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Effective physical exposure assessment for manual materials handling (MMH) is essential for identifying activ-
ities that increase the risk of work-related musculoskeletal disorders and for guiding ergonomic interventions.
However, existing methods are labor-intensive and often fail to capture task variability or to effectively estimate
task timing characteristics. We evaluated the use of vision-language models (VLMs) to automatically and non-
invasively classify eight MMH tasks and specific task conditions (i.e., hand configuration and lifting origin),

and to detect task start and end times, using regular RGB video streams. We obtained task classification accu-
racies of ~82-85%, accuracies for classifying lifting origin of ~94-98%, and mean absolute start and end time
errors <0.5 s, superior to prior work in some cases. Classification performance for hand configuration, though,
was more variable. These findings demonstrate the potential of VLMs as a practical and scalable tool for physical
exposure assessment of MMH tasks.

1. Introduction

Work-related musculoskeletal disorders (WMSDs) risk increases with
repeated or long-duration manual material handling (MMH) tasks such
as lifting, carrying, and lowering (Hoozemans et al., 2004; Marras and
Davis, 1998). MMH tasks are widespread across workplaces, yet differ-
ences in task execution among individuals and work settings complicate
physical exposure assessment (David, 2005; Deros et al., 2017; Zhao
et al., 2022). Effectively and accurately assessing physical
exposures—comprising task frequency, duration, and the magnitude of
physical load—is essential for recognizing high-risk tasks and employing
targeted ergonomic interventions (Punnett and Wegman, 2004).
Nevertheless, established approaches are often quite labor-intensive and
can fail to adequately describe MMH task variation or provide reliable
measurements of exposure duration, frequency, and associated physical
loads (Kadikon and Rahman, 2016; Seo and Lee, 2021). Thus, there is a
need for more practical tools for real environments (Leggieri et al., 2023;
Seo and Lee, 2021).

Physical exposure assessments in the workplace require approaches
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that can classify and temporally segment MMH tasks effectively and that
are compatible with the work environment. Conventional tools include
self-report, human observation, or direct measurement (David, 2005; Li
and Buckle, 1999; Spielholz et al., 2001). However, the first two ap-
proaches are prone to individual biases, potentially leading to an inac-
curate assessment of exposure intensity and frequency (David, 2005; Li
and Buckle, 1999; Spielholz et al., 2001). Direct measurement
approaches—which often involve wearable sensors—offer objective and
precise data for evaluating physical exposure (Mudiyanselage et al.,
2021; Nath et al., 2018). While some recent wearable sensor systems
support real-time data collection and analysis (Lind et al., 2023; Nath
et al., 2018), broader adoption might be hindered by equipment costs
(Dempsey et al., 2005; Schall et al., 2018), calibration requirements
(Guner and Dasdemir, 2023), and the potential for discomfort or altered
work behaviors among employees (Antwi-Afari et al., 2018; Golabchi
et al., 2016). Therefore, there is an important need for an assessment
approach that is both objective and non-intrusive. Automated,
non-contact (ambient), vision-based approaches can be a promising
alternative for physical exposure assessment (Nath et al., 2018; Ojelade
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et al., 2025; Santiago-Colon et al., 2021; Wang et al., 2021).

Recent advancements in sensor technology and machine learning
have supported innovative computer-based approaches for occupational
physical exposure assessment, especially related to posture (Anacleto
Filho et al., 2024; Menanno et al., 2024). Of relevance here are vision--
language models (VLMs; Fan, Mei and Li, 2024; Fan et al., 2024;
Laurencon et al., 2024; Rajabi et al., 2025; Yong et al., 2024), which
refer broadly to models that jointly process visual and textual data. In
practice, many VLMs integrate vision encoders, such as vision trans-
formers (ViTs), together with large language models like generative pre-
trained transformers (GPT; Tang et al., 2024; Tzelepi and Mezaris, 2024;
Zhang et al., 2024); this integration can offer a non-invasive, cost-ef-
fective approach to assessing postural exposures using regular RGB
video data (Ferrara, 2024; Yong et al., 2024). Specifically, these models
can be trained directly on video data to identify human joint positions
and recognize postures or movements that may contribute to WMSDs
(Fan et al., 2024). Existing research supports the potential application of
VLMs for physical exposure risk assessment. For example, Fan et al.
(2024) demonstrated that VLMs can automatically detect postures
associated with ergonomic risks—such as lifting heavy materials or
maintaining prolonged non-neutral postures—from RGB video in con-
struction settings. These investigators also developed a visual query
system that translates images into textual insights for exposure risk
assessment (Fan et al., 2024). Moreover, Yong et al. (2024) demon-
strated that VLMs with caption augmentation can automatically identify
ergonomic risk factors and generate solutions from images in
construction.

