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ABSTRACT

Accurate measurement of Hand Activity Level (HAL) is crucial for evaluating musculoskeletal
injury risk in repetitive hand-intensive work. Manual HAL assessments are often subjective and
impractical for large-scale or continuous monitoring. This study presents a probabilistic regression
framework that leverages video-based upper-limb pose trajectories to automatically estimate HAL
scores while providing associated confidence measures. By enabling ergonomic risk assessment
with quantified uncertainty, the proposed method delivers objective and reliable HAL predictions.
Experimental results demonstrate strong in-domain performance (Root Mean Square Error
[RMSE]=0.24, Mean Absolute Error [MAE]=0.17) and robust cross-domain generalisation
(RMSE=0.74, MAE=0.54), highlighting both the accuracy and transferability of the framework.

Practitioner Summary: This work presents a probabilistic regression framework for estimating Hand
Activity Level (HAL) from video-based pose trajectories, providing both HAL predictions and
associated confidence. The framework generalises across domains, enabling practitioners to
rapidly assess HAL scores while identifying low-confidence cases that may require further review
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in diverse workplace settings.

1. Introduction

Hand-intensive work is a major contributor to muscu-
loskeletal disorders (MSDs), particularly affecting the
wrists and forearms of workers engaged in repetitive
motion tasks (Barr, Barbe, and Clark 2004). A key met-
ric to evaluate the risks associated is the Hand Activity
Level (HAL), which quantifies the repetitiveness and
intensity of hand use by considering factors such as
exertions and recovery time (Latko et al. 1997). Given
its ability to measure exposure to repetitive hand exer-
tions, HAL is widely used in ergonomic assessments to
identify the risk of MSDs (Burt et al. 2013; Garg et al.
2012; Kapellusch et al. 2014; Yung et al. 2019).
Recognising its importance, the American Conference
of Governmental Industrial Hygienists (ACGIH®) incorpo-
rated HAL into Threshold Limit Value (TLV®) guidelines
to help prevent hand and wrist injuries in occupations
that require intensive manual labour. Musculoskeletal
disorders remain a significant occupational health con-
cern due to their high prevalence and economic impact.
According to the U.S. Bureau of Labour Statistics, there
were 502,380 workplace musculoskeletal disorders
resulting in at least one day away from work, with an

annualised incidence rate of 25.3 per 10,000 full-time
equivalent workers (Employer-Reported Workplace
Injuries and llinesses, 2021-2022 2023).

Accurately assessing and mitigating hand activity
risks is essential for workplace safety. Traditional meth-
ods, which rely on subjective evaluations by expert
ergonomists, are often inconsistent and labour-intensive.
Previous research has documented inter- observer vari-
ability in manual HAL ratings (Spielholz et al. 2008)
and demonstrated that observational methods gener-
ally offer less reliability than objective measurement
approaches (Dahlgren et al. 2023). These findings
underscore the importance of supplementing observa-
tional methods with objective measurements that
enhance both the consistency and accuracy of HAL
assessments.

To address these challenges, quantitative models for
HAL estimation have been introduced. For example,
Radwin et al. (2015) proposed a parameterised equa-
tion that estimates HAL based on the frequency of
exertion F and the percent duty cycle D, as defined in
Equation (1). Despite providing a standardised estima-
tion method, this approach requires precise manual
identification of exertions and cycle times, limiting its
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applicability to large-scale assessments. Subsequent
studies sought to refine this methodology by incorpo-
rating speed-based re-parameterization techniques
that estimate HAL from motion-derived features, ulti-
mately reducing dependence on manually counted
exertion frequencies (Akkas et al. 2015). Nevertheless,
despite these enhancements in objectivity, the require-
ment for frame-by-frame annotation to extract key
input variables from video recordings remains a signif-
icant barrier to widespread implementation in ergo-
nomic evaluations.

