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Temporal Integration Framework for Segment-
Level Cumulative Ergonomic Exposure Modeling 

Nour EL Houda Benharkat, Souad Bentaalla-Kaced, and Abdelmalek Chergui 

Abstract−This paper proposes a vision-based temporal integration framework for segment-level cumulative ergonomic 

exposure modeling. Joint angles derived from OpenPose keypoints are mapped to REBA scores at six anatomical 

segments. A recovery-weighted exposure model quantifies cumulative risk by integrating posture severity, duration, and 

frequency while accounting for tissue recovery dynamics. Pattern recognition algorithms identify hazardous signatures 

without forecasting future postures. Validated through simulation of a manual handling task (repetitive packaging) 

calibrated to empirically observed score distributions, the framework demonstrates that cumulative exposure metrics 

reveal critical risk patterns invisible to instantaneous scoring, specifically, sustained exposure to minimum-risk postures 

(REBA Score 2) generates substantial cumulative burden despite the absence of extreme scores. This pilot study 

establishes methodological feasibility for temporal integration in ergonomic assessment. 
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NOMENCLATURE 

I. INTRODUCTION 

Musculoskeletal disorders (MSDs) represent a pervasive 

occupational health crisis, accounting for 30–50% of all work-

related injuries across manufacturing, logistics, and assembly 

sectors globally [1–3]. Epidemiological evidence consistently 

identifies three biomechanical risk factors as primary 

contributors to MSD development: (1) sustained non-neutral 

postures, (2) high repetition rates without adequate recovery, 

and (3) forceful exertions [4,5]. Critically, MSD pathogenesis 

follows a cumulative trauma mechanism, micro-damage to 

muscles, tendons, and ligaments accumulates when tissue 

loading exceeds metabolic recovery capacity over time [6]. 

This temporal dimension renders instantaneous ergonomic 

assessments fundamentally inadequate for predicting injury 

risk. 

Contemporary ergonomic practice relies predominantly on 

observational tools such as the Rapid Upper Limb Assessment 

(RULA) [7], Rapid Entire Body Assessment (REBA) [8], and 

Ovako Working Posture Analysis System (OWAS) [9]. These 

methods provide valuable snapshot risk stratification by 

mapping joint angles to discrete action levels (e.g., RULA 

scores 1–7). However, they suffer from three critical limitations 

that impede MSD prevention: (1) Temporal blindness: 

RULA/REBA generate single-frame scores without 

quantifying exposure duration. A worker maintaining a 

moderate-risk posture (RULA = 5) for 45 continuous minutes 

faces substantially higher injury risk than one alternating 

between high-risk (RULA = 7) and neutral postures with 

adequate micro-break, yet both scenarios yield identical peak 

scores [10]. (2) Segment-level opacity: Standard 

implementations report only global scores, obscuring which 

body segments (e.g., lower back vs. shoulders) drive 

cumulative risk accumulation [11]. This prevents targeted 

interventions at the anatomical source of stress. (2) Recovery 

neglect: Existing tools lack mechanisms to account for tissue 

recovery during neutral postures, a biomechanical necessity 

validated by electromyography studies showing metabolite 

clearance requires ≥30 seconds of unloaded rest after sustained 

contractions [12]. 

To address temporal dynamics, cumulative trauma models such 

as the Strain Index [13], OCRA checklist [14], and revised 

NIOSH Lifting Equation [15] integrate exposure duration, 

frequency, and recovery into risk quantification. The Strain 

Index, for instance, multiplies peak hand force, exertion 

duration, and repetition rate while penalizing insufficient 

recovery periods [13]. However, these methods require manual 

task decomposition by ergonomists, rendering them impractical 

for continuous monitoring in dynamic industrial environments. 

Recent systematic reviews confirm that fewer than 8% of 

manufacturing facilities implement any form of continuous 

ergonomic monitoring, primarily due to the intrusiveness of 

wearable sensors and labor intensity of observational methods 

[16]. 

Computer vision offers a promising pathway toward non-

intrusive, automated monitoring. Deep learning-based pose 

estimators (e.g., OpenPose [17], MediaPipe [18]) now achieve 

MSDs Musculoskeletal disorders. 

REBA Rapid Entire Body Assessment 

RULA Rapid Upper Limb Assessment. 

OWAS Ovako Working Posture Analysis System. 

OCRA Occupational Repetitive Actions. 

NIOSH National Institute for Occupational Safety and 

Health. 
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sub-pixel accuracy in 2D skeletal tracking (<5 cm error at 3 m 

distance [19]), enabling real-time joint angle computation 

without wearable instrumentation. Several studies have mapped 

these angles to RULA/REBA scores [20–22], yet they 

perpetuate the snapshot fallacy by reporting frame-level scores 

without temporal integration.  

This temporal gap represents a critical missed opportunity: 

vision-based systems capture rich time-series data (30 fps × 

25,200 frames/shift) yet discard 99.9% of their predictive value 

by reducing it to instantaneous scores. The fundamental 

research question remains unresolved: How can we transform 

high-frequency skeletal data into physiologically grounded 

metrics of cumulative tissue loading that account for exposure 

severity, duration, frequency, and, critically, recovery 

dynamics? 

This paper introduces a Digital Twin-enabled framework for 

segment-level cumulative ergonomic exposure modeling that 

bridges this gap. Our contribution advances beyond prior art 

through three innovations: (1) Time-resolved segment scoring: 

Instead of global RULA/REBA outputs, we compute risk 

scores for six critical segments (neck, trunk, shoulders, elbows, 

wrists, knees), enabling precise localization of risk 

accumulation sources. (2) Recovery-weighted exposure 

integration: We formalize cumulative exposure as a time-

integral of segment scores modulated by an exponential 

recovery function, grounded in muscle oxygenation kinetics 

[12], that quantifies tissue restoration during neutral postures.  

(3) Pattern-aware hazard detection: We implement sliding-

window analysis to identify hazardous signatures (e.g., 

sustained trunk flexion >30° for >120 s without ≥30 s recovery) 

validated against EMG-confirmed fatigue thresholds [23]. 

As a pilot investigation, we validate this framework exclusively 

on Task 1 (repetitive packaging of empty sachets) within a 

chocolate manufacturing facility characterized by documented 

shoulder and lumbar MSD burden requiring >15 days of sick 

leave. Leveraging empirically observed score distributions 

from our prior validation study [22], we simulate 7-hour shift 

exposure trajectories using Markov chain modeling, a 

methodologically justified approach for highly repetitive tasks 

with stable movement patterns (cycle time ≈30 seconds) [33]. 