However, reported applications of VLMs for occupational physical
exposure risk assessment have two important limitations. First, it is
unclear whether VLMs can effectively classify MMH tasks based on RGB
video—particularly for tasks involving complex and/or continuous
motion patterns—and whether they can accurately capture task se-
quences from RGB video streams. Many existing approaches rely on
discrete task analysis, which can underestimate cumulative physical
exposures (David, 2005; Punnett and Wegman, 2004) and often require
extensive manual video processing (Khosrowpour et al., 2014; Spielholz
et al., 2001; Yang et al., 2016), making them time-consuming and less
practical for real environments. Addressing these limitations is neces-
sary to determine the feasibility of using low-cost, non-contact ap-
proaches that rely on regular cameras, reducing equipment costs.
Second, in vision-based systems, the choice of encoder—the model
component that extracts visual features from video frames—can affect
classification performance (Scabini et al., 2024). Different encoders are
optimized to capture distinct types of information, such as fine-grained
local details or broader spatial context. Therefore, it is important to
evaluate how specific encoder architectures affect model accuracy and
generalizability. However, prior studies have not systematically
compared different vision encoders to determine which are most effec-
tive for classifying MMH tasks from RGB video.

In this study, we evaluated the effectiveness of VLM-based pipelines
in classifying and temporally segmenting diverse MMH tasks using
regular RGB video. Unlike pose-based computer-vision approaches (e.g.,
Kim et al., 2021; Ojelade et al., 2025), we used ViT-extracted frame-level
visual features and a GPT-based temporal model to support both MMH
task classification and temporal segmentation from regular RGB video
streams. We compared the performance of several VLM pipelines,
including different vision encoders, to determine their relative ability to
classify complex MMH task sequences. We hypothesized that classifi-
cation performance would be strong but also vary across VLM pipelines,
and that VLMs could effectively segment continuous MMH tasks without
the need for manual video processing. While our immediate goal was to
assess VLM performance in simulated MMH tasks, our findings could
also guide the broader application of automated video-based physical
exposure assessment across diverse occupational settings.
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2. Methods
2.1. Overview of the dataset

Data used herein were obtained in a prior study by Ojelade et al.
(2025), in which 36 healthy young adults (22 males and 14 females;
Appendix A.1) performed eight simulated MMH tasks under various
conditions in a controlled laboratory setting. The tasks included (see
Fig. 1, and Appendix A.2): symmetric lifting from the floor or knee to hip
height (Task 1); asymmetric lifting (Task 2); load carriage (Task 3);
pushing a box across a table (Task 4); pulling a box toward the body
(Task 5); cart pushing (Task 6); lifting a box from cart to overhead height
(Task 7); and lowering a box from overhead to either floor or knee height
(Task 8). In addition, a ninth category (Task 9) captured non-MMH ac-
tivities such as unloaded walking, standing, and approaching or leaving
the task setup. Such non-task intervals were included for better seg-
mentation during the model training described below. Collectively,
these tasks represent core components of mixed MMH workflows
commonly observed in occupational settings, in which workers
routinely transition between MMH tasks, consistent with some prior
MMH task classification studies (e.g., Kim and Nussbaum, 2014; Porta
et al., 2021).

Participants completed 36 task conditions involving three Hand
Configurations (broad = 52 cm handle spacing, narrow = 33 cm, and one-
handed; see Figure A.1); three Box Mass levels (6, 9, and 12 kg for two-
hand lifts; 5, 7, and 9 kg for one-hand lifts); two Lift Origins (floor and
knee height), and two Starting Positions (see Appendix A.3). Whole-body
motion was recorded using regular RGB video data captured by three
synchronized cameras, which recorded at 30 Hz (Appendix A.4;
Figure A.2).

2.2. Overview of the MMH task classification and segmentation pipeline

MMH task classification and temporal segmentation can be viewed
as a structured, multi-stage pipeline (Fig. 2). This pipeline architecture
was inspired by the TimeChat framework of Ren et al. (2024), which
integrates time-sensitive visual encoding and sequence modeling for
video understanding. Our pipeline is divided into two steps. Step 1 is the
classification process, in which regular RGB video frames are labeled,
transformed into tensors, and then processed using VLM-pretrained ViT
image encoders to extract features. These features are then classified
using a GPT-based model to classify Task Type, Hand Configuration, and
Lift Origin for Task 1, sequentially. Step 2 is the temporal segmentation
process, which uses the trained general MMH task classifier to assign
frame-wise labels across entire video sequences, followed by a majority
voting filter to refine task temporal segmentation. Each of these steps is
discussed in detail subsequently.

2.3. Data labeling and processing

The RGB video recordings were manually labeled on a frame-wise
basis in terms of Task Type, Hand Configuration, and Lift Origin by two
independent research assistants; these labels served as ground truth for
our classification approach. Task boundaries were defined based on
participants’ interaction with the box or cart, and non-task frames were
labeled as Task 9. The labeled videos were then processed to extract
individual frames and converted into a standardized format that was
compatible with the ViT pipeline. See Appendix A.5 for details on la-
beling criteria and processing steps.