F1.3‘I

HAL=6.56-In(D)~m
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Building on these foundations, prior efforts have
explored the use of computer vision to facilitate HAL
estimation. Early approaches, such as template-matching
algorithms, were developed to track hand motion and
estimate frequency and duty cycle (Chen et al. 2013).
Subsequently, machine learning techniques that incor-
porate motion- derived features, such as decision trees
and k-nearest neighbour classifiers, demonstrated
potential for HAL prediction (Akkas et al. 2016).
However, these approaches often required manual ini-
tialisation, such as selecting the region of interest at
the start of the analysis or manually identifying the
first cycle as a reference sample, limiting their ability
to scale across diverse workplace settings. Thus, despite
promising advances, an automated pipeline capable of

handling variations in camera viewpoints, motion com-
plexity and environmental conditions remains an
unmet need.

To address these challenges, we introduce a fully
automated probabilistic regression framework for esti-
mating HAL directly from video. Our framework lever-
ages upper- limb pose estimation and multi-object
tracking to extract joint trajectories, which are pro-
cessed to predict HAL and its associated confidence
score. This framework enables accurate and reliable
ergonomic assessment across diverse workplace
scenarios.

2. Methods

We present a probabilistic regression framework for
automatic estimation of HAL from video, which oper-
ates on upper-limb pose trajectories and predicts HAL
scores with explicit uncertainty quantification. An over-
view of the framework is shown in Figure 1.

The framework consists of two main stages: pre-
process and probabilistic regression. In the preprocess-
ing stage, raw video frames are transformed into
structured joint trajectories through upper-limb pose
estimation, multi-object tracking and sliding- window
segmentation, producing temporally consistent input
sequences suitable for downstream modelling. In the
probabilistic regression stage, each trajectory segment
is temporally encoded and passed to a regression
model that jointly predicts the mean and variance of a

Figure 1. Overview of the proposed probabilistic regression framework for automatic HAL estimation. The framework consists of
two main stages: a pre-process stage, which extracts overlapping windows of upper-limb pose trajectories from video and a
probabilistic regression stage, in which each segment is temporally encoded, a Gaussian distribution over HAL is predicted per
segment, and these distributions are fused into a final video-level HAL estimate with an associated confidence score.



Gaussian distribution over HAL, treating each segment
as a probabilistic sample. Segment-level Gaussian pre-
dictions are then aggregated using a calibrated fusion
scheme to produce a robust video-level HAL estimate,
along with an interpretable confidence score.

Detailed descriptions of each component of the
framework are provided in the following subsections.

2.1. Pre-process: trajectory generation

The preprocessing stage transforms raw video into
structured joint trajectories through three main steps:
pose estimation, tracking and trajectory segmentation.
Pose estimation detects key joint positions in each
frame, tracking maintains consistent joint identities
across frames and segmentation divides the resulting
trajectories into over- lapping temporal windows suit-
able for downstream modelling.

2.1.1. Pose estimation

We use YOLOv10-Pose by Wang et al. (2024) for
frame-wise upper-limb pose estimation, chosen for its
balance of accuracy and efficiency. This model identi-
fies 2D coordinates for key joints in each video frame.
The modular design allows for future upgrades to
more advanced pose estimators as needed.

2.1.2. Tracking

To ensure temporal consistency, we apply BoT-SORT-
RelD by Aharon, Orfaig, and Bobrovsky (2022) for
multi-object tracking. This algorithm combines motion
and appearance cues to reliably associate detected
joints across frames, even in challenging or clut-
tered scenes.

2.1.3. Trajectory segmentation
To leverage the repetitive nature of motions in HAL
analysis, we segment the tracked trajectories into over-
lapping fixed-length windows. Each window is
designed to span multiple motion cycles, ensuring
that each segment captures representative local
dynamics. This segmentation approach enables effi-
cient batch processing of videos with variable dura-
tions while providing consistent input dimensions for
model training. Let X e R™? represent the complete
trajectory, where T is the number of frames and J is
the number of tracked joints. Using a sliding window
of length w and stride s, we extract trajectory seg-
ments as follows:

X =X[s-i:s-i+w], i=0,..,n, -1, )

v
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where i indexes each extracted trajectory segment,
and the number of segments for a video is given by

\4

n :V_—WJ Each trajectory segment is assigned the

correspcs)nding video-level HAL label y, under the
assumption of piecewise stationarity. This assumption
is well-suited to the repetitive, cyclical motions charac-
teristic of HAL assessment tasks, where local segment
dynamics are expected to reflect the overall activity.
However, it is important to acknowledge that this
assumption may be less accurate for segments near
the beginning or end of a video, where transitional
frames or incomplete motion cycles can introduce
label noise. To mitigate this, we employ window sizes
that span multiple motion cycles, thereby reducing the
influence of non-representative segments. The effects
of window length w and stride s on model perfor-
mance are evaluated in Section 3.4.