This focused design enables rigorous examination of temporal 

integration mechanics without confounding variables inherent 

in multi-task studies. Our results demonstrate that cumulative 

exposure metrics reclassify Task 1 risk from Moderate 

(instantaneous REBA 5.13) to Very High (CRS 3,526.38 

exposure-minutes), with the trunk and shoulder segments, 

precisely those implicated in facility injury records, exhibiting 

the highest cumulative burden. This reclassification arises from 

sustained exposure to minimum-risk postures (Scores 2–3) 

without adequate recovery, a phenomenon invisible to snapshot 

assessments. By establishing methodological feasibility for 

temporal integration in ergonomic assessment, this pilot study 

provides a foundation for future multi-operator validation while 

directly addressing the anatomical segments responsible for 

documented occupational injuries in repetitive industrial tasks. 

The remainder of this paper is organized as follows. Section 2 

presents a comprehensive literature review examining the 

evolution of ergonomic assessment methodologies across three 

generations: observational tools (RULA/REBA), cumulative 

trauma models (Strain Index/OCRA), and computer vision-

based systems, while identifying the persistent research gap in 

temporal integration of skeletal data streams. Section 3 details 

the proposed methodology, including system architecture, pose 

estimation, and joint angle computation, segment-level 

ergonomic scoring, recovery-weighted cumulative exposure 

modeling, hazardous pattern detection algorithms, and 

implementation protocols. Section 4 describes the experimental 

validation framework, focusing on the pilot study design for 

Task 1, simulation methodology for full-shift exposure 

quantification, ground truth validation approach, and ethical 

considerations. Section 5 presents empirical results, including 

segment-specific cumulative exposure trajectories, recovery 

function dynamics, segment-level exposure metrics, hazardous 

pattern detection outcomes, and critical insights regarding 

temporal risk accumulation. Section 6 provides a detailed 

discussion interpreting the findings within ergonomic theory 

and facility-specific injury epidemiology, emphasizing the 

framework's ability to reveal risk patterns invisible to snapshot 

assessments. Finally, Section 7 concludes the study by 

summarizing key contributions, acknowledging 

methodological limitations, and outlining a structured pathway 

for future validation and implementation across diverse 

industrial contexts. 

II. LITERATURE REVIEW 

Musculoskeletal disorder prevention has evolved through three 

methodological generations, each addressing limitations of its 

predecessor while introducing constraints that collectively 

define the current research frontier. The first generation 

comprises observational ergonomic assessment tools, 

principally the Rapid Upper Limb Assessment (RULA), Rapid 

Entire Body Assessment (REBA), and Ovako Working Posture 

Analysis System (OWAS), which map joint configurations to 

discrete risk levels through structured scoring matrices [1,2]. 

These instruments achieved widespread industrial adoption 

owing to procedural simplicity, rapid administration (<2 

minutes per assessment), and validation across diverse 

occupational contexts. Their biomechanical foundation rests on 

established relationships between joint angles and tissue 

loading; for instance, trunk flexion beyond 20° substantially 

increases compressive forces on lumbar intervertebral discs [4], 

while shoulder elevation exceeding 60° elevates rotator cuff 

tendon strain [5]. Despite these strengths, snapshot assessment 

tools exhibit three fundamental limitations that impede utility 

in dynamic work environments. First, they lack temporal 

integration: a posture maintained for 45 continuous minutes 

receives identical scoring to the same posture held for 15 

seconds, despite epidemiological evidence demonstrating 

nonlinear risk escalation with exposure duration [6]. Second, 

they obscure segment-level risk evolution by collapsing multi-

segment inputs into singular global scores, thereby masking 

anatomical origins of cumulative stress, a critical deficiency 

given that musculoskeletal disorders manifest locally rather 

than systemically [7]. Third, they neglect recovery dynamics, 

treating 100 seconds of continuous trunk flexion identically to 

two 50-second intervals separated by a 30-second neutral 

recovery period, despite physiological evidence confirming that 

metabolite clearance and tissue reoxygenation require unloaded 

rest intervals exceeding 30 seconds following sustained 

contractions [8]. These constraints reflect the tools' original 

design purpose: static workstation evaluation rather than 

dynamic task analysis in repetitive industrial operations [9]. 

The second methodological generation emerged to address 

temporal dynamics through cumulative trauma models that 

integrate exposure severity, duration, frequency, and recovery 

into unified risk indices. The Strain Index quantifies distal 

upper extremity disorder risk through multiplicative factors 

encompassing exertion intensity, duration per cycle, efforts per 

minute, and posture deviation, with explicit penalties for 

insufficient recovery periods [10]. Similarly, the OCRA 
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checklist integrates repetitiveness, force requirements, non-

neutral postures, and task duration while weighting recovery 

opportunities according to anatomical segment vulnerability 

[11]. The revised NIOSH Lifting Equation extends these 

principles to manual handling tasks through frequency-

dependent multipliers that progressively reduce acceptable load 

limits as cycle rates increase and recovery intervals diminish 

[12] [13]. Nevertheless, cumulative models face three practical 

barriers to industrial implementation. Their reliance on manual 

task decomposition,  requiring ergonomists to segment video 

recordings into discrete cycles, measure durations with 

stopwatches, and estimate force magnitudes, imposes 

prohibitive labor costs (15–30 minutes per task analysis) that 

preclude continuous monitoring across multiple workstations 

[14]. Their anatomical scope remains fragmented, with the 

Strain Index focusing predominantly on the distal upper 

extremities [10], NIOSH on spinal loading during lifting [12], 

and OCRA on shoulder disorders [11], leaving whole-body 

cumulative exposure unquantified. Most critically, they employ 

static recovery assumptions, typically defining any neutral 

posture exceeding 10 seconds as "full recovery", which ignores 

individual variability in tissue oxygenation kinetics influenced 

by age, cardiovascular fitness, and metabolic comorbidities 

[15]. Consequently, cumulative models remain confined to 

retrospective analysis rather than real-time intervention, a 

critical limitation given that 73% of musculoskeletal disorders 

develop during unobserved work periods without ergonomist 

presence [16]. 

The third generation leverages computer vision to automate 

posture assessment through deep learning-based pose 

estimation. Architectures such as OpenPose, MediaPipe, and 

HRNet now achieve sub-decimeter skeletal tracking accuracy 

at video frame rates (mean per-joint position error <5 cm at 3 

m distance), enabling non-intrusive joint angle computation 

without wearable instrumentation [17,18]. These advances 

catalyzed the development of vision-based ergonomic systems 

that map detected keypoints to RULA or REBA scores in real 

time, demonstrating strong frame-level agreement with expert 

assessments (89–92% concordance on static postures) 

[19,20,22]. Recent implementations have extended this 

paradigm to integrate object detection for force estimation 

during manual handling tasks, thereby approximating NIOSH 

lifting indices without physical sensors [21]. Despite these 

technical achievements, first-generation vision systems 

perpetuate the temporal limitations of their observational 

predecessors by reporting instantaneous risk scores without 

integrating exposure duration or recovery dynamics [22]. 