2.4. Feature extraction

Three ViTs from different VLMs (see Appendix A.6) were used to
extract visual features from each video frame: 1) CLIP (Contrastive
Language-Image Pre-training; Radford et al., 2021); 2) MAE (Masked
AutoEncoder; Tong et al., 2022); and 3) DINO (self-Distillation with NO
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Task 1: Box lifting from
the floor height

Task 2: Asymmetric box
lifting from hip height

Task 3: Box
carriage

Task 4: Box pushing

Task 5: Box pulling

Task 6: Cart pushing

Task 7: Overhead
lifting

Task 8: Box
lowering

Fig. 1. Illustrations of the eight simulated MMH tasks in the broad hand configuration.

labels, self-supervised learning framework; Caron et al., 2021). These
three ViTs were trained using distinct learning objectives and were
tested to evaluate their different feature extraction strategies. The vision
transformer in CLIP processes frames into high-dimensional features
aimed at capturing semantic similarities with textual descriptions and is
trained using contrastive learning (Radford et al., 2021). Contrastive
learning is a training technique in which a model learns to distinguish
between similar instances (positive pairs) and dissimilar instances
(negative pairs) by comparing examples (Belcaid et al., 2022; Sabiri
et al., 2024). Such a training approach makes the model particularly
adept at capturing semantic-level information from frames (Belcaid
et al., 2022). The MAE vision transformer is trained through a masked
image modeling approach, in which random patches of an image are
masked, and the model learns to reconstruct those masked patches
(Tong et al., 2022). This training approach enables the transformer to
understand spatial structures, all within a self-supervised learning
framework (Tong et al., 2022). The DINO vision transformer is trained
using self-distillation, a training technique whereby a model learns to
generate consistent features across different augmented versions of the
same frame—such as those created through random cropping, color
jittering, or blurring—within an unsupervised learning framework
(Caron et al.,, 2021). This approach makes the model particularly
effective at capturing structural patterns and object-level information
within scenes (Caron et al., 2021). These three ViTs were loaded with
pre-trained weights with their backbone weights frozen to enable
feature extraction from video frames without requiring computationally
expensive fine-tuning on our specific dataset.

2.5. Classification approach

We used frame features and corresponding labels as input to a GPT-
based model for frame classification. The classification process involved
crafting a model architecture, data handling, model training, and eval-
uation, each of which is discussed in detail subsequently.

2.5.1. Model architecture

We used a modified GPT-2 architecture to classify frame labels while
modeling temporal dependencies in sequences of consecutive video
frames (Radford et al., 2019). GPT-2 is a deep transformer model with
self-attention that is well suited for modeling long-range dependencies
in sequences (Radford et al., 2019), and similar applications have been
adopted in recent video-language modeling pipelines as temporal
reasoning backbones over video frame features (e.g., Ren et al., 2024;
Tang et al., 2024; Zhang et al., 2023). In our classification approach, the
model takes extracted features from video frames and learns both the
content of each frame and the relationship between frames over a
sequence of video frames. Here, a “sequence” refers to an ordered set of
consecutive frames taken from the video streams. Considering
sequences—rather than treating frames independently—is important
because MMH tasks involve continuous, coordinated body motions, and
accurate classification of a frame often depends on surrounding frames
that capture body kinematics over time. The output layer then assigns
each frame to a label. Further technical details of the architecture are
provided in Appendix A.7.

2.5.2. Data handling, model training, and evaluation

Each sequence was set to a fixed length of consecutive frames (i.e.,
100 frames). Preprocessing steps, including frame padding, attention
masking, and batching, were applied (see Appendix A.8). Our dataset
was imbalanced, with certain MMH tasks (e.g., box carrying) contrib-
uting substantially more sequences than others (e.g., box pushing and
pulling). This imbalance can bias the model toward more frequent tasks
and reduce accuracy for underrepresented tasks. To mitigate this, two
techniques were used (Qin et al., 2018; Rezaei-Dastjerdehei et al., 2020):
1) weighted random sampling during data loading to increase the like-
lihood of balanced class representation in each batch; and 2) a weighted
cross-entropy loss function to amplify the contribution of errors from
underrepresented classes during training.