2.2. Model: probabilistic regression

The original HAL rating scale is defined over discrete
integer values from 0 to 10. However, the regression
relationship between frequency, duty cycle and HAL in
Equation (1) is continuous. This motivates framing HAL
estimation as a regression problem, enabling finer-
grained predictions beyond discrete categories. Such a
continuous approach is valuable in practice, where
task characteristics may not align with predefined
HAL bins.

Given the variability in human motion and the inher-
ent noise in video-derived pose data, deterministic
models may yield overconfident or unreliable predictions.
To mitigate this, we adopt a probabilistic framework
that explicitly captures heteroscedastic uncertainty—
uncertainty that varies across individual samples (Kendall
and Gal 2017). This capability is particularly important in
real-world environments, where the ambiguity of spe-
cific sequences may differ substantially across subjects
and settings. By modelling uncertainty, the system gen-
erates confidence-aware predictions that are intended
to be more robust and interpretable in diverse
applications.

The probabilistic regression framework consists of
four main steps: segment-level trajectory temporal
encoding, segment-level probabilistic regression, video-
level calibrated aggregation and interpretable
confidence scoring. Temporal encoding extracts latent
features from each trajectory segment, probabilistic
regression predicts the mean and variance of a
Gaussian distribution over HAL for each segment, cal-
ibrated aggregation combines segment-level predic-
tions into a video-level estimate with associated
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uncertainty, and confidence scoring maps the predic-
tive distribution to an interpretable confidence metric.

2.2.1. Segment-level trajectory temporal encoding
To capture temporal motion patterns within each tra-
jectory segment, we employ a temporal convolutional
network (TCN) as the temporal feature extraction
backbone (Lea et al. 2016). TCNs leverage dilated con-
volutions to efficiently model dependencies in sequen-
tial data while enabling parallel computation and
stable gradient propagation, making them well-suited
for temporal sequence modelling.

Each trajectory segment X, is transformed into a
latent feature vector h, of dimension d using the tem-
poral encoding function f_ (-):

(-), heR 3)

2.2.2. Segment-Level probabilistic regression

We model each segment-level HAL label y, as a draw
from a Gaussian distribution whose parameters are
predicted from the input segment, following the
approach introduced by Nix and Weigend (1994):

¥, ~N(w.07), )

where both the mean g, and variance o are predicted
from the latent feature vector h, extracted from the
input segment X.

Specifically, the mean and variance are computed as:

w =1, (h), (5)
ol =f (h,), (6)

where f,(-) and f, (-) are independent fully con-
nected neural network heads applied to the shared
latent feature h. The variance head is constrained to
produce non- negative outputs, and the mean head is
restricted to the valid HAL range. Additional architec-
tural details are provided in Section 2.3.4.

The model is trained by minimising the average
negative log-likelihood (NLL) over n training segments:

15 (yv—u.)2 1 11
L, =— ~~ " +—logo; |+-—I 2 7
L ;}:{ 207 +2 0g9o; +2 og(27) (7)

Minimising £,,, jointly updates the TCN backbone
and the u— and o— heads so that y, best fits the
observed HAL scores and o7 accurately quantifies the
model’s predictive uncertainty.

A larger o} indicates greater uncertainty—ie the model
considers a wider range of HAL values plausible—whereas
a smaller 7 reflects higher confidence in the point esti-
mate. No explicit uncertainty labels are required: the
probabilistic formulation enables the network to learn
both accurate predictions and well-calibrated uncertainty
estimates directly from the data.

2.2.3. Video-level calibrated aggregation
To obtain a robust video-level HAL estimate from the
n, segment-level predictions, we aggregate these pre-
dictions while explicitly accounting for their associated
uncertainties. A naive approach, such as simple aver-
aging, would treat all segments equally, disregarding
differences in prediction confidence. Instead, we
employ a precision-weighted aggregation scheme,
which assigns greater influence on segments with
lower predicted variance, thereby prioritising more reli-
able predictions.