Longitudinal validation studies reveal that systems relying 

solely on peak posture scores exhibit substantially reduced 

sensitivity in predicting disorder onset compared to time-

integrated approaches; workers who developed 

musculoskeletal disorders frequently maintained moderate-risk 

postures (RULA scores 4–5) for prolonged durations without 

exhibiting extreme peak angles, rendering them invisible to 

snapshot-based monitoring [23]. A secondary limitation 

involves the discarding of segment-level information inherent 

in skeletal data streams; most implementations collapse multi-

segment angle time series into singular global scores [19–21], 

thereby forfeiting the anatomical specificity necessary for 

targeted intervention. Emerging research has begun exploring 

continuous angle tracking for individual segments, such as 

trunk flexion or shoulder elevation [22–24], yet these efforts 

remain disconnected from cumulative exposure quantification 

and lack physiologically grounded recovery modeling. 

Time-series analytical methods have recently entered the 

ergonomic monitoring literature, though with conceptual 

misalignments requiring clarification. Autoregressive 

integrated moving average (ARIMA) models have been 

appropriately applied to forecast organizational-level injury 

rates based on historical incident data [25], but their proposed 

use for predicting future joint angles represents a 

biomechanical misconception; postural transitions depend on 

task demands and cognitive intent rather than autoregressive 

statistical patterns. Long short-term memory (LSTM) networks 

demonstrate legitimate utility for pattern classification within 

observed data streams, such as identifying whether a 30-second 

window contains sustained trunk flexion exceeding 30° or 

recovery ratios below critical thresholds [26]. However, several 

studies erroneously frame these networks as forecasting future 

musculoskeletal disorder risk through posture prediction, a 

methodological flaw given that tissue damage accumulates 

from actual historical exposure rather than predicted future 

states[27]. The critical distinction lies between descriptive 

pattern recognition (detecting hazardous signatures within 

observed data) and prescriptive forecasting (predicting 

unobserved future postures); electromyography-validated 

research establishes that hazardous patterns include sustained 

non-neutral postures exceeding duration thresholds without 

adequate recovery intervals, high repetition rates with low 

kinematic variability, and insufficient neutral posture periods 

between exposure cycles [28]. These patterns can be robustly 

detected through sliding-window analysis of observed skeletal 

data without speculative forecasting. 

Digital Twin technology, virtual replicas of physical systems 

synchronized through real-time data streams, offers a unifying 

architectural framework for next-generation ergonomic 

monitoring [22,29]. Early applications focused predominantly 

on equipment health monitoring and production optimization 

[30–32], with ergonomic implementations remaining nascent. 

Initial efforts proposed Digital Twins for virtual workstation 

design that simulate RULA scores under hypothetical postures 

[33], yet lacked integration with real worker kinematics. 

Subsequent research incorporated inertial measurement unit 

data to drive biomechanical simulations of spinal loading 

during lifting tasks within Digital Twin environments [34]. 

However, sensor-based approaches face adoption barriers, 

including worker discomfort during prolonged wear (62% 

report discomfort after 4-hour shifts) [35], signal drift requiring 

frequent recalibration, and practical constraints in 

environments with hygiene requirements or explosive 

atmospheres. Vision-based Digital Twins address these 

limitations through contactless skeletal tracking while enabling 

physics-informed exposure modeling: the virtual replica can 

simulate tissue-level biomechanical loads, such as 

intervertebral disc compression or tendon strain energy density, 

driven by real-time skeletal kinematics [36]. This transforms 

abstract risk scores into physiologically grounded exposure 

metrics that reflect actual tissue loading dynamics. 

Synthesizing these methodological generations reveals a 

persistent research gap: no existing system integrates high-

frequency skeletal data into segment-resolved cumulative 

exposure metrics that simultaneously account for posture 

severity, exposure duration, movement frequency, and 

physiologically grounded recovery dynamics in real time 

[37,38]. Snapshot tools lack temporal integration [9]; 

cumulative models lack automation [14]; vision systems 

discard temporal information inherent in their data streams; and 

Digital Twins lack ergonomic physics engines capable of 

translating skeletal kinematics into tissue-level loading metrics 

[33,34]. Our framework bridges this gap by extending 

established ergonomic assessment tools into the temporal 

domain through continuous integration of segment-level scores 

modulated by recovery-weighted functions derived from 

muscle oxygenation kinetics [39,40]. Positioned within a 
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Digital Twin architecture, the system transforms vision-based 

monitoring from reactive posture classification into predictive 

exposure quantification, enabling proactive intervention before 

irreversible tissue damage accumulates [36,41]. This approach 

fulfills the preventive vision of intelligent occupational health 

systems within Industry 4.0 environments, where real-time risk 

quantification precedes symptom manifestation rather than 

responding to established pathology [42]. 

III.   METHODOLOGY 

A. System Architecture Overview 

The proposed framework implements a closed-loop monitoring 

architecture that transforms raw video streams into segment-

resolved cumulative exposure metrics within a Digital Twin 

environment (Figure 1). The system comprises four tightly 

integrated modules operating synchronously: 

• Vision-based pose estimator: Extracts 2D skeletal 

keypoints from video streams using OpenPose [18], 

configured in its BODY_25 model to extract 25 

anatomical keypoints per frame at 30 fps. 

• Biomechanical processor: Computes joint angles from 

filtered keypoints and maps them to segment-level 

ergonomic scores using established RULA/REBA 

lookup tables [8,9]. 

• Cumulative exposure engine: Integrates segment 

scores over time using a recovery-weighted 

exponential function grounded in muscle oxygenation 

kinetics [13], transforming instantaneous scores into 

physiologically grounded cumulative exposure 

metrics. 

• Pattern recognition module: Detects hazardous 

exposure signatures through sliding-window analysis 

of segment score time series, identifying sustained 

non-neutral postures, insufficient recovery ratios, and 

high-repetition patterns validated against EMG-

confirmed fatigue thresholds [23]. 

Risk quantification derives exclusively from observed 

historical exposures integrated through physiologically 

grounded models; no forecasting of future postures is 

performed. The framework functions as a temporal integration 

engine that transforms raw video streams into segment-resolved 

cumulative exposure metrics. 

 

 

Figure 1. System Architecture of the Cumulative Ergonomic 

Exposure Framework 

B.  Real-Time Pose Estimation and Joint Angle Computation 

Video streams captured at 1080p resolution and 30 frames per 

second undergo skeletal tracking using OpenPose [17], 

configured in its BODY_25 model to extract 25 anatomical 

keypoints per frame. The current implementation focuses on 

single-worker monitoring scenarios to avoid occlusion 

complexities inherent in multi-person industrial environments 

(Figure 2). To ensure data quality, we apply temporal 

smoothing and confidence filtering: keypoints with detection 

probability below 0.7 are discarded and linearly interpolated 

from adjacent frames when gaps span fewer than 5 consecutive 

frames; longer gaps trigger a "tracking lost" state requiring 

manual reinitialization. 

From filtered keypoints, six critical joint angles are computed 

using vector geometry between anatomical landmarks (Table 

I).  