Model training was performed for up to 100 epochs, with early
stopping applied to prevent overfitting. Specifically, training was
terminated if the validation loss—the prediction error measured on
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Fig. 2. Overview of the MMH task classification and temporal segmentation pipeline. Step 1: the classification process, where labeled video frames are processed
through vision transformers, and a GPT-2-based model classifies Task Type, Hand Configurations, and Lift Origins for Task 1. Step 2: the temporal segmentation process,

which refines the prior frame-wise classification using a majority voting filter.

held-out validation data— failed to improve over seven consecutive
epochs (e.g., Anam et al., 2024). A leave-one-subject-out approach was
used for model validation (e.g., Gholamiangonabadi et al., 2020);
training was replicated 36 folds—each fold using 35 participants for
training and the remaining one for validation. While this method in-
troduces high variance due to individual differences (Jordao et al.,
2018), it more closely replicates real environments, in which models
are trained on known data and then used on an unseen participant
(Jordao et al., 2018). Validation loss was measured at every epoch, and
if a new least validation loss is achieved, the model's state was saved at
the end of each fold. These saved models were later used for temporal
segmentation (see Section 2.6). Further technical details of the model
training are provided in Appendix A.9.

Model classification performance was evaluated using four common
metrics (see Figure A.3)—overall (micro) Accuracy, macro-averaged

Precision, Recall, and Fl-score (Sokolova and Lapalme, 2009). Accu-
racy measures the ratio of correct predictions to total predictions.
Macro-averaging is calculated by computing each metric separately for
each class and then averaging the results across all classes. Precision is
the ratio of true positives to all predicted positives, and Recall is the ratio
of true positives to all actual positives. The Fl-score is the harmonic
mean of Precision and Recall. We do not report macro accuracy because
per-class accuracy is mathematically identical to per-class Recall; thus, a
macro-averaged accuracy would duplicate macro-Recall. To further
clarify MMH task classification performance, confusion matrices were
determined. These matrices were then normalized, so that the values in
each row summed to 1 (i.e., making them comparable across tasks
regardless of class size), and subsequently the normalized matrices from
all 36 folds were combined by computing the mean across folds to create
an ‘overall’ matrix. For certain evaluations, the overall matrix was
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filtered by excluding non-MMH tasks (Task 9) so that performance could
be assessed more directly for the eight MMH tasks of interest.

2.6. Temporal segmentation approach

Temporal segmentation was performed by applying framewise
classification, with the best general MMH task classifier (i.e., the model
corresponding to the minimal validation loss) identified through cross-
validation. Each video frame was first converted into feature represen-
tations and then passed sequentially through the trained GPT-based
classifier to predict frame labels. To reduce noise and occasional mis-
classifications, a majority voting filter (kernel size = 15 frames) was
applied (e.g., Trubakov and Trubakova, 2020) and task boundaries were
identified based on label transitions. Temporal segmentation perfor-
mance was evaluated using absolute errors in task start and end times,
and Intersection over Union (IoU) for task intervals (see Figure A.4).

2.7. Statistical analyses

To assess the effects of Model and Task Condition on classification and
temporal segmentation performance, a series of repeated-measures an-
alyses of variance (RANOVAs) was conducted. First, separate one-way
RANOVAs were performed for each classifier (general, hand configu-
ration, and lift origin) to evaluate the effect of Model on classification
accuracy (accuracy was computed across all tasks combined). Second,
separate two-way RANOVAs were used for each classifier to assess the
effects of Model and Task Condition (eight levels for general task, three
for hand configuration, and two for lift origin) on Precision, Recall, and
F1-score. For the temporal segmentation metrics (i.e., absolute error for
task starts and end times and IoU), two-way RANOVAs were also used to
assess the effects of Model and MMH Task. For each RANOVA model,
biological sex (Sex) was included as a blocking effect. Where relevant,
significant interaction effects were explored using simple-effects testing,
and post hoc paired comparisons were completed using the Tukey's HSD
procedure. All statistical analyses were performed with JMP Pro 18
(SAS, Cary, NC) using the restricted maximum likelihood (REML)
method. Logit transformations were applied to Accuracy, Precision,
Recall, and F1-scores of the general MMH task classifier, and logarithmic
transformations were applied to start and end time absolute errors, in all
cases to obtain a normal distribution of model residuals. Statistical sig-
nificance was determined when p < 0.05, and summary data are re-
ported as least-square means based on the statistical model fits.

Applied Ergonomics 138 (2027) 104831

3. Results

All ANOVA results are summarized in Tables A.1-A.5, and
Figures A.5-A.7 provide confusion matrices for each classifier. Signifi-
cant main or interaction effects of Model and Task Condition were found
across all classification and temporal segmentation performance met-
rics. More detailed results are provided below. In the rest of the paper,
the terms CLIP, MAE, and DINO refer to the full VLMs evaluated in this
study, each consisting of a frozen ViT integrated with a GPT-2-based
temporal classification model.

3.1. Classifying MMH tasks

Accuracy: There was a significant main effect of Model (Table A.1).
The DINO model achieved significantly better mean accuracy (~85.0%)
vs. MAE (~83.3%) or CLIP (~82.5%), though the differences between
models were only ~2-3%. The DINO model achieved strong classifica-
tion performance, with most predictions on the diagonal of the confu-
sion matrix (Fig. 3), and with misclassifications occurring between some
tasks, such as asymmetric lifting (Task 2) and overhead lifting (Task 7).

