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Abstract
Work-relatedmusculoskeletal disorders, often caused by poor lifting
posture and unsafe manual handling, continue to pose a significant
threat to worker health and safety. This paper presents a health
recommender system designed to prevent injury by assessing and
correcting posture for lifting techniques. Leveraging monocular
video input, our method estimates key ergonomic parameters to
compute the Lifting Index based on the Revised NIOSH Lifting
Equation. When the computed Lifting Index exceeds a predefined
safety threshold, the system automatically generates graphical and
textual recommendations to guide the worker towards safer pos-
tural strategies. This safety-aware recommender system provides
interpretable and actionable feedback without requiring wearable
sensors or multi-camera setups, making it suitable for deployment
in real-world workplace environments. By integrating ergonomics
with recommender system design, we contribute to a new class
of context-aware, safety-oriented recommendation technologies
tailored for occupational health.

CCS Concepts
• Computing methodologies→ Computer vision; • General
and reference→Measurement; •Applied computing→Health
care information systems; • Information systems→ Recom-
mender systems.
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1 Introduction
Musculoskeletal disorders (MSDs) are among the most common
work-related health problems in Europe, affecting millions of work-
ers and costing employers billions annually [12]. These disorders
often arise from poor posture, repetitive movements, and unsafe lift-
ing techniques, leading to long-term injuries and reduced worker
efficiency [29] with repeated incorrect behaviors being hard to
unlearn even when risks are known [23]. Early intervention and
early-stage training are key to prevention.

The U.S. National Institute for Occupational Safety and Health
(NIOSH) developed the Revised NIOSH Lifting Equation (RNLE)
[32, 33], widely used—including in ISO 11228 [15]—to assess manual
lifting risk via the Lifting Index (LI). Traditionally, ergonomists
manually assess these variables, which is time-consuming. Based
on these assessments and the resulting LI, ergonomists recommend
strategies for workers and companies to reduce injury risks, relying
primarily on the LI outcome.

We propose a novel, safety-aware recommender system aimed
at preventing injury risk through posture correction, based on a
computer vision approach. The system extracts lifting parameters
directly from video footage, eliminating the need for manual mea-
surements. We provide automated, quantitative feedback on lifting
posture by detecting key moments in a lifting sequence and esti-
mating essential ergonomic variables. If the computed LI exceeds
the accepted ergonomic limit, the system generates posture rec-
ommendations, presented in both textual and visual formats, to
help workers identify unsafe movements and adopt safer lifting
techniques. The code and the dataset are available on GitHub1.
Our paper contributes to the field of health recommender systems
[14, 26, 28] which often differ from traditional RecSys approaches
due to the nature of health domain [26] and constraints like data
scarcity, privacy, and safety requirements [7, 20]. In particular, Rec-
Sys papers such as [4, 16] support the relevance of our methodology
and position of our contribution within this growing area.

2 Related Works
Health-focused recommender systems. These systems span

food choices [22], drugs [17], general nutrition [25], mental health
support [27], physical activity guidance [8, 16], and runner coaching
[4, 11]. To provide proper recommendations, most of these systems
rely on user-provided data, such as food diaries, symptom logs, self-
assessments of mood, and manual training reports. Sports-oriented

1https://github.com/GaetanoDibenedetto/recsys25/
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recommender systems incorporate wearable sensor signals, such as
GPS and heart rate [4, 11]. Sensor-based approaches cannot deliver
real-time feedback on complex movements captured in video. To
address this, Jaiswal et al. [16] introduced a pipeline for diagnosing
fitness technique error, using MediaPipe [3] to extract body key-
points and an Interaction Network [2] to learn motion dynamics.
In their approach, the system provides corrective recommenda-
tions based on the correct learned exercise, relying on repetition
counting and movement analysis, without modeling external loads
or ergonomic risk scores, and assuming known exercise types. As
such, they do not apply to the working environment demanding
spatial relationships between the user and object, and their cor-
rective feedback can feel like a black box to safety engineers who
must justify interventions. Safety-aware recommender systems for
ergonomics and posture work environments remain an important
but novel application area.