For each segment i, precision is defined as t, =1/c/.
The aggregated video-level mean and variance are
computed as:

nv
z i:1T" Hi

B, ==t — (8)

= .
z i:1Ti

o’ = 9)

While precision-weighted aggregation is theoretically
optimal for independent predictions, our use of overlap-
ping windows introduces statistical dependencies that
cause o’ to underestimate the true video-level uncer-
tainty. To correct for this, we introduce a temperature
scaling parameter A>1 to calibrate the aggregated
variance:

G2 =12g? (10)

With the aggregated mean p, and the calibrated
variance 65, the final video-level predictive distribution
is defined as a Gaussian:

¥, ~N(1,67). (11)

This calibrated distribution provides a statistically
robust foundation for the interpretable confidence
score detailed in the following section. A quantitative
evaluation of this calibration is presented in
Section 3.2.



2.2.4. Interpretable confidence score mapping
To enhance the practical utility of the model’s output,
we map the video-level predictive distribution from
Equation (11) to an interpretable confidence score.
This score quantifies the probability that a prediction
is sufficiently accurate, which we define as the true
HAL value lying within a tolerance of ¢=1 HAL unit
from the predicted mean. This tolerance is consistent
with established ergonomic literature, where devia-
tions within +1 unit are considered acceptable (Radwin
et al. 2023).

The probability of the true HAL falling within this tol-
erance is derived from the standard normal cumulative
distribution function (CDF), denoted by ®(-), as follow:

Pr(ly, —u,|<1)=Pr(pu, 1<y, <p,+1)

_p VYo T
G G G

o _Lj 12

=0

Finally, to provide an intuitive metric for practi-
tioners, we express this probability as a percentage-
based confidence score:

Qxl_\

Confidence Score (%)= {ZCD( ]—1} 100. (13)
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This score provides a statistically grounded, inter-
pretable measure of the model’s certainty that its pre-
diction is within an acceptable range, supporting
reliable decision- making in ergonomic assessments.

2.3. Experimental setup and evaluation

This section provides a detailed overview of the exper-
imental setup, including datasets, data augmentation
strategies, model configuration and evaluation metrics.

2.3.1. Datasets

We evaluate our approach using two video datasets:
Dataset A and Dataset B. Both datasets involve cyclical
load transfer tasks—including reaching, grasping, mov-
ing and releasing objects (see Figure 2). Ground truth
HAL labels are obtained by annotating each video
frame as either exertion or non-exertion. From these
annotations, we compute the average cycle time, aver-
age exertion time and the number of exertions per
video. Duty cycle, frequency and HAL are then derived
according to the definitions provided in Radwin et al.
(2015). The datasets are described as follows:

Dataset A. Based on Radwin (2011), Dataset A consists
of 144 videos from 20 subjects performing a repetitive
bottle loading task on a rotating table. HAL scores are
summarised as MeanxSD [Min-Max]: 1.6+1.5 [0.1-5.1].
Video durations range from 70 to 230seconds at 30 fps.
This dataset is used exclusively for in-domain training
and evaluation. We reserve 20% of the subjects (4 sub-
jects, 24 videos) as a held-out test set, while the remain-
ing 80% are used for training and hyperparameter tuning
via 5-fold group-by-subject cross-validation, ensuring that

Figure 2. Representative frames from Datasets A and B illustrating the four-phase load transfer cycle. Dataset A (top row) features
a bottle loading task, while Dataset B (bottom row) involves a shelf system with tennis balls. Each dataset captures the cyclical
nature of the tasks, which includes the phases of Reach, Grasp, Move and Release.
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all videos from each subject appear in only one split to
prevent data leakage.

Dataset B. Based on Akkas et al. (2016), Dataset B
contains 122 videos from 19 subjects performing sim-
ilar load transfer tasks by repetitively moving tennis
balls within a shelf system. HAL scores are summarised
as Mean+SD [Min-Max]: 4.6+1.1 [1.1-6.0]. Video dura-
tions range from 20 to 120seconds at 30 fps. All vid-
eos in Dataset B are reserved for cross-domain testing
to assess generalisation.