Precision and F1-score: There was significant main effect of Model on
both Precision and Fl-score (Table A.2). Both metrics were relatively
large across models (i.e., ~70-80%), with the DINO model consistently
achieving significantly better Precision (~74%) and F1-score (~80%)
vs. MAE (~71% and ~77%, respectively) or CLIP (~70% and ~75%,
respectively). However, the differences between models were small
(~3-5%). MMH Task x Sex interaction effects were significant for both
metrics (Table A.2, Fig. 4 and A.8). Mean Precision and F1-score were
generally smaller among females vs. males for all eight tasks (although
only some of these sex-based differences were significant). In addition,
MMH Task had a significant simple effect on Precision and F1-score
among both males and females (p < 0.0001).

Recall: There were significant main effects of both MMH Task and
Model on Recall (Table A.2). Recall was relatively large across models (i.
e., ~85-89%), with the DINO model yielding significantly larger Recall
(~89%) vs. MAE (~86%) or CLIP (~85%). As was the case for Precision
and F1-score, the differences were quite small (~3-4%). Recall was also
relatively large across MMH tasks (~83-90%; Fig. 5), with Task 8
achieving the largest value (~90%) and Task 4 the smallest (~83%),
though neither was significantly different from all other tasks.

Task 1 0.00 0.04 0.00 0.06 0.00 0.00

Task2- 0.03 0.02 0.00 0.03 0.00 0.08 0.00

Task3-  0.00 0.03 0.00 0.03 0.00 0.05
% Task 4 - 0.06 0.01 0.03 0.00 0.03 0.01
E Task 5-  0.00 0.06 0.01 0.05 0.00 0.00 0.03

Task 6 -  0.03 0.00 0.05 0.00 0.00 0.01 0.00

Task 7-  0.00 0.03 0.00 0.03 0.00 0.01 0.03

Task 8 - 0.01 0.00 0.03 0.00 0.03 0.00 0.03

Taslk 1 Taslk 2 Taslk 3 Taslk 4 Taslk S Taslk 6 Tas.k 7 Task 8

Predicted Label

Fig. 3. Overall filtered and normalized confusion matrix across 36 folds using the DINO model, showing classification results for the eight MMH tasks. Note that here
and below, each cell represents the mean normalized number of predictions across folds, with darker shades indicating larger (better) values. Entries along the main
diagonal and off-diagonal represent correct and incorrect classifications, respectively. (For interpretation of the references to color in this figure legend, the reader is

referred to the Web version of this article.)
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Fig. 4. Interaction effect of MMH Task x Sex on Precision using the general
MMH task classifier. Based on post hoc paired comparisons, MMH tasks that do
not share a common letter are significantly different. Asterisks denote signifi-
cant simple effects of Sex within a specific task.
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Fig. 5. Main effect of MMH task on Recall using the general MMH
task classifier.

3.2. Classifying hand configuration

Accuracy: There was a significant main effect of Model on accuracy
(Table A.1). Similar to results from the general MMH task classifier,
DINO achieved larger accuracy (~73%) vs. MAE (~69%) or CLIP
(~59%) in classifying hand configuration (Fig. 6).

Precision, Recall, and Fl-score: There was a significant interaction
effect of Model x Hand Configuration on all three metrics (Table A.3).
CLIP generally showed poorer performance across all hand configura-
tions vs. DINO or MAE (Precision, Recall, and Fl-score: ~76-82%;
Fig. 7, and A.9). While differences between DINO and MAE were not
statistically significant, DINO generally yielded better mean Precision,
Recall, and F1-score vs. MAE (~86-89% and ~84-87%, respectively).
Across all models, classification performance for the one-hand

One-hand

Narrow -  0.08

True Label

Broad - 0.07 0.27

Broad

One-hand Narrow
Predicted Label

Fig. 6. Overall (mean) normalized confusion matrix across 36 folds for the
DINO model, showing classification results for three hand configurations.
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Fig. 7. Significant interaction effect of Model x Hand Configuration on Precision
(top) and Recall (bottom).

configuration was consistently larger vs. the narrow or broad configu-
rations (Fig. 7, A.6, and A.9).

3.3. Classifying Lift Origin for Task 1

Accuracy, Precision, Recall, and Fl-score: There was a significant
main effect of Model on all four metrics (Tables A.1 and A.4). DINO
achieved significantly better performance (accuracy: ~98%, Precision:
~99%, Recall: ~98%, F1-score: ~98%) vs. MAE (~96% for all metrics)
or CLIP (~94-95% across metrics, Figure A.7).