Ergonomics, pose detection, and lifting-risk assessment.
In parallel, the ergonomics community has pursued vision-based
lifting-risk assessment under formal frameworks like the Revised
NIOSH Lifting Equation, adherent to international standards for
working environments. Early work by Wang et al. [30] employed
wearable markers and biomechanical calculations to estimate lifting
risks. Later studies relied on multiple camera placements, focusing
either on classifying safe and unsafe lifts [35], or on estimating the
force and moment at the lumbosacral joint [19]. In [35], data are
processed using an existing human pose estimator [5], an optical
flow estimator [18], and facial expression recognition [1]; while in
[19] one of the first studies utilizing an ad hoc solution, training
a human pose estimator from scratch based on the hourglass net-
work architecture [21] is presented. More recently, Sabetta et al.
[24] leveraged a single sagittal-plane camera with MediaPipe [3]
and a fine-tuned object detector to semi-automate RNLE reporting
as a conceptual work—yet without validating distances, lift-phase
detection, real-time LI computation, end-to-end automation, or a
recommendation component.

Our contribution builds on the single-camera ambition of [24,
30], but removes wearables, uses freely placed monocular cam-
eras (e.g., a smartphone), and integrates open-vocabulary object
detection with state-of-the-art pose estimation to automatically de-
tect lift start/end via package velocity. We compute the full Lifting
Index (LI), expose each RNLE component in real time, and gen-
erate transparent, interpretable, standards-compliant textual and
graphical recommendations—delivering a modular, adaptable safety
recommender suited for real-world workplace deployment.

3 Methodology
3.1 Problem Formulation
Our system is a posture-based lifting risk analyzer and recom-
mender. Its primary objective is to estimate the LI, as defined by the
RNLE[31], directly from the subject’s posture 𝑃subj and to generate
posture corrections if the LI exceeds a safety threshold, as suggested
by ergonomics [13]. In our scenario, the LI can be expressed as:

𝐿𝐼 = 𝑓 (𝐻 (𝑃subj),𝑉 (𝑃subj), 𝐷 (𝑃subj))
where 𝐻 , 𝑉 , and 𝐷 represent horizontal reach, vertical height,
and vertical travel distance, respectively (Fig. 1). RNLE defines

Figure 1: Graphical representation of V and H values
(adapted from [31, p.536]).

LI as inversely proportional to the Recommended Weight Limit
(RWL). While the RNLE additionally accounts for asymmetry an-
gle (𝐴), frequency over duration (𝐹 ), and hand-to-object coupling
(𝐶) [31], the present study considers only the posture-dependent
parameters—𝐻 , 𝑉 , and 𝐷—together with the load constant (𝐿𝐶), a
posture-independent term that varies with age and sex [15].

To detect lifting events, we identify the start (𝐼𝑆 ) and end (𝐼𝐸 )
frames within a video frame sequence I = {𝐼1, . . . , 𝐼𝑁 } by analyz-
ing the object velocity𝑉obj (𝑡) = 𝑑𝑃obj (𝑡)/𝑑𝑡 . (𝐼𝑆 ) and (𝐼𝐸 ) are deter-
mined by detecting when 𝑉obj (𝑡) transitions from zero to nonzero
(lifting begins) and nonzero to zero (lifting ends). The term nonzero
is defined using a threshold value of 𝛾 .

From the posture data in these frames, we extract 𝐻 , 𝑉 , and 𝐷

to compute the LI. If the LI exceeds a safety threshold 𝜏 , the system
generates corrective feedback in visual 𝐺rec and textual 𝑇rec forms:

𝐺rec,𝑇rec =

{
𝑔(𝐻 (𝑃subj),𝑉 (𝑃subj), 𝐷 (𝑃subj), 𝑃subj), if 𝐿𝐼 > 𝜏

𝑃subj, otherwise
The function 𝑔 iteratively adjusts posture until 𝐿𝐼 ≤ 𝜏 .

3.2 Video Analysis
Our method offers a geometric and trigonometric solution for lift-
ing analysis, avoiding the complexity of ad hoc approaches seen in
related works. We use YOLOv8x-world [6] as object detector and
ViTPose [34] as human pose estimator. YOLOv8x-world supports
open-vocabulary detection, allowing to recognize boxes or packages
not included in standard object categories, enhancing generaliz-
ability without fine-tuning. ViTPose, a Vision Transformer-based
model, achieves state-of-the-art accuracy [10] and is highly scalable.