To reduce high-frequency noise inherent in video-based 

tracking, angles undergo Savitzky-Golay smoothing (window 

length = 9 frames, polynomial order = 2), which preserves 

kinematic transients while attenuating jitter [43] . The 30 Hz 

sampling rate aligns with OpenPose's real-time performance 

capabilities on edge hardware and captures the dominant 

movement frequencies observed in repetitive assembly tasks 

(typically 0.5–3 Hz for upper limb motions) [44]. 

Pose estimation accuracy was established in our prior 

validation study [22], where the mean absolute error between 

OpenPose-derived trunk flexion angles and expert Kinovea 

annotations was 2.11° ± 1.34°, and for shoulder elevation 2.75° 

± 1.89°, comparable to inter-observer variability among 

certified ergonomists (2.3° ± 1.7°). 

 

 
Figure 2.  Operator performing Task 1 (repetitive packaging) 

and corresponding 2D skeletal model derived from OpenPose 

keypoints [22]. 

C. Segment-Level Ergonomic Risk Scoring 

Rather than collapsing angles into global RULA/REBA scores, 

we preserve anatomical specificity by computing six parallel 

risk time series, one per critical segment, using established 

ergonomic lookup tables. For each frame t and segment j ∈ 

{neck, trunk, shoulders, elbows,}, we derive a discrete risk 

score 𝑆𝑗,𝑡 ∈ {1,2,3,4} where higher values indicate greater 

tissue loading: 

Table. I 

JOINT ANGLES COMPUTED FOR SEGMENT-LEVEL ERGONOMIC SCORING   

 

Segment ANGLE 
Anatomical 

Definition 

Risk Thresholds   

Neck Flexion/e
xtension 

Angle between neck 
vector (nose-neck 

base) and vertical 

>20° = moderate; >45° 
= high 

  

Trunk Flexion Angle between trunk 
vector (neck base-

mid-hip) and 

vertical 

>20° = moderate; >60° 
= high 

  

Shoulders Elevation Angle between the 
upper arm vector 

and the trunk 

>45° = moderate; >90° 
= high 

  

Elbows Flexion Angle between the 

upper arm and 
forearm vectors 

<90° sustained = 

moderate risk 
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𝑆𝑗,𝑡 = 𝑓𝑗(𝜃𝑗,𝑡 , 𝜃 𝑗̇,𝑡) 

where θ𝑗,𝑡 denotes the joint angle and θ̇j,t its angular velocity 

(serving as a proxy for repetition rate). The mapping function fj 

implements segment-specific thresholds from RULA tables A–

C and REBA tables A–D, modified to output continuous integer 

scores rather than collapsed action levels. For instance, trunk 

flexion scoring follows: 

𝑆𝑡𝑟𝑢𝑛𝑘,𝑡 =  

{
 

 1  
2 
 3  
4

𝑖𝑓 ∣ 𝜃𝑡𝑟𝑢𝑛𝑘 , 𝑡 ∣= 0
°

𝑖𝑓   0∘ <∣ 𝜃𝑡𝑟𝑢𝑛𝑘 , 𝑡 ∣≤ 20
∘

𝑖𝑓    20° < |𝜃𝑡𝑟𝑢𝑛𝑘 , 𝑡| ≤ 60°

𝑖𝑓         |𝜃𝑡𝑟𝑢𝑛𝑘 , 𝑡| > 60°

  

This segment-resolved approach enables precise localization of 

risk accumulation sources, critical because epidemiological 

evidence indicates that musculoskeletal disorders 

predominantly manifest in the anatomical segment 

experiencing the highest cumulative loading rather than the 

highest peak score [7]. 

D.  Recovery-Weighted Cumulative Exposure Model 

The core innovation lies in transforming instantaneous scores 

into physiologically grounded cumulative exposure metrics that 

account for tissue recovery dynamics. We formalize cumulative 

exposure Ej for segment j over observation period T as a time-

integral of risk scores modulated by an exponential recovery 

function r(t): 

𝐸𝑗 = ∑ 𝑆𝑗,𝑡
𝑇
𝑡=1 ⋅ Δ𝑡 ⋅ 𝑟𝑗(𝑡)            (1) 

where Δt = 1/30 s represents the sampling interval. The 

recovery function rj(t) ∈ [0,1] quantifies residual tissue stress at 

time t based on time elapsed since the last neutral posture: 

𝑟𝑗(𝑡) = exp(−λ𝑗 ⋅ max(0, 𝑡 − 𝑡last_neutral,𝑗))        (2) 

Here, 𝑡last_neutral,𝑗denotes the most recent time when segment j 

entered a neutral posture (defined as Sj,t≤ 1 maintained for ≥2 

consecutive seconds), and λj represents the segment-specific 

recovery rate parameter (s⁻¹). These parameters derive from 

muscle oxygenation kinetics measured via near-infrared 

spectroscopy during repetitive industrial tasks [8,15]: 

• λtrunk= 0.018 s⁻¹ (slower recovery due to larger muscle 

mass) 

• λshoulders= 0.025 s⁻¹ 

• λneck = 0.022 s⁻¹ 

• λdistal segments= 0.030 s⁻¹ 

Equation (2) embodies a critical physiological principle: tissue 

stress dissipates exponentially during neutral postures rather 

than instantaneously resetting. After 30 seconds of neutral trunk 

posture (Strunk= 1), residual stress decays to 𝑟trunk =
𝑒−0.018×30 ≈ 0.58; after 60 seconds, rtrunk≈ 0.34. This contrasts 

with naive accumulation models that treat recovery periods as 

binary resets, a biomechanical oversimplification that 

overestimates risk for workers with adequate micro-breaks [8]. 

The observation-level Cumulative Risk Score (CRS) 

aggregates segment exposures using biomechanical weighting 

factors αj reflecting tissue vulnerability derived from 

epidemiological incidence data [42]: 

CRS = ∑ α𝑗
6
𝑗=1 ⋅ 𝐸𝑗                            (3) 

where αtrunk= 1.3, αshoulders= 1.1, αneck= 1.0, αelbows= 0.8, αwrists = 

0.9. CRS is reported in exposure-minutes (e.g., CRS = 185 

indicates cumulative loading equivalent to 185 minutes at 

moderate risk). 

E.  Hazardous Pattern Detection 

Beyond scalar exposure metrics, the system identifies 

hazardous signatures through sliding-window analysis of the 

segment score time series. Three critical patterns trigger real-

time alerts: 

Pattern 1: Sustained non-neutral posture without recovery. A 

segment j exhibits sustained risk when Sj,t≥ 3 for duration D 

exceeding segment-specific thresholds (Dtrunk> 120 s; Dshoulders> 

90 s) without intervening neutral periods ≥30 s. This pattern 

reflects continuous tissue loading without adequate metabolic 

recovery, a primary driver of cumulative fatigue. 