3.4. Temporally segmenting MMH tasks

Mean absolute start and end time error: There were significant main
effects of Model and MMH Task (Table A.5). For both metrics, DINO
achieved significantly smaller absolute errors (start time: ~0.45 s, end
time: ~0.35 s) vs. MAE (~0.52 s and ~0.40 s, respectively) or CLIP
(~0.54 s and ~0.40 s, respectively; Fig. 8).

There were significantly smaller errors in estimating start time for
Task 5 vs. all other tasks, while errors were significantly larger for Tasks
6, 7, and 1 vs. Tasks 3 and 4 (Fig. 9). For end time, there were smaller
errors for Tasks 3 and 4 vs. Tasks 1, 2, 6, 7, and 8 (Fig. 9).

IoU: There were significant main effects of Model and MMH Task on
IoU (Table A.5). DINO achieved significantly larger IoU vs. MAE or CLIP
(Fig. 10). For MMH Task, Task 3 had significantly larger IoU vs. all other
tasks (Fig. 10). Tasks 1, 2, 4, and 5 had significantly smaller IoU vs. all
other tasks.

4. Discussion

Our goal here was to evaluate the performance of VLMs in classifying
diverse MMH tasks and specific task conditions, as well as detecting the
temporal boundaries between tasks. We used an approach that
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integrates ViTs with a GPT-based model. Across the three VLMs pipe-
lines, classification of general MMH tasks was achieved with a mean
accuracy of ~82-85%, and temporal segmentation yielded a mean IoU
of ~74-77% and mean absolute errors in start and end times of ~0.50s
and ~0.38s, respectively. Classifying lift origin for Task 1 yielded rela-
tively large accuracy (~94-98%), whereas classifying hand configura-
tion resulted in lesser accuracy (~59-73%). The following discussion
addresses these findings in more detail, including model-specific dif-
ferences and task-level variations in classification and temporal seg-
mentation performance.

4.1. MMH task-specific differences in classification performance

General MMH task classification performance differed—and in some
cases, substantially—depending on the task type. These differences are
not surprising, since earlier studies have also shown that classification
models often misclassify material handling and construction-related
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Fig. 10. Significant main effects of Model (top) and MMH Task (bottom) on IoU.

tasks with comparable body kinematics (e.g., Barazandeh et al., 2018;
Khosrowpour et al., 2014; Kim and Nussbaum, 2014; Ojelade et al.,
2025; Porta et al., 2021; Sochopoulos et al., 2025; Yang et al., 2016).
These earlier studies, though, used different sensing modalities or
modeling approaches. For example, Kim and Nussbaum (2014)
employed multiple wearable inertial measurement unit (IMU) sensors,
Porta et al. (2021) used a single wearable IMU sensor, Ojelade et al.
(2025) applied Kinect-based markerless motion capture with recurrent
neural networks, and Sochopoulos et al. (2025) implemented deep
learning methods using RGB and depth-based computer vision data.
Consistent with those earlier findings, tasks involving a smaller range
of movement variability and more distinct motion patterns generally
yielded larger classification performance. For instance, among the MMH
tasks studied here, box carrying had the largest classification Precision
(Fig. 4). This classification performance is comparable to values re-
ported by Ojelade et al. (2025) using Kinect-based MMC, likely due to
this task having a continuous and distinct motion pattern combined with
a stable object-handling posture. By contrast, tasks such as asymmetric
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lifting and overhead lifting were frequently misclassified with one
another (Fig. 3 and A.5), similar to the misclassification patterns re-
ported by Ojelade et al. (2025). We suspect that these misclassifications
resulted primarily from the substantial kinematic similarity between the
tasks, as both involve bending and box-handling postures that differ
mainly in torso rotation and the vertical height of the lift.

The two least frequent tasks—box pushing (Task 4) and box pulling
(Task 5)—were most often misclassified with other tasks, whereas box
carrying (Task 3), the most frequent task, was often classified more
accurately (Figs. 3 and 4, and A.5). Such differences can be largely
attributed to class imbalance, a well-recognized challenge in human
activity recognition that often leads to lower performance for under-
represented tasks (Alani et al., 2020; Alharbi et al., 2022; Singh et al.,
2025). This challenge was also evident in our dataset: box pushing
and box pulling had fewer sequences, while box carrying had the most,
which may have biased the model toward the more frequent classes.
This data imbalance results in a limited temporal context for under-
represented classes, making it challenging for VLMs to learn frame-level
patterns and ultimately increasing the possibility of misclassification
(Alharbi et al., 2022; De Giorgio et al., 2023; Hamad et al., 2020).
Although we applied two common strategies to mitigate this—weighted
random sampling during training and weighted loss functions—an
imbalanced representation still appeared to affect classification perfor-
mance (Figs. 3 and 4, and A.5). Others have also found that such stra-
tegies may not fully address class imbalance in deep learning models
(Dablain et al., 2024; Johnson and Khoshgoftaar, 2019; Pouyanfar et al.,
2018). Thus, class imbalance remains a critical limitation in applying
VLMs to the classification of diverse MMH tasks and warrants attention
in future experimental designs and model development.