Frame by Frame Estimation.Accurate lifting parameter extraction re-
quires precise localization of both the subject and the object across
frames, even in occlusions, perspective distortions, and imperfect
detections. Our frame-by-frame estimation pipeline addresses these
challenges by combining object detection, human pose estimation,
and side selection strategies to compute the required ergonomic pa-
rameters. Each frame is processed using YOLO to detect the subject
and the package. If the subject is successfully detected, ViTPose is
applied to estimate body keypoints. To compute values 𝐻 , 𝑉 and
𝐷 , we use body landmarks extracted by the human pose estimator.
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Figure 2: Pipeline for ergonomic recommendation generation from video analysis. The system detects the original lifting
postures at the start (𝑃𝐼𝑆 ) and end (𝑃𝐼𝐸 ) of the movement, then generates corrected postures (𝑃𝐼𝑆 , 𝑃𝐼𝐸 ) if the Lifting Index exceeds
a threshold. The final visualization overlays the original and recommended postures to illustrate the suggested adjustments.

𝑉 (i.e., hand-to-floor distance) is calculated from the landmark cor-
responding to the small toe up to the hand root. 𝐻 is computed as
the distance between the hand root and the average position of the
ankles. 𝐷 is defined following [31], as the change in𝑉 between key
moments (𝐼𝑆 , 𝐼𝐸 ). All measurements, obtained in pixels, are then
converted into real-world units using a scaling factor derived from
the estimated height of the subject.

Detecting the Start and End of the Lift. To detect lift start and end, we
estimate the box velocity by computing the difference in position
between the current frame (𝑡 ) and the frame five steps earlier (𝑡 −5),
averaging over five frames to smooth noise. If the velocity exceeds
a threshold of 𝛾 = 0.3𝑐𝑚/𝑠𝑒𝑐 , the first and last frames exceeding 𝛾
are marked as the start and end of the lift (Fig. 2).

Averaging and Handling Missing Data. To handle missing or unreli-
able detections, distances from key frames are averaged with those
from neighboring frames. The hand distance is chosen based on the
leading side, and missing values are interpolated using the average
of the previous and next frames. If multiple consecutive frames are
missing, a wider temporal window is used for interpolation.

3.3 Recommendation Generation
Our system provides visual and textual lifting posture recommenda-
tions by adjusting key parameters to keep the LI below a threshold
𝜏 . To enhance interpretability and inspired by the visual feedback
method in [9], we complement the graphical feedback with textual

descriptions, making the recommendations easier to understand
for both experts and non-experts.

To generate recommendations, we gradually adjust the subject’s
hand position—the main driver of changes in the lifting equation—
until the LI drops below 𝜏 . Following Fox et al. [13]’s observation,
who highlight the absence of a universal LI threshold, we adopt
𝜏 = 0.7 for evaluation purposes, assuming a lifted load of 10 kg.
Our analysis focuses on the two key frames: the start and end of
the lifting movement. For each frame, the parameters 𝐻 , 𝑉 , and 𝐷
are examined to identify their impact on the overall LI, and proper
adjustments are recommended by applying horizontal, vertical, or
combined corrections to the hand position accordingly. To main-
tain anatomical consistency, surrounding keypoints are displaced
proportionally to the hand movement. Fig. 2 shows a full example
of this recommendation process, corresponding to the following
textual recommendation associated with that visual output:

1 Lifting Index Original Pose: 1.10;

2 Recommended Pose Lifting Index: 0.62;

3 At the start of the lifting: Move your hands at least 19cm closer

to your body. This adjustment will likely also move your

shoulders (8cm) and elbows (15cm) closer to your body. You

should actively shift your hips approximately 6-10cm in the

same direction.

4 At the end of the lifting: Move your hands at least 20cm up. This

adjustment will likely also move your shoulders (8cm) and

elbows (16cm) up. You should actively shift your hips

approximately 6-10cm in the same direction. This posture

change leads to a decrease in knee flexion of about 10.0◦.
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Table 1: Errors in the estimation of distances across environments and camera angles. Reported values (in cm) include vertical
(V), horizontal (H), and displacement (D) errors, computed from the positions of the box and the hands. Errors in RWL estimation
are reported using MAE and RMSE. The table also includes the number of subjects and videos analyzed in each environment
subset. Results are grouped by environment and camera angle (side, rear side), with combined rows aggregating both views.