2.3.2. Data augmentation

To address limitations in the video datasets—such as
fixed camera positions, a pre- dominance of right-handed
subjects and a limited range of HAL labels—we apply
both temporal and spatial augmentation techniques to
enrich the data and improve generalisability.

To increase representation of higher HAL values, we
perform selective temporal augmentation by downs-
ampling trajectory data during non-exertion periods.
This approach preserves the integrity of exertion
phases while reducing the overall cycle du- ration,
thereby increasing the duty cycle and frequency. As a
result, augmented samples tend to exhibit higher HAL
values. Each video undergoes three randomised tem-
poral augmentations, diversifying Dataset A to 576 vid-
eos with HAL labels summarised as Mean+SD
[Min-Max]: 3.7+2.0 [0.1-6.4].

To mitigate biases from fixed viewpoints and hand-
edness, we apply spatial augmentations to the pose
trajectories. These include random rotations, random
scaling and horizontal mirroring to simulate left-handed
movements and varied camera perspectives.

2.3.3. Evaluation metrics
We evaluate the model using both point-estimate
accuracy metrics and interval-based uncertainty cali-
bration metrics. Root Mean Square Error (RMSE) and
Mean Absolute Error (MAE) quantify the regression
accuracy; RMSE penalises large errors more heavily,
while MAE represents the average magnitude of error.
The Expected Calibration Error (ECE) measures the dis-
crepancy between nominal and empirical coverage
probabilities, following the regression calibration pro-
cedure proposed by Kuleshov, Fenner, and Ermon (2018).

Let m denote the number of test videos, yﬁ") the
ground-truth HAL score for video i and /45") the pre-
dicted video-level mean from Equation (8).

Root Mean Square Error (RMSE).

_ S (0,0
RMSE = mZ(yv u) (14)

i=1

Mean Absolute Error (MAE).

y =

-I m
MAE_;Z

i=1
Expected calibration Error (ECE)

1),
ECE:EZ‘c(yk)—yk‘ (16)
k=1

The ECE quantifies the average absolute difference
between nominal coverage probabilities, y, and their
corresponding empirical coverage estimates, E(yk).
These are evaluated over a set of K=19 probability
levels, where y, €{0.05,0.1,...,0.95}. The empirical cov-
erage is defined as:

IS0l 0, 0,04 ~(i)
k)_m;‘I{yv el::uv [Hz/k) v oMy E (1+2ykj0v :|}’

(17)

where 6(i) is the calibrated standard deviation from
Equation (10) and z,,_,  is the standard-normal critical
value defining a cergtrzav 7, two-sided interval.

2.3.4. Model configuration and hyperparameters
The final model configuration was determined through
5-fold cross-validation on Dataset A, with hyperparam-
eters selected to optimise the evaluation metrics
defined in Section 2.3.3. The final configuration is as
follows:

+ Trajectory Segmentation: A sliding window

with size w =450 frames and stride s=45 was
used, as defined in Equation (2).
Input: Each segment is a wx4 tensor repre-
senting the x/y offsets from the shoulder to the
elbow and wrist joints. Uniform undersampling
was applied to balance the HAL label distribu-
tion during training.

+ TCN Backbone: Three 1D convolutional layers
with channels [16, 64, 256], a kernel size of 8
and a dilation factor of 2 were used to produce
a d =256 latent feature vector, as described in
Equation (3).

+  Prediction Heads: Two parallel fully connected
heads, each with a hidden size of 8, predict the
segment-level distribution parameters. The
mean head (u) uses a scaled sigmoid activation
function to constrain its output between 0 and
10. The variance head predicts the log-variance



(Iogcrf), which is converted to crf via an expo-
nential function to ensure positivity.

+ Activation and Regularisation: A RelLU activa-
tion function was used after each layer, fol-
lowed by a dropout rate of 0.2.

«  Optimisation: The model was trained using the
Adam optimiser with a learning rate of 1x107
and a batch size of 256.

+ Uncertainty Calibration: Temperature scaling
(A=4) was used for variance calibration in
Equation (10).

The final model comprises approximately 0.75 mil-
lion trainable parameters, resulting in a model size of
about 3 MB.