4.2. Effects of different VLMs on MMH task classification and temporal
segmentation performance

MMH task classification and temporal segmentation performance
differed across three VLMs. DINO consistently outperformed MAE and
CLIP for both general MMH tasks (Figs. 3 and 4, A.5, and A.8) and task
conditions (Fig. 7, A.6, and A.9), although the magnitude of differences
was small in some cases. Similar patterns have been reported in prior
studies on general video or image datasets, in which DINO yielded
stronger performance on fine-grained spatial features in human-object
interaction tasks (e.g., hand placement, body posture, and object loca-
tion) vs. MAE or CLIP (Bertasius et al., 2021; Caron et al., 2021;
Charisoudis et al., 2023; Jiang et al., 2024; Vanyan et al., 2024). These
differences may be attributed to the underlying learning objectives of
such models and how those objectives affect spatial feature extraction in
MMH tasks. Prior work has shown that self-distillation improves spatial
representations for human-object interaction recognition (Bertasius
et al,, 2021; Caron et al., 2021). Extending these findings to MMH
tasks, our results show that DINO extracted more effective features for
both classification and temporal segmentation vs. MAE or CLIP. MAE
achieved comparable classification performance but was less reliable for
detailed MMH task conditions such as hand configuration, consistent
with earlier reports that its learned features do not generalize as well
across different tasks (Charisoudis et al., 2023; Vanyan et al., 2024).
CLIP was the least effective model here, likely because it prioritizes
global semantic features over localized task-relevant cues, a limitation
also noted in prior work (Jiang et al., 2024; Radford et al., 2019). Thus,
careful model selection is critical in applying VLMs to effectively classify
and segment MMH tasks.

Temporal segmentation performance in our study was relatively
lower than that reported in some earlier work, but the comparisons are
not direct because those studies often used different modalities and task
types. For example, Porta et al. (2021) used wearable sensors and ach-
ieved relatively large accuracy (~97-99%) in estimating task duration
and frequency. Romeo et al. (2025) reported frame-wise accuracies of
~91-94% for industrial assembly tasks when combining RGB, depth,
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and skeletal data, with performance dropping to ~78-81% under
cross-location validation. Other work has integrated segmentation with
ergonomics risk prediction (Parsa and Banerjee, 2020) or graph-based
activity modeling (Benmessabih et al., 2025; Huang et al., 2020), typi-
cally requiring multimodal sensing inputs. In contrast, our approach
shows that segmentation of diverse MMH tasks is feasible using only
regular RGB video streams, suggesting a potentially practical and scalable
alternative for real environments.

4.3. Classification of specific MMH task conditions

To our knowledge, no directly comparable studies have examined
automated classification of MMH task conditions (i.e., lift origin and
hand configuration), aside from the markerless motion capture-based
work by Ojelade et al. (2025). Compared to that earlier work, our
VLM-based approach exhibited noticeable advantages in classifying
specific MMH task conditions. Specifically, our models achieved larger
mean classification accuracies (~94-98%) for lift origin vs. the
~80-84% reported by Ojelade et al. (2025), despite their use of kine-
matic data from depth-enabled MMC systems and recurrent neural
networks. This improvement likely reflects the ability of the VLMs to
extract detailed spatial information from RGB video and to detect
task-relevant features for lifting, such as lifting posture and box location.
Yet, classifying hand configuration remained more challenging in both
studies. Ojelade et al. (2025) reported the largest Fl-scores for the
one-hand configuration (~97%), with lower performance for narrow
and broad configurations, which align closely with the performance
patterns observed here (F1l-scores = ~87-84%; Fig. 7 and A.9). This
limitation is likely driven primarily by sensing constraints;
low-resolution or distant RGB video may lack the fidelity to capture
subtle differences in hand placement and grip width, while the use of
frozen ViT features could further limit sensitivity to such fine-grained
visual cues.

4.4. Differences related to biological sex in classifying MMH tasks

Classification Precision was generally greater among males vs. fe-
males (Fig. 5), whereas Ojelade et al. (2025) reported lower Precision
among males. This difference may be related to both methodological
and sample differences between the two studies. Prior research has
shown sex-related variations in lifting and posture, with females often
using greater lower-limb flexion, smaller trunk flexion, and different
spinal loading patterns compared to males (Marras et al., 2003; Marras
and Davis, 1998; Plamondon et al., 2014, 2017). However, part of the
observed difference may also be due to sample imbalance in our dataset
(22 males vs. 14 females), which can bias model learning toward the
majority group (Alani et al., 2020; Singh et al., 2025). In addition, recent
work has shown that VLMs can inherit biological sex—activity binding
bias, where certain activities are more strongly associated with one sex,
which can reduce performance when the performer's sex differs from the
models learned associations (Abdollahi et al., 2024). These findings
together suggest that both biomechanical and data-related factors may
have contributed to the sex-related variability observed here. We
recommend future work to clarify sex-related effects on MMH task
classification.