Env Camera
Angle #Subjects #Videos Box Errors (cm) Hand Errors (cm) RWL Errors

V H D V H D MAE RMSE

1
Side 3 23 1.69 29.47 1.17 39.08 - - 7.27 7.60

Rear side 3 18 2.72 23.05 2.66 38.55 - - 5.76 6.63
Combined 3 41 2.14 26.36 1.82 38.85 - - 5.28 6.18

2
Side 2 8 1.00 15.62 6.12 17.50 - 18.50 0.00 0.00

Rear side 2 8 4.12 1.12 0.75 23.12 - 26.12 8.13 8.22
Combined 2 16 2.56 8.37 3.43 20.31 - 22.31 4.06 5.81

3
Side 8 37 1.40 9.29 1.59 48.43 - 58.76 1.22 1.43

Rear side 8 39 2.74 1.92 1.61 42.07 - 51.15 3.84 4.35
Combined 8 76 2.09 5.51 1.60 45.17 - 54.88 2.57 3.28

AVG - 13 133 2.16 12.37 1.89 40.23 - 47.10 3.73 4.87

4 Experimental Evaluation
To evaluate our system, we collected a dataset1 of lifting tasks per-
formed in three different environments: Env #1 a lab, Env #2 an
office, and Env #3 an aula (a classroom setting), with no constraints
on camera placement. The dataset includes 13 distinct subjects,
each performing two lifting actions: lifting a box from the ground
to a desk and vice-versa. For some subjects, multiple recordings
of the same action from the same camera angle are available, with
subtle variations between them. The camera angles used are: (1)
rear-side and (2) side views, which align with common setups in
related works [19, 24, 35]. Front and direct rear views were excluded
due to occlusion of the object or critical body parts.

Distance Estimation Error. According to ergonomics literature, the
ideal grip position during lifting is with the hands placed at the
lower center of the box. To reflect this, we annotated distances from
both the hand root and the box itself. Box-based annotations were
easier to measure reliably—especially when referencing fixed sur-
faces like the floor or desk—and more consistent across repetitions.

However, estimating distances from body parts like the midpoint
of the hand can introduce inaccuracies due to variation in grip
positioning across repetitions. In environments where hand root
distance data is missing, we only used the box-based measurements.
Note that some annotation noise was present in Env #1 and #2,
where measurements weren’t collected by the authors. For instance,
in Env #1, horizontal distance was measured from the front of the
feet instead of mid-ankles, introducing a systematic error of about
15–20 cm. We also evaluated RWL error impact on LI using MAE
and RMSE. Dataset details and results are in Table 1.

While MAE and RMSE are standard and interpretable metrics for
quantifying estimation errors, their application to RWL prediction
warrants careful interpretation [31]. Nonetheless, they remain valu-
able tools for highlighting the overall sensitivity of RWL to posture-
related errors and identifying which parameters contribute most to
variability. Among all posture-derived parameters, 𝐻 emerges as
the primary source of error. As shown in Table 1, estimation errors
in 𝐻 are the highest across environments, even in Env #3. This
matters because the Horizontal Multiplier (𝐻𝑀)—a multiplier in

RWL computed from the horizontal distance 𝐻—introduces a hard
threshold at 63 cm: when𝐻 exceeds this value,𝐻𝑀 drops from 0.40
to 0.00, causing the RWL to collapse to zero [31]. This binary behav-
ior inflates the error captured by MAE and RMSE, even for small
variations in𝐻 . Env #2 illustrates this phenomenon well. In the side
camera setup, all annotated RWL values are zero due to consistently
high 𝐻 , leading to zero error metrics—not necessarily indicating ac-
curate estimates, but rather consistent threshold-induced outcomes.
Conversely, in the rear-side setup (still in Env #2), small average
errors in 𝐻 lead to substantial RWL fluctuations when estimates
fall near the 𝐻𝑀 threshold, resulting in higher MAE and RMSE.