Pattern 2: Insufficient recovery ratio. The recovery ratio RRj 

quantifies the balance between exposure and restoration: 

𝑅𝑅𝑗 =
∑ 𝕀(𝑆𝑗,𝑡≤1)
𝑇
𝑡=1 ⋅Δ𝑡

∑ 𝕀(𝑆𝑗,𝑡≥3)
𝑇
𝑡=1 ⋅Δ𝑡

            (4) 

Alerts trigger when RRj< 0.3 for any critical segment over 15-

minute rolling windows, validated against electromyography-

confirmed fatigue thresholds [30]. This indicates neutral 

recovery time is less than 30% of high-risk exposure time, a 

critical imbalance associated with progressive tissue damage. 

Pattern 3: High repetition with low kinematic variability. 

Repetitive strain risk escalates when movement cycles exceed 

15/min while exhibiting low angle variability (σθ < 5°), 

indicating static loading rather than dynamic motion. Cycle 

detection employs zero-crossing analysis of angular velocity 

θ̇j,t, with variability computed over each cycle. 

These pattern detectors operate exclusively on observed data 

without forecasting future states, aligning with the 

physiological reality that musculoskeletal disorders develop 

from accumulated historical exposure rather than predicted 

postures. 

IV.  EXPERIMENTAL VALIDATION 

A. Single-Task Pilot Design   

This investigation adopts a methodologically rigorous pilot 

design focused exclusively on Task 1 (repetitive packaging of 

empty sachets) to establish proof-of-concept for the temporal 

integration framework prior to multi-task validation. This 

depth-first approach is empirically justified by three critical 

factors derived from our prior validation study [22]: (1) Task 1 

exhibits exceptional kinematic stability with a consistent 30-

second cycle time (coefficient of variation <8% across joint 

angles); (2) intra-cycle posture distributions remain invariant 

throughout shift duration (neck: 47% Score 1/53% Score 2; 

trunk: 49.6% Score 2/50.4% Score 3); and (3) movement 

patterns demonstrate minimal inter-cycle variability (σθ < 5° 

across 92% of cycles). These characteristics satisfy established 

criteria for physiologically valid simulation-based 

extrapolation in repetitive industrial tasks [33], where full-shift 

recording yields redundant data without additional 

methodological insight. 

Task 1 involves standing-posture repetitive packaging with no 

external load handling. The operator executes a stereotyped 30-

second cycle comprising: (a) forward trunk flexion (10°–35°) 

to retrieve sachets from conveyor; (b) sustained neck flexion 
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(20°–40°) for visual monitoring of workpieces at suboptimal 

workstation height; (c) bilateral arm movements with right 

shoulder elevation (20°–45°); and (d) elbow flexion outside 

neutral range (60°–100°) during motions. The hardware setup, 

camera configuration (webcam mounted 1.5 m above floor, 3.5 

m horizontally from workstation), lighting conditions (300–500 

lux), and computational platform (NVIDIA RTX 2080 Ti GPU, 

Intel Core i7-8750H, 16 GB RAM, Windows 11 Pro) were 

maintained identically to the prior study [22] to ensure 

comparability.  

B. Physiologically Grounded Simulation Protocol for Full-

Shift Exposure Quantification 

Given the task’s documented kinematic stability [22], we 

implemented a Markov chain-based simulation to extrapolate 

7-hour shift exposure trajectories from the 30-second 

empirical recording. This methodology aligns with 

ergonomics best practices for repetitive task analysis where 

movement patterns remain invariant across cycles [33], 

eliminating redundant data collection while preserving 

physiological fidelity. The simulation protocol comprised four 

rigorously validated stages: 

Stage 1: Empirical score distribution extraction. From the 900-

frame clip (30 s × 30 fps), segment-specific REBA score 

distributions were quantified per [22] 

• Neck: 47% Score 1 (0°–20° flexion), 53% Score 2 

(>20° flexion or rotation) 

• Trunk: 49.6% Score 2 (0°–20° flexion), 50.4% Score 

3 (>20°–60° flexion) 

• Right shoulder: 97.8% Score 2 (20°–45° elevation), 

2.2% Score 3 (>45° elevation) 

• Right elbow: 42% Score 1 (60°–100° flexion), 58% 

Score 2 (<60° or >100° flexion) 

Stage 2: Markov chain parameterization. Transition 

probability matrices were derived from observed frame-to-

frame score sequences, preserving the task’s characteristic 

movement dynamics and temporal autocorrelation structure. 

This approach maintains the stochastic properties of repetitive 

motion while avoiding artificial periodicity. 

Stage 3: Full-shift trajectory generation. The calibrated 

Markov chain generated 756,000 frames (420 min × 30 fps) 

with facility-mandated 10-minute breaks at 120, 240, and 360 

minutes. During breaks, score sequences were held constant at 

Score 1 (neutral posture) to model ideal recovery conditions, 

consistent with observed operator behavior during scheduled 

rest periods [22]. 

Stage 4: Recovery-weighted exposure integration. The 

simulated score time series served as input to the cumulative 

exposure engine, computing segment-specific exposures Ej 

and Cumulative Risk Score (CRS) using physiologically 

grounded parameters. Break intervals were explicitly modeled 

as periods of tissue recovery without exposure accumulation. 

C. Validation Approach 

Validation operated on two distinct methodological tiers. First, 

instantaneous REBA scoring accuracy was established in our 

prior work [22]; no additional validation of instantaneous 

scoring was performed, as the current study exclusively 

validates the temporal integration methodology. 

Second, cumulative exposure metrics were validated through 

three convergent lines of evidence: 

• Physiological plausibility: Recovery function 

dynamics (rj(t)) aligned with muscle oxygenation 

kinetics literature [8,15], demonstrating slower 

recovery for larger muscle groups (trunk r trunk decayed 

to 0.65 during breaks vs. neck to 0.48). 

• Pattern consistency: Detected hazardous signatures 

matched EMG-validated fatigue thresholds [23,30]; 

e.g., trunk recovery ratio RR = 0.28 < 0.3 threshold 

indicating insufficient recovery. 

• Temporal dynamics: CRS threshold crossing at 

minute 218 reflected progressive accumulation 

consistent with cumulative trauma pathophysiology 

[7], not simulation artifact. 

Validation of simulation fidelity: Simulated score distributions 

aligned with empirical observations from [22] within 

acceptable stochastic variance (trunk Score 3: 50.4% simulated 

vs. 42% observed; Δ = +8.4%), consistent with Markov chain 

modeling expectations for repetitive tasks [97]. This minor 

variance reflects natural cycle-to-cycle fluctuations 

documented in industrial settings [33] and does not 

compromise the physiological plausibility of the exposure 

trajectories. 

D. Ethical Considerations 

This pilot study employed non-intrusive observational methods 

without wearable sensors or workflow interruption. Raw video 

was discarded immediately post-pose extraction; skeletal 

coordinates were anonymized (worker identity removed). 

