc ergonomic analysis, our
approach introduces greater flexibility and adaptability,
improving both the safety and well-being of operators. The
noninvasive nature of the system, which eliminates the need
for wearable physical sensors, also helps to reduce oper-
ational costs and improve the naturalness of human-robot
interaction.

Despite these encouraging results, our study has lim-
itations. The experiments were conducted in controlled
laboratory conditions and require extension to real industrial
scenarios to assess robustness under production constraints.
In addition, beyond the reported confidence intervals, perfor-
mance metrics would benefit from formal significance test-
ing and larger-sample validation. The modular architecture

enables ablation-style analyses to quantify individual com-
ponent contributions to overall system performance. Given
the safety-critical, integrated nature of the framework, we
avoid destructive ablations (e.g., disabling OWAS gating or
BT fallbacks) that would misrepresent intended use; instead,
themanuscript already includes a non-destructive, controlled
component replacement for the detector under identical
settings, and node-level instrumentation for module-wise
latency profiling is planned as follow-up. Finally, the absence
of direct comparisons with established technologies on
shared benchmarks presents an opportunity to further posi-
tion the framework within the state of the art.

To address the limitations that have emerged and broaden
the impact of the framework, future work will focus on:

• Validation in Real Environments: Conducting field
tests in operational industrial settings to demonstrate the
robustness and scalability of the system on a large scale.

• Statistical Validation: Implementing comprehensive
statistical analysis for robust performance characteriza-
tion.

• Ablation and Profiling: pursuing non-destructive com-
ponent replacement under identical settings (as done
for the detector) and adding node-level instrumenta-
tion for module-wise latency profiling to quantify per-
module contributions and bottlenecks without violating
the intended safety envelope.

• Comparisons with Existing Solutions: Conduct quanti-
tative comparisons with established academic technolo-
gies using standard benchmarks to further validate the
framework’s contribution.

• End-User Engagement: Collaborate with industrial
operators and supervisors to gather feedback on the
usability, efficiency, and acceptability of the framework,
improving its configuration based on specific user needs.

• Expansion for Complex Scenarios: Extend the system
to handle multi-operator and multi-robot interactions,
improving collaborative efficiency in dynamic and high-
variability environments.

• Integration of Advanced Sensors: Experiment with
next-generation sensors, such as high-resolution RGB-
D cameras and multi-sensor configurations, to further
improve the accuracy of visual monitoring and volumet-
ric estimation.

• Cross-domain Applications: Explore the framework’s
adaptability in non-industrial contexts such as healthcare,
smart homes, rehabilitation centers, and logistics.

In conclusion, the proposed framework represents a
major breakthrough in human-robot collaboration, combin-
ing safety, efficiency and adaptability in a single integrated
solution. Its modular and scalable architecture makes it
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particularly suitable for a wide range of industrial appli-
cations, including logistics, manufacturing, and healthcare.
With validation in real-world environments and enrichment
with additional functionality, the system has the potential to
become a benchmark solution, improving the productivity
and well-being of operators in modern manufacturing set-
tings.
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