Expert Review of Recommendation. To assess the recommendation
quality and its practical relevance, we conducted a structured expert
evaluation with three professional ergonomists. Each ergonomist
independently examined eight video recordings—six involving lift-
ing postures with identifiable ergonomic risks. Four videos were
recorded in the lab (two with correct, two with deliberately flawed
posture), while the remaining were field recordings provided by the
ergonomists. For each video, ergonomists first viewed the output
of our tool with distance estimations, enabling them to manually
compute the LI and derive corrective actions as they typically do
for their clients. Only afterward, they reviewed and evaluated the
system-generated recommendations, by answering four questions
related to the recommendation quality, effectiveness, clarity and
appropriateness (Fig. 3a). After reviewing all videos at the end, they
answered five additional questions to assess the system’s overall
performance, focusing on adaptiveness, actionability, explanatory
power, real-world applicability, and ability to highlight posture is-
sues that are otherwise difficult to detect (Fig. 3b). The full list of
questions is available in the GitHub repository1.

Overall, recommendations were rated positively, with no score
below 3 out of 5 (Fig. 3a). Clarity was the highest-rated dimension
(AVG=4.3), indicating that the system’s corrective actions were clear
and easily understood by evaluators. Quality (AVG=3.9), effective-
ness (AVG=3.8), and appropriateness (AVG=3.7) received slightly
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(a) Per Video Evaluation

(b) Overall Evaluation

Figure 3: Recommendation Evaluation

lower but still favorable scores, suggesting that, while the recom-
mendations were generally perceived as helpful and suitable, there
is room for refinement to meet expectations more consistently.

In the system-level evaluation (Fig. 3b), adaptability, actionability,
and real-world applicability each received an average score of 3.7,
suggesting that ergonomists generally found the system flexible
for different postures, functional, and practical for real-world use.
The explanatory dimension received the lowest average score (3.3),
indicating that although the system’s outputs were clear, more
detailed explanations of why the subject posture was risky and
how the recommendation helps mitigate injury risk. The highest
score (4.0) was for the system’s ability to highlight posture issues,
affirming the system’s strength in identifying ergonomic risks that
may be otherwise overlooked.
Limitations. Expert review confirmed that the recommendations
are actionable, but larger-scale field studies are still required to eval-
uate and validate the proposed system further. The system uses an
object detector not trained for typical packages—side-viewed boxes
may appear flat—leading to missed detections and then inaccurate
hand distance estimates. Fine-tuning could improve accuracy but
may reduce generalizability. To comply with current ergonomic
practices, the recommendation engine currently uses a fixed, rule-
based approach that lacks environmental awareness (e.g., using a
stand). Future work will explore integrating environmental context,
leveraging visual cues for more adaptive, context-aware feedback.

5 Impact Statement
This work enables automated, interpretable lifting posture recom-
mendations from video, helping reduce musculoskeletal injury risk
in occupational settings. By providing both visual and textual feed-
back grounded in ergonomic principles and standards, the system

supports safer lifting behavior. Our method introduces a sensor-
free approach to ergonomic risk assessment without requiring any
specialized hardware that is non-intrusive and applicable across
diverse real-world settings. Its passive, smartphone-based, and scal-
able nature makes it well-suited for workplace training, health
assessments, and long-term monitoring in logistics, manufacturing,
and warehouse environments. However, overreliance on automated
feedback poses risks. The system lacks full environmental and con-
textual awareness e.g., space constraints, urgency, or worker fatigue.
As such, it should be used to complement, not replace, professional
ergonomist evaluations. Its interpretability and ease of use help
make feedback more accessible to both experts and non-experts,
supporting more informed and safer workplace practices.

6 Conclusions
We presented the first vision-only, safety-aware recommendation
system for lifting posture assessment and correction. Using pose
estimation and open-vocabulary object detection, our system com-
putes RNLE parameters with centimeter-level accuracy and pro-
vides interpretable feedback when the Lifting Index exceeds a con-
figurable threshold. We evaluated our approach on 133 lifting se-
quences across three environments, demonstrating low distance
estimation error and positive expert feedback on the clarity and
usefulness of the recommendations. These results establish a strong
proof of concept and open the door to future integration in real-
world occupational safety workflows.
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