Organizational approval was secured from facility 

management, and verbal informed consent was obtained from 

the operator. The single-operator design minimized participant 

burden while providing sufficient data for methodological 

validation, a standard approach for pilot investigations in 

occupational ergonomics. This focused methodology enables 

rigorous examination of temporal integration mechanics 

without confounding variables inherent in multi-operator 

studies, establishing a defensible foundation for subsequent 

validation across diverse tasks and operators. 

V. RESULTS 

A. Segment-Specific Cumulative Exposure Trajectories 

Figure 3 presents the comparative cumulative exposure 

trajectories for all critical anatomical segments during the 

simulated 7-hour shift. All segments demonstrated linear 

accumulation patterns, with partial recovery during scheduled 

breaks (120-130, 240-250, 360-370 min), reflecting the task's 

repetitive nature and incomplete tissue recovery between work 

intervals. 
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Figure 3. Comparative cumulative exposure trajectories for 

critical anatomical segments during a simulated 7-hour shift 

All segments demonstrate linear accumulation with partial 

recovery during breaks (shaded intervals). Trunk exposure 

(purple) exhibits the highest cumulative burden (971.75 

exposure-minutes) and most pronounced post-break 

acceleration (slope increase 22%), indicating incomplete tissue 

recovery. Neck exposure (teal) shows sustained moderate-risk 

accumulation without high-risk excursions (max Score 2). The 

combined segment exposure trajectory exceeds the Very High-

Risk threshold at minute 218 despite moderate instantaneous 

REBA scores (5.13). 

Neck exposure (Figure 4) accumulated to 736.32 exposure-

minutes, reflecting sustained non-neutral posture maintained 

for 94.8% of the shift duration (REBA Score 2). Critically, 

REBA Score 2 is defined as flexion exceeding 20° or the 

presence of neck rotation/lateral inclination, which is not a 

benign configuration. In Task 1, operators consistently 

maintained Score 2 due to persistent forward flexion (>20°) 

required for visual monitoring of workpieces at suboptimal 

workstation heights, with no transitions to neutral alignment 

(Score 1) for extended periods. This sustained exposure 

generated substantial cumulative burden despite the absence of 

Scores 3–4, which require pronounced neck rotation or lateral 

inclination beyond the task's biomechanical demands. This 

pattern confirms that neck MSD risk in repetitive packaging 

derives primarily from duration in non-neutral configurations 

rather than transient extreme postures, a biomechanical 

signature consistent with our prior empirical observations [22]. 

 

Figure 4.  Neck cumulative exposure trajectory during Task 1 

Trunk exposure (figure 5) reached 971.75 exposure-minutes 

with flexion predominantly between 10°-35°. Critically, the 

trunk spent 50.4% of the shift duration (211.7 minutes) in 

REBA Score 3 (>20° flexion), consistent with our prior 

empirical observations [22, p. 971: "trunk angle predominantly 

fluctuates between 10° and 30°, with occasional peaks reaching 

up to 35°"]. Break intervals reduced the accumulation rate by 

only 28%, with accelerated accumulation post-break (slope 

increase 22%), indicating incomplete tissue recovery, a critical 

finding for repetitive task design. The trunk exhibited the 

highest cumulative burden among all segments due to both 

elevated risk scores and insufficient recovery during breaks. 

Figure 5.  Trunk cumulative exposure trajectory during Task 1. 

Right shoulder ( figure 6) exposure accumulated to 498.12 

exposure-minutes with brief excursions into high-risk postures 

(Score 3 for 9.1 minutes, 2.2% of shift duration), primarily 

during reaching motions. The shoulder exhibited moderate 

recovery dynamics during breaks (rshoulder(t) reduced from 0.88 

to 0.62), reflecting static elevation demands during packaging 

operations. 

 

Figure 6.  Right shoulder cumulative exposure trajectory during 

Task 1 

Right elbow (figure 7) consistently exhibited REBA Score 2, 

indicating sustained deviation from neutral flexion (60°–100°). 

Specifically, 50.2% of the shift duration (210.7 minutes) was 

spent in non-neutral elbow postures, a biomechanical 

configuration associated with increased muscular demand and 

reduced joint stability. This pattern reflects the task’s 

ergonomic demands: repetitive reaching motions inherently 

require elbow angles outside the neutral zone, generating 

cumulative loading. 

 

Figure 7. Right elbow cumulative exposure trajectory during 

Task 1 

B. Recovery Function Dynamics and Physiological 

Interpretation 
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Figure 8 illustrates the recovery function trajectories (rj(t)) 

quantifying residual tissue stress during the shift. All segments 

demonstrated incomplete recovery during breaks (values 

remained >0.4), with shoulders exhibiting the slowest recovery 

dynamics (rshoulder(t) = 0.88-0.92 during work periods). The 

trunk showed the poorest recovery capacity (rtrunk(t) reduced 

from 0.91 to only 0.65 during breaks), directly contributing to 

its accelerated post-break accumulation. These patterns align 

with the muscle oxygenation kinetics literature [8,15], in which 

larger muscle groups (trunk) exhibit slower recovery than 

smaller segments (neck) under sustained loading conditions. 

 

Figure 8. Recovery function trajectories for critical segments 

during Task 1. 

Vertical gray bands indicate break intervals. Higher values 

indicate greater residual tissue stress. The trunk demonstrates 

the slowest recovery dynamics (values remain >0.65 during 

breaks), directly contributing to progressive accumulation of 

tissue stress across work intervals, a critical physiological 

mechanism underlying cumulative MSD risk. 

C. Segment-Level Exposure Metrics and Risk 

Reclassification 

Table II synthesizes segment-specific exposure metrics derived 

from the simulation. The trunk demonstrated the highest 

cumulative burden (971.75 exposure-minutes) due to sustained 

moderate-to-high flexion without adequate recovery periods, 

while the neck showed the most effective recovery during 

breaks (RR = 0.42). 

Critically, despite moderate instantaneous REBA scores (5.13 

= Moderate Risk p), the cumulative Risk Score reached 

3,526.38 exposure-minutes, classified as Very High Risk per 

our threshold framework (>1,000 exposure-minutes). This 

represents a 689% increase in risk classification (Moderate → 

Very High) when moving from instantaneous to cumulative 

assessment. 

*Time in Max Score: Cumulative duration spent at the highest 

observed risk score for that segment 

*Recovery ratio = exposure slope reduction during breaks 

D. Hazardous Pattern Detection 

Sliding window analysis detected task-specific hazardous 

signatures with critical segment-specific variations: 

• Trunk: Detected all three hazardous patterns: 

o Pattern 1 (Sustained posture >120 s): ✓ YES 

(consecutive Score 3 episodes exceeding 180 s) 

o Pattern 2 (Insufficient recovery RR<0.3): ✓ YES (RR 

= 0.28 < 0.3 threshold) 

o Pattern 3 (High repetition + low variability): ✓ YES 

(σθ = 3.8° across 94% of cycles) 

This triad of hazardous signatures in the trunk segment 

represents the highest-risk biomechanical profile observed in 

this study, directly implicating trunk flexion as the primary 

driver of cumulative MSD risk in Task 1. 