3. Results

This section presents a comprehensive evaluation of
the proposed framework’s performance, calibration
and robustness. We first report primary regression
metrics for both in-domain (Dataset A) and cross-
domain (Dataset B) test sets, providing quantitative
comparisons  against  baseline  methods. To

Table 1. Video-level HAL estimation accuracy for in-domain
and cross-domain testing.

In-domain Cross-domain
Method RMSE MAE{ RMSE MAEJ
Chen et al. 1.80 1.36 242 233
(2013)
Akkas et al. 1.63 1.21 1.87 1.73
(2016)
This work 0.24 0.17 0.74 0.54

ERGONOMICS . 7

complement these metrics, we provide qualitative
visualisations where each prediction is plotted against
its ground truth value and colour-coded by its associ-
ated confidence score. We then analyse the statistical
reliability of the model through a detailed model cali-
bration assessment. Finally, to validate our method-
ological choices and assess their impact, we conduct
an ablation study on core model components and a
sensitivity analysis on key temporal parameters.

3.1. Model performance

We evaluated the proposed framework on in-domain
and cross-domain test sets, as described in Section
2.3.1. The video-level HAL estimation results are sum-
marised in Table 1, which compares our method with
two baseline approaches: Chen et al. (2013) and Akkas
et al. (2016). Our method achieved substantially lower
RMSE and MAE across both datasets, indicating strong
in-domain  accuracy and robust cross-domain
generalisation.

The relationship between predicted and true HAL
values for both in-domain and cross-domain test sets
is visualised in Figure 3. In the in-domain scenario,
predictions are tightly clustered along the diagonal,
indicating strong agreement with ground truth. In
contrast, cross-domain predictions display increased
dispersion, highlighting the challenges associated with
domain shift. Each point is colour-coded by the inter-
pretable confidence score described in Equation (13),
offering insight into the model’s uncertainty for indi-
vidual predictions.

Figure 3. Prediction accuracy for in-domain (a) and cross-domain (b) testing. Predicted HAL values are plotted against ground
truth, with the diagonal line indicating perfect agreement. Points are colour-coded by confidence score. In (a), predictions cluster
tightly along the diagonal, indicating high in-domain accuracy. In (b), increased dispersion reflects the effect of domain shift.
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3.2. Model calibration

We quantitatively assessed model calibration using the
ECE metric, which measures the alignment between
nominal and empirical coverage. Empirical coverage,
as defined in Equation (17), was computed as the pro-
portion of samples whose true HAL values fell within
the predictive intervals constructed from the calibrated
video-level variance 7. For comparison, we also report
results using predictive intervals based on the uncali-
brated video-level variance . Lower ECE values indi-
cate improved calibration and more reliable uncertainty
quantification.

For in-domain evaluation, ECE decreased from 0.31
(uncalibrated) to 0.04 (calibrated). In the cross-domain
setting, ECE decreased from 0.36 (uncalibrated) to 0.03
(calibrated). These results demonstrate that calibration
substantially improves the reliability of uncertainty
estimates in both testing domains.

Calibration performance for three types of predic-
tive intervals is compared in Figure 4: segment-
level (o), uncalibrated video-level (o,) and calibrated
video-level (). The segment-level predictions, pro-
duced by joint training with NLL, are reasonably
well-calibrated but show some underconfidence in the
mid-range probabilities, especially in the in-domain
case. Aggregating these predictions to the video level
introduces systematic overconfidence, as indicated by
the uncalibrated video-level curve falling below the
diagonal. Applying temperature scaling as described in

Section 2.2.3 to obtain calibrated video-level predic-

tions (&,) corrects this overconfidence and aligns the
reliability curve more closely with the ideal diagonal,
confirming that calibration effectively addresses the

miscalibration introduced during aggregation.

3.3. Ablation study

We conducted an ablation study to evaluate the contri-
bution of two key components in the proposed frame-
work: (1) probabilistic regression, which provides
input-dependent uncertainty estimates via Gaussian dis-
tributions and (2) precision-weighted aggregation, which
incorporates predicted uncertainty when combining
segment-level predictions into a video-level estimate.
These were compared against a deterministic baseline
that produces point estimates without uncertainty mod-
elling, trained using mean squared error loss and aggre-
gated with simple mean. Incorporating probabilistic
regression leads to improved performance over the
deterministic baseline, and further gains are achieved
with precision-weighted aggregation. The combination
of both approaches yields the lowest prediction error
on the in-domain dataset, as shown in Table 2.