4.5. Implications of the leave-one-subject-out validation method

Several earlier, analogous studies used different approaches for
quantifying the classification performance of machine learning models
(e.g., random splits or other conventional validation methods). We
adopted a more challenging “leave-one-subject-out approach” (LOSO)
and still achieved classification performance comparable to prior work
(e.g., Bayat et al., 2014; Chen et al., 2017; Cleland et al., 2013; Kim and
Nussbaum, 2014). Although this approach has been used in some earlier
studies (e.g., Ojelade et al., 2025; Porta et al., 2021), it often results in
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high variance in accuracy because different participants can perform the
same tasks in different ways (Li et al., 2020). Accordingly, the relatively
large variance we found can be attributed primarily to the LOSO vali-
dation method. But as we noted earlier, we believe this validation
approach better represents likely performance in actually application, in
which a model is trained offline on known participants and applied to
unseen ones—an essential condition for assessing generalizability
(Jordao et al., 2018; Li et al., 2020).

4.6. Limitations

Several limitations of our study should be mentioned. All MMH tasks
were performed by a relatively young (i.e., 18-39 years old) and healthy
group under controlled laboratory conditions (e.g., participant clothing,
lighting conditions, and camera positioning). In real environments,
factors such as visual occlusion, background clutter, the use of personal
protective equipment, and greater lighting variability could adversely
affect vision-based model performance, although the magnitude of these
effects is currently unknown. Thus, caution should be taken in gener-
alizing the findings to other populations and settings. Similarly, the use
of a three-camera setup may limit scalability, and our results may
represent an upper bound on performance compared to fewer (or one)
cameras. There could be value in exploring the performance of VLMs
across more diverse populations and in real environments using fewer
cameras under less controlled conditions.

We also used ViTs pretrained on general-purpose datasets with
frozen parameters. We did not fine-tune the ViTs on MMH tasks, which
may have limited the ability of the model to extract the most effective
features for efficient MMH task classification (e.g., Bertasius et al., 2021;
Dosovitskiy et al., 2020). We also used the GPT-based temporal model
with fixed-length (100-frame) sequences; this design choice can truncate
longer tasks or pad shorter ones, potentially reducing classification and
segmentation performance for variable-duration tasks. We suggest that
future work explore fine-tuning ViTs on MMH-specific data and devel-
oping adaptive sequence models that better handle variable task lengths
and temporal dependencies.

4.7. Practical applications of our findings

One advantage of our approach is that it relies solely on regular RGB
video. While the overall computational cost of the method remains to be
determined, using regular RGB video itself offers a non-contact and
relatively cost-effective alternative to several previous physical expo-
sure assessment approaches—including self-reports, observations, and
wearable sensors—the limitations of which were summarized earlier.
This advantage might enhance scalability and usability in real envi-
ronments, since regular RGB cameras are widely available, relatively
inexpensive, and already commonly installed in many workplaces.

Further, our VLM-based approach achieved satisfactory performance
in classifying and temporally segmenting MMH tasks, comparable
to—and in some cases exceeding—performance reported in prior studies
(e.g., Ojelade et al., 2025). Importantly, our frame-wise classification
approach enables more fine-grained temporal segmentation compared
to sequence-to-sequence models (e.g., Ojelade et al., 2025) or
sample-by-sample approaches (Yin et al., 2017). Enhanced temporal
resolution could prove critical for assessing physical exposures in dy-
namic work environments (e.g., order picking) wherein rapid task
changes can occur frequently.

5. Conclusions

Effectively and accurately quantifying physical exposures during
MMH tasks is essential for assessing and controlling the risk of WMSDs.
While several assessment tools are available, they are often limited in
scope, accuracy, or feasibility in real environments. We examined a
VLM-based approach using three ViTs and a GPT-based model to classify
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eight MMH tasks and two task conditions—lift origin and hand
configuration—and to temporally segment task boundaries. General
MMH task classification demonstrated good performance, with a mean
accuracy of ~82-85%, and with Precision, Recall, and F1-scores ranging
from ~70 to 90%. Temporal segmentation performance was comparable
to values reported in related work, with a mean IoU of ~74-77% and
mean absolute errors of ~0.50 s and ~0.38 s for task start and end times,
respectively. Classification of lift origin yielded notably large accuracy
(~94-98%), while hand configuration classification showed greater
variability between different hand configurations and models. Overall,
our proposed approach shows promise for efficiently and effectively
quantifying MMH task exposures, providing a practical balance of
simplicity and non-invasiveness. However, further research is needed to
evaluate its performance across diverse worker populations and in real
occupational settings.
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