• Neck and Right Elbow: Detected only Pattern 3 (High 

repetition + low variability), with σθ < 5° across >90% of 

cycles, confirming the highly repetitive nature of Task 1 

without sustained extreme postures. 

• Right Shoulder: No hazardous patterns detected beyond 

brief Score 3 excursions (<15 s duration), indicating lower 

cumulative risk contribution despite occasional high-risk 

postures. 

 

E. Temporal Dynamics of Cumulative Risk Accumulation 

The most significant finding emerged from the temporal 

evolution of cumulative exposure (Figure 3). The CRS 

exceeded the Very High-Risk threshold at minute 218, despite 

never reaching REBA Scores ≥8, demonstrating that snapshot 

assessments fundamentally underestimate MSD risk in 

repetitive tasks. This discrepancy arises because: 

• Repetitive moderate-to-high-risk postures (Scores 2-

3) generated substantial cumulative burden through 

sustained exposure without adequate recovery 

• Insufficient recovery during breaks (trunk RR = 0.28 

< 0.3 threshold) permitted progressive residual stress 

accumulation across work intervals 

• Post-break acceleration (trunk slope increase 22%) 

indicated progressive tissue fatigue despite scheduled 

rest periods 

This finding validates our core hypothesis: temporal 

integration of exposure is essential for accurate MSD risk 

prediction in repetitive industrial tasks. The framework reveals 

hazardous patterns invisible to conventional assessments, 

specifically, the insidious nature of cumulative loading from 

repetitive moderate-risk postures combined with inadequate 

recovery dynamics. 

IV. DISCUSSION  

A. CUMULATIVE EXPOSURE REVEALS CRITICAL RISK PATTERNS 

INVISIBLE TO SNAPSHOT ASSESSMENTS 

This pilot study demonstrates that temporal integration of 

segment-specific ergonomic scores fundamentally transforms 

risk assessment into repetitive industrial tasks. The most salient 

finding is the dramatic reclassification of Task 1 risk from 

Table. II 

SEGMENT-LEVEL CUMULATIVE EXPOSURE METRICS FOR TASK 1 

 
FINAL 

EXPOSURE 

(EXP-MIN) 

Avg. 
Score 

Time in Max 
Score* 

Recover
y Ratio* 

  

Neck 736.86 1.95 398.1 min 

(94.8%) 

0.42   

Trunk 971.75 2.50 211.7 min 

(50.4%) 

0.28   

Right 
shoulde

r 

498.12 1.57 9.1 min 
 (2.2%) 

0.38   

 

Right 

elbow 
 

 

438.82 

 

1.50 

 

210.7 min 

(50.2%) 

 

0.51 

  

CRS 3,526.38 / / /   
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Moderate (instantaneous REBA 5.13) to Very High (CRS 

3,526.38 exposure-minutes), a 689% increase in risk severity 

quantification. Critically, this reclassification directly 

implicates the anatomical segments corresponding to the 

facility's documented injury epidemiology: trunk (lumbar) and 

shoulders, the precise regions affected by MSDs requiring >15 

days of sick leave in this chocolate manufacturing facility. 

The trunk emerged as the primary risk driver (971.75 exposure-

minutes), spending 50.4% of the shift duration in REBA Score 

3 (>20° flexion) with insufficient recovery (RR = 0.28 < 0.3 

threshold). This aligns precisely with cumulative trauma 

pathophysiology: when tissue loading exceeds metabolic 

recovery capacity over time, micro-damage accumulates in 

spinal structures [7]. The right shoulder's substantial burden 

(498.12 exposure-minutes) with sustained elevation (20°–45°) 

and brief excursions into Score 3 (>45°) directly corresponds to 

rotator cuff strain mechanisms documented in repetitive 

overhead tasks [6]. These findings are not theoretical, they 

reflect the biomechanical origins of the facility's actual MSD 

burden, where lumbar and shoulder disorders dominate lost-

time injury statistics. 

The neck's substantial burden (736.32 exposure-minutes), 

despite never exceeding Score 2, further challenges 

conventional ergonomic paradigms. Score 2 represents 

sustained non-neutral posture (>20° flexion or rotation), the 

minimum risk threshold requiring intervention within days to 

weeks [2], not a benign state. Our framework quantifies how 

the 94.8% shift in duration in this configuration generates 

significant cumulative loading, a phenomenon entirely masked 

by snapshot assessments that report identical peak scores for 

brief versus sustained exposures. 

B. Physiological Mechanisms Underlying Cumulative 

Risk Accumulation 

The recovery function trajectories (rj(t)) provide direct 

physiological evidence of tissue stress dynamics corresponding 

to documented injury mechanisms. The trunk's slower recovery 

(rtrunk decayed to 0.65 during breaks vs. neck to 0.48) aligns 

with muscle oxygenation kinetics literature [8,15], where larger 

muscle groups exhibit prolonged metabolite clearance due to 

greater tissue mass and vascular constraints. This physiological 

reality explains the trunk's accelerated post-break accumulation 

(slope increase 22%) and detection of all three hazardous 

patterns: sustained posture (>120 s), insufficient recovery (RR 

< 0.3), and high repetition (σθ = 3.8°). These patterns match 

EMG-validated fatigue thresholds [23,30] and directly 

correspond to the pathophysiological mechanisms underlying 

lumbar disc degeneration and facet joint overload observed in 

repetitive flexion tasks [7]. 

Similarly, the shoulder's sustained moderate elevation (20°–

45°) with insufficient recovery periods generates cumulative 

supraspinatus tendon loading, precisely the mechanism 

implicated in rotator cuff tendinopathy requiring extended sick 

leave [6]. The absence of extreme postures (>90° abduction) 

does not preclude injury risk; rather, duration in moderate-risk 

configurations without adequate recovery drives tissue micro-

damage accumulation. This explains why facility injury records 

show shoulder disorders emerging from repetitive packaging 

tasks despite moderate instantaneous scores, a phenomenon 

invisible to snapshot assessments but captured by our temporal 

integration framework. 

C. Temporal Integration as Essential Ergonomic Metric 

This study establishes temporal integration as a non-negotiable 

component of accurate ergonomic risk assessment for facilities 

with documented MSD burdens. While prior vision-based 

systems successfully automated instantaneous scoring 

[1,21,22], they perpetuated the "snapshot fallacy" by discarding 

99.9% of temporal information inherent in high-frequency 

skeletal data streams. Our framework bridges the critical gap 

between observational tools (RULA/REBA) and cumulative 

models (Strain Index, OCRA) by: 

• Preserving segment-level anatomical specificity lost in 

global scores—critical when facility injury data implicates 

specific segments (lumbar/trunk and shoulders) 

• Implementing physiologically grounded recovery dynamics 

(exponential decay per muscle oxygenation kinetics) 

• Detecting hazardous patterns validated against EMG fatigue 

thresholds and aligned with documented injury mechanisms 

• Quantifying exposure in clinically interpretable units 

(exposure-minutes) directly linked to tissue loading 

duration 

In contrast to forecasting approaches that predict future 

postures [26,27], our methodology operates exclusively on 

observed historical exposure, aligning with the physiological 

reality that MSDs develop from accumulated loading, not 

predicted states [27]. This distinction is critical: pattern 

recognition (detecting sustained trunk flexion >120 s without 

recovery) is biomechanically valid; posture prediction is not. 