3.4. Sensitivity analysis

We performed a sensitivity analysis on the temporal seg-
mentation parameters by varying the window size (w)

Figure 4. Reliability diagrams for in-domain (a) and cross-domain (b) testing. Empirical coverage E(yk) is plotted against nominal
coverage (y), with the diagonal indicating perfect calibration. Calibrated video-level predictions closely follow the diagonal,
demonstrating improved reliability over the uncalibrated baseline. Shaded areas highlight the reduction in miscalibration achieved

by temperature scaling.



Table 2. Ablation study evaluating the effects of probabilistic
regression and precision- weighted aggregation on in-domain

performance.

Model Aggregation RMSE MAE
(1) Deterministic Mean 0.25 0.18
(2) Probabilistic Mean 0.18 0.13
(3) Probabilistic Precision-weighted 0.13 0.09

Bolded values are the best performing model.

Table 3. Sensitivity analysis on window size w on in-domain

performance.

Window size (w) RMSE MAE
150 0.36 0.34
300 0.28 0.25
450 0.20 0.15
600 0.35 0.30

Bolded values are the best performing model.

Table 4. Sensitivity analysis on window stride s on in-domain

performance.

Stride (s) RMSE MAE
15 0.19 0.13
45 0.20 0.15
90 0.71 0.61

150 0.74 0.54
300 0.88 0.75
450 1.00 0.67

Bolded values are the best performing model.

and stride (s), while keeping all other settings fixed as
described in Section 2.34 Model Configuration and
Hyperparameters. Model performance was evaluated on
the held-out test set of in-domain Dataset A. As sum-
marised in Table 3 and Table 4, increasing the window
size generally improves performance by providing more
temporal context, though excessively large windows
may reduce accuracy. Similarly, smaller strides, which
increase overlap between segments and the number of
training samples, tend to yield lower prediction error,
highlighting the importance of balancing temporal con-
text and sample diversity for optimal model accuracy.

4. Discussion

The goal of this study was to develop an objective
and scalable method for estimating HAL directly from
video, using pose trajectories as an intermediate repre-
sentation. Our probabilistic HAL regression framework
integrates pose estimation, multi-object tracking, tem-
poral encoding and probabilistic regression to estimate
HAL values while providing associated confidence
measures. The model demonstrated strong perfor-
mance in both in-domain and cross-domain evalua-
tions, signifying  substantial progress  towards
automated HAL estimation from video.

Within the broader research context, previous stud-
ies have consistently highlighted issues related to
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subjective variability and limited scalability in manual
HAL assessments (Dahlgren et al. 2023; Spielholz et al.
2008). Our work builds upon and extends prior com-
puter vision-based approaches, many of which
depended on manual annotations or predefined
regions of interest (Akkas et al. 2015, 2016; Chen et al.
2013). By preprocessing video into pose trajectories
and integrating probabilistic regression with explicit
uncertainty quantification, our framework not only
achieves accurate HAL estimation but also enables
uncertainty-informed ergonomic decision-making. This
approach addresses critical gaps in existing methodol-
ogies and represents a significant step towards objec-
tive and reliable ergonomic assessment.

Beyond accuracy, the proposed framework is com-
putationally efficient and well suited for real-world
deployment. The HAL regression model operates with
low latency and minimal memory requirements, with
average inference time per video comparable to the
time required for processing a single video frame
during pose estimation. Furthermore, the modular
design of the framework ensures that the HAL regres-
sor remains compatible with future improvements in
pose estimation models without requiring retraining,
promoting scalability and long-term adaptability in
practical applications.

The cross-domain evaluation revealed a modest
decline in performance compared to in-domain testing.
Although both datasets involve cyclical load-transfer
tasks, they differ in several subtle but influential ways,
including camera perspective, workspace geometry,
object mass and movement tempo. These differences
alter the model’s input joint-trajectory patterns, likely
contributing to the observed decrease in cross- domain
performance. Nevertheless, the resulting errors remain
well within the £1 HAL tolerance commonly accepted
as functionally equivalent to ground truth (Radwin
et al. 2023), suggesting that the practical impact of
the domain shift is limited. This level of generalisation
is encouraging, given that some performance degrada-
tion is expected when transferring between datasets
with differing task dynamics.

While these results demonstrate the feasibility and
potential utility of the proposed framework for auto-
mated HAL estimation, several challenges remain.
These limitations can be broadly categorised into
issues related to data, modelling and interpretability.

4.1. Data limitations

Our evaluation was conducted using datasets collected
in controlled laboratory environments, where tasks were
highly uniform, camera perspectives were fixed and
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movements followed constrained, repeatable patterns.
These conditions inherently limit the generalisability of
our findings to real-world industrial settings, which typi-
cally involve substantially greater variability in task execu-
tion, workspace configurations, lighting, occlusions and
worker behaviour. Although cross-domain testing pro-
vided some evidence of model transferability, it does not
fully capture the complexity and unpredictability of field
environments. Moreover, the ground truth HAL values in
our datasets did not cover the full 0 to 10 range. Even
with temporal data augmentation, training examples for
HAL values above 6.5 remained scarce, potentially limit-
ing the model’s reliability in high-load scenarios. Another
limitation arises from the label assignment process. We
assumed piecewise stationarity, meaning that local
dynamics within each trajectory segment adequately rep-
resent the overall video-level HAL value. However, this
assumption may not consistently hold, particularly near
the start and end of recordings when transitional frames
or incomplete motion cycles occur. These segments may
not accurately reflect the assigned label, introducing
label noise during training. While our precision-weighted
aggregation  scheme  helps  mitigate this by
down-weighting low-confidence segments in the final
video-level prediction, the impact of label noise remains
a concern.

4.2. Modelling limitations

The current framework employs a multi-stage pipeline
comprising pose estimation, multi-object tracking and
HAL regression. While this modular structure facilitates
the integration of specialised components at each
stage, it also introduces the potential for error propa-
gation across the pipeline. For example, inaccuracies in
pose estimation can cascade through tracking and
ultimately impact the HAL regression output.
Additionally, although TCNs were selected for their
faster training, improved stability and empirically supe-
rior performance over recurrent models in sequence
tasks (Bai, Kolter, and Koltun 2018), their ability to cap-
ture long-range temporal dependencies is limited
compared to more recent attention-based architec-
tures, such as transformers, which have demonstrated
state-of-the-art performance by effectively modelling
global temporal structures.

4.3. Interpretability limitations

In our framework, HAL is directly predicted from pose
trajectories, inherently disconnecting the output from the
underlying biomechanical and kinematic features—such
as hand speed, force and posture—that theoretically

define the HAL construct. Although the model jointly
predicts HAL and its associated uncertainty, and we have
calibrated these uncertainty estimates to ensure their sta-
tistical reliability, the uncertainty scores do not provide
direct insight into the specific motion characteristics—
such as occlusions, rapid joint movements, or postural
deviations—that contribute to prediction uncertainty or
potential errors. This lack of interpretability may constrain
practitioners’ ability to diagnose prediction failures or tai-
lor ergonomic interventions based on the model’s output.

Future work should prioritise large-scale field vali-
dation and the expansion of datasets to include
higher HAL values and greater task variability.
Incorporating probabilistic label assignment at the
segment level or transitioning to frame-level supervi-
sion may help mitigate label noise. From a modelling
perspective, exploring transformer-based or hybrid
architectures could further enhance the framework’s
temporal modelling capabilities. Finally, improving
interpretability by explicitly linking HAL predictions
and uncertainty estimates to specific kinematic fea-
tures could provide actionable insights for ergonomic
assessment and intervention.

5. Conclusion

In this work, we presented a probabilistic regression
framework for estimating HAL from video-derived
upper-limb trajectories. By combining advanced pose
estimation, object tracking, temporal encoding and
probabilistic modelling, our approach offers a scalable
and automated alternative to manual ergonomic
assessments. The method achieved accurate HAL pre-
dictions with meaningful confidence estimates, demon-
strating its potential for reliable vision-based ergonomic
risk assessment. Future work should validate the
framework in diverse real-world settings and enhance
model interpretability to support broader adoption.
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