By transforming vision-based systems from reactive posture 

classifiers into predictive exposure quantifiers, this framework 

fulfills the preventive vision of Industry 4.0 occupational health 

[40], specifically targeting the anatomical segments responsible 

for the facility's documented lost-time injuries. 

D. Theoretical Implications for Cumulative Trauma 

Pathogenesis 

Our findings provide empirical validation for cumulative 

trauma theory by quantifying the temporal dynamics of tissue 

loading previously accessible only through invasive 

physiological measurements. The CRS threshold crossing at 

minute 218, despite never reaching REBA Scores ≥8, 

demonstrates that MSD risk accumulates through progressive 

micro-damage when exposure duration exceeds metabolic 

recovery capacity [7]. This reconciles epidemiological 

observations (e.g., workers developing lumbar/shoulder 

disorders without extreme postures [23]) with biomechanical 

theory: risk derives from integrated exposure (severity × 

duration × frequency ÷ recovery) rather than peak severity 

alone. 

The trunk's triad of hazardous patterns (sustained posture, 

insufficient recovery, high repetition) represents a 

pathophysiological "perfect storm" where tissue loading 

exceeds clearance capacity across multiple dimensions 

simultaneously. This explains why lumbar disorders dominate 

MSD epidemiology in repetitive industrial tasks [4] despite 

moderate peak scores; cumulative exposure metrics capture the 

integrated biomechanical insult that snapshot assessments miss. 

Critically, our framework operationalizes this theory into a 

quantifiable metric targeting the exact anatomical segments 

responsible for the facility's documented injury burden (>15 

days sick leave for lumbar/shoulder trauma). This alignment 

between exposure metrics and actual injury patterns provides 

compelling evidence that temporal integration captures 

clinically relevant risk dimensions invisible to conventional 

assessments.  
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CONCLUSION  

This pilot study establishes a methodologically rigorous 

framework for quantifying cumulative postural exposure 

through temporal integration of segment-specific ergonomic 

scores. Applied to Task 1 (repetitive packaging) within a 

chocolate manufacturing facility characterized by a 

documented burden of shoulder and lumbar musculoskeletal 

disorders requiring extended medical leave (>15 days), the 

framework revealed critical risk patterns undetectable by 

conventional snapshot assessments. Despite a moderate mean 

instantaneous REBA score of 5.13 (Moderate Risk 

classification), cumulative exposure metrics reclassified overall 

risk as Very High (Cumulative Risk Score = 3,526.38 exposure-

minutes). Critically, the anatomical segments exhibiting the 

highest cumulative burden, the trunk (971.75 exposure-

minutes) and right shoulder (498.12 exposure-minutes), align 

precisely with the facility’s documented injury epidemiology. 

This congruence provides empirical validation that temporal 

integration captures clinically relevant risk dimensions directly 

associated with occupational health outcomes. 

The framework’s methodological contribution resides in 

recovery-weighted integration of segment scores, which 

quantifies how sustained exposure to non-neutral postures 

(REBA Scores 2–3) without adequate recovery generates 

substantial cumulative loading. The trunk segment 

demonstrated a confluence of hazardous patterns: sustained 

non-neutral posture (>120 seconds), insufficient recovery ratio 

(RR = 0.28 < 0.3 threshold), and high repetition (angular 

variability σθ= 3.8°). This triad represents a pathophysiological 

profile consistent with cumulative trauma mechanisms, 

wherein tissue micro-damage accumulates when loading 

exceeds metabolic recovery capacity. Similarly, the shoulder’s 

substantial burden despite minimal time in high-risk postures 

(2.2% in Score 3) illustrates how duration in moderate-risk 

configurations, not peak severity, drives cumulative tissue 

stress. These findings empirically substantiate that MSD risk in 

repetitive industrial tasks is predominantly governed by 

exposure duration and recovery dynamics rather than 

instantaneous posture severity. 

This investigation acknowledges three methodological 

constraints. First, validation was confined to a single repetitive 

task (Task 1) with stable kinematic patterns (cycle time ≈30 

seconds). While this focused design is methodologically 

justified for proof-of-concept in highly repetitive operations, 

generalizability to heterogeneous tasks requires multi-task 

validation. The minor discrepancy in simulated versus observed 

trunk Score 3 prevalence (50.4% versus 42%) reflects expected 

stochastic variation in Markov chain modeling of repetitive 

tasks and does not compromise physiological plausibility. 

Second, full-shift exposure trajectories were extrapolated from 

a 30-second empirical recording. Although validated for tasks 

with low intra-cycle variability (σθ< 5° across 92% of cycles), 

this approach cannot capture infrequent high-risk postures 

occurring outside the sampled window. Third, validation relied 

on physiological plausibility (recovery dynamics aligned with 

established muscle oxygenation kinetics), pattern consistency 

with electromyography-validated fatigue thresholds, and 

congruence with facility injury records. Direct correlation with 

prospective MSD incidence or longitudinal discomfort metrics 

was not established. 

These limitations delineate a structured validation pathway. 

Short-term implementation will deploy the framework across 

multiple operators and tasks using direct long-duration 

recordings to validate simulation fidelity and implement real-

time alerts for hazardous patterns (e.g., sustained trunk flexion 

>120 seconds without ≥30 seconds recovery). Medium-term 

efforts will integrate worker-reported discomfort metrics to 

establish exposure-discomfort correlations and refine recovery 

parameters using individual physiological characteristics where 

ethically feasible. Long-term objectives include a prospective 

cohort study correlating cumulative exposure metrics with 

MSD incidence over 24 months, specifically targeting the 

lumbar and shoulder segments implicated in the facility’s injury 

burden. 

By transforming ergonomic monitoring from reactive posture 

classification to predictive exposure quantification, this 

framework enables targeted interventions at the source of 

cumulative loading. Prioritizing workstation redesign to 

minimize sustained trunk flexion, implementing scheduled 

micro-breaks to elevate recovery ratios above critical 

thresholds, and adopting task rotation protocols offer a 

scientifically grounded strategy to mitigate documented 

shoulder and lumbar disorder burdens. This approach embodies 

the preventive paradigm of Industry 4.0 occupational health: 

shifting focus from symptom management to proactive risk 

mitigation through physiologically informed exposure 

quantification. Future validation across diverse industrial 

contexts will determine the framework’s broader applicability 

while preserving its core contribution, the temporal dimension 

as non-negotiable in accurate MSD risk assessment